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Abstract


In the last decade, sub-Saharan African countries have taken various measures to plan for and adapt to floods in order to reduce exposure and its impacts on human health, livelihoods, and infrastructure. Measuring the effects of such initiatives on social resilience is challenging as it requires to combine multiple variables and indicators that embrace thematic, spatial, and temporal dimensions inherent to the resilience thinking and concept. In this research, we apply a subjective resilience indicator framework and a before-after-control-intervention (BACI) evaluation to empirically measure the impacts of the “Live with Water” (LWW) project on suburban households in Dakar, Senegal. Our framework is based on an empirically measurable resilience index that combines anticipatory, adaptive, and absorptive capacity—considered as structural dimensions—with the concept of transformative capacity—considered as a temporal reconfiguration of the first three dimensions. Our finding let us estimate that the project increased the absorptive and the anticipatory capacities by 10.6% and 4.6%, respectively. However, adaptive capacity remained unchanged. This may be explained by the fact that the project was more successful in building drainage and physical infrastructures, rather than improving multi-level organizations and strategies to cope with existing flood events. Decoupling implementation time between physical infrastructures and longer term institutional and livelihood based support could both improve projects’ results and their evaluations.
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1. Introduction


Flooding remains a major hazard accounting for 900,000 people affected in West Africa every year and more than 2 million in the whole continent (Emdat database 2018) (http://emdat.be/emdat_db/). This is especially the case in urban areas where the concentration of population and infrastructure implies higher flood exposure. Rapid rural to urban migration and extreme climate variability are key factors driving the rise in flood disasters in sub-Saharan African cities [1,2,3]. For example, in 2008 and 2012 floods affected respectively 264,000 and 163,000 families in Senegal damaging numerous schools, health centers, and other infrastructures (Emdat database 2018). The destruction of neighborhoods entails population displacement, relocation, and social-disruption [4,5]. Flooding also has critical consequences on health by compromising access to sanitation, safe drinking water, and health care [5,6,7]. Poor urban planning as well as poor living conditions are exacerbating urban dwellers’ vulnerability to flood [8,9,10]. Hence, helping people to become more resilient to flood disaster in the context of environmental change and migration is urgent [9,11]. While large-scale drainage infrastructures are important measures to be taken, they remain insufficient in the context of sub-Saharan developing countries [12]. In response to this urgent need, some novel initiative of participatory or integrated flood management have been initiated in sub-Saharan Africa [11,13]. These initiatives focus on different domains such as multi-level flood management and governance, urban restructuration, drainage, sanitation infrastructures, improved urban planning, and environmental education.



A key challenge for research is to understand the long-term effects of such initiatives on flood resilience of vulnerable urban dwellers in order to improve the effectiveness and efficiency of future interventions. Current literature on urban flood has largely focused on understanding the main drivers of vulnerability such as inadequate urban planning, uncontrolled migration and extreme climate variability [8,10]. However, very little research has analyzed the social-ecological outcomes of flood adaptation programs supporting urban dwellers’ resilience. Knowledge gained through the assessment of flood resilience can provide insights on the effectiveness of the different project activities and inform further interventions in this field. This paper aims to assess to what extent the Live with Water (LWW) project, which was implemented as part of the Building Resilience and Adaptation to Climate Extremes and Disasters (BRACED) (http://www.braced.org/) program, improved the resilience of vulnerable populations in Dakar suburbs, Senegal.



1.1. The BRACED-Live with Water Project


The research presented was implemented in the context of the LWW project launched in 2013 under the BRACED program funded by the British Department for International Development (DFID). The overarching objective of the project was to improve the flood resilience of vulnerable households located in 10 municipalities of Dakar, Senegal (Figure 1). The program included four categories of interventions: (a) implementation of drainage infrastructure for a total cost of US$ 2.5 million to reduce households’ exposure to flood, along with improving mobility, living conditions and health protection; (b) organizational and logistical support to local waste management, including waste collection and recycling; (c) incentivizing income generating activities through urban gardening and waste recycling; (d) support to community organization and contingency planning to organize flood relief and the sustainable management of drainage infrastructure. After the initial project planning and preparation phase, the implementation of the different interventions took place from October 2016 to December 2017.




1.2. Measuring Subjective Social Resilience


Classical approaches to flood “resistance” are increasingly giving place to flood policies with a perspective of achieving “resilience” [14]. Building flood resilience requires strengthening the ability of individuals, households, communities and governments, and non-government stakeholders to anticipate, absorb, and adapt to flood disaster [15]. Measuring the effects of national or international programs supporting social resilience is a theoretical and practical challenge for environmental and development research [16]. In general terms, resilience refers to the magnitude of disturbance that a social-ecological system can tolerate before to move to a different state [17]. Multiple frameworks have been proposed to capture the core dimensions of social resilience and convert them into observable indicators [18,19,20,21]. Social resilience was defined as the adaptive and learning capacity of individuals, groups, and institutions to self-organize and to maintains social system function in response to a disturbance [18]. It also includes the capacity to resist and absorb disturbance by mobilizing enough resources. Several challenges persist in finding appropriate measurement of resilience, such as the difficulty to collect precise indicators in the multiple dimensions required by a resilience analysis and the difficulty to make the findings comparable from a dimension to another due to the difference of units and benchmarks criteria [20]. Furthermore, resilience cannot be analyzed from a static perspective as per definition it is an “adaptive cycle”, a process that is only measurable through time [17]. In our view, operationalizing research on social resilience benefits from considering three types of methodological adjustments: (i) the measure of subjective resilience; (ii) the construction of a contextual framework of indicators; and (iii) the use of impact evaluation methods to get a precise measure of changes through time and space [22].



The first adjustment is facilitated by a shift from objective to subjective measurement. The idea of “subjective resilience” [23] starts from the evidence that collecting precise and objective measurements in multiple domains or dimensions—such as health, income, or governance aspects—as part of a general concept of resilience is challenging due to recall bias of respondents and often inadequate databases, especially in developing countries. An approach to subjective resilience is based on the assumption that the directly affected populations are particularly suitable to provide information about their own perception of resilience. As it is difficult to get precise measurement from interviews (e.g., exact family income and flood risk estimates), especially in areas with low literacy rates, it is necessary to build indexes using ranking or attitude scales. Detailed methodologies have been already proposed to collect data on subjective resilience [23,24].



The second adjustment starts from the principle that there is no single ‘right’ framework to assess resilience but multiple approaches that need to be contextualized and adapted to the purpose, the scope and the resources of the planned research. In the context of climate change mitigation and adaptation program, the BRACED “3As and T” framework [25] proposes the following four core dimensions of resilience that can be then adapted to context specific indicators: (1) ‘Anticipatory capacity’ is the capacity of a social system to anticipate an extreme event or a shock by preparedness, planning, information sharing and collective action. (2) ‘Absorptive capacity’ is the capacity to resist an extreme event or a shock through the mobilization of sufficient resources to create a safety buffer. (3) ‘Adaptive capacity’ is the capacity to respond to an extreme event or a shock by changing the way the social system is functioning in normal time and find alternative solutions to cope with the situation. (4) ‘Transformative capacity’ is a time framed dimension of ‘unintended’ or ‘deliberate’ change embracing the first three dimensions toward a general improvement of resilience. Table 1 provides an example of context specific indicators fitting with the “3As and T” core dimensions used in the present research.



The third adjustment explores the possibility to use impact evaluation methods to measure the amount of change in resilience that are due to a given intervention (i.e., policy, infrastructures, income generating activities). Robust impact assessment methods are increasingly being used in environmental and conservation research [26,27,28,29]. Also called ‘before-after-control-intervention’ (BACI), these methods combine at least one baseline study with a follow-up in a treatment area (the area where the outcomes of an intervention are expected) and a control area (the area without the intervention) to capture the counterfactual scenario (what would have happened without the intervention) [30,31]. The resulting ‘difference-in-differences’ is the estimated treatment effect of the intervention on the targeted group [32]. It calculates the amount of change through time and space that can be directly attributed to the intervention and can, in this way, be a measure of the outcomes of this intervention in terms of resilience.





2. Materials and Methods


2.1. Measure of Impact


The research results from a transdisciplinary process [33] involving several universities in Switzerland and Senegal, NGOs, civil engineers, and field facilitators carried out from October 2016 to December 2017. Each partners contributed to define research objectives and provided inputs and information to the core research team. Although overall research included various qualitative and quantitative tools. In the present paper, we only present the results related to the quantitative impacts on resilience mainly based on a household survey. We adopted a BACI method [34,35] (Figure 2) to measure the impact of the LWW intervention on the resilience of the targeted population living in 10 communes located in the Eastern area of Dakar (suburbs) (Figure 1). To support the data collection process, a GIS database was set up including information about the project intervention, the limit of the quartiers and a map of flood risk exposure inspired from a methodology used in similar context [36]. The following parts describe in more details each steps of the research.




2.2. Data Preparation and Collection


2.2.1. Preparation of the Intervention


As part of a research/action project the research methodology was coordinated with the LWW project activities. From January to April 2017, an engineer consulting team mandated by the project created a risk exposure map (REM) to provide detailed information about flood risks according to four levels: null (0 cm of water), low (1–50 cm), medium (50–100 cm), and high (+1 m) (Figure 3). The REM was calculated using the Caesar-Lisflood model [37] using (i) a corrected digital terrain model of 5m spatial resolution, (ii) watershed and water collector areas from the current drainage infrastructure plan of Dakar city, and (iii) a theoretical maximal rainfall intensity event of 110 mm in 24 h as input data estimated from Dakar’s meteorological information (Senegalese National Agency of Civil Aviation (ANACIM) (http://www.anacim.sn/meteorologie/)). According to the obtained REM, the engineer consulting team together with their partners in Senegal identified in the field 114 potential intervention areas (PIA). PIAs were based on a multicriteria analysis taking into account the relevance, feasibility, durability, and cost of each specific intervention. On those PIAs a total of 42 were selected to be treated with the application of the four categories of interventions of the LWW project (described under 1.1) according to available budget, relevance and other feasibility criteria. The remaining points (72 without intervention) were considered as control points. The latter were defined as areas where the population is subject to a similar level of exposure as for the treatment population, according to the REM. To establish the limits around each PIA in both control and treatment, an expert technician manually drew an area considered as the PIA including several houses, communication channels and other public spaces based on his contextual knowledge using a geographical information systems technology.



A population estimation was established from the population density in the area and the total surface of PIA, using data from the Senegalese national statistics agency. In April and May 2017, we carried out a census survey to identify the households located inside PIAs. Using the GeoODK software, 10 survey teams consisting of five numerators and one supervisor each performed a preliminary census with heads of concession (including several households) to get the precise number of households, their contact information and the GPS points of the concession in which they are located. This helped to avoid selection bias in the field (i.e., the numerator only interviewing the people available at the moment of the visit).




2.2.2. Sampling


A stratified sample procedure was adopted. The total number of households living in the PIAs were 8798 according to the census. Our budget allowed for surveying up to 3000 households in each of the baseline and follow-up campaign. Using the Qgis software, we overlapped the layer of the REM with the georeferenced points of all households’ locations in the PIA (Figure 3). Only 10% of the households were located in the high and medium exposure areas. The rest of the population was located in the low and null areas. To make sure we covered the most impacted population, we selected all the households located in the high and medium exposed areas and randomly selected 30% of the households located in the low and null areas in both control and treatment areas. During the data collection process most of the households identified in the census could be found in the field leading to the surveyed sample presented in Table 2 below.




2.2.3. Survey Data Collection


We conducted one baseline (N = 2911) and one follow-up survey (N = 2625) on two subsample of households distributed across a treatment and a control population. Due to time constraints (only 14 months including both the intervention and the impact evaluation), we conducted the baseline in June–July 2017 during the implementation of part of the intervention but before the rainy season was started (July–September 2017). Most survey questions in the baseline were retrospectively asked about the previous rainy season (July–September 2016). Our follow-up took place soon after the rainy season (in November–December 2017) just before the formal end of the project (31 December 2017) enabling us to measure the effect of the intervention directly after a flood period. We are aware that the long recall period between the baseline data and the previous flood is a limitation to the present impact evaluation. However, respondents seemed comfortable to respond to our questions and to remember their situation eight months before our baseline survey. A team of 50 numerators, 10 field coordinators, and 5 data controllers worked during both campaigns. Surveys were collected using the ODK application for Android. It took approximatively 1.5 h/household to implement. Apart from the resilience specific indicators used in this paper, it covered several related topics such as health and sanitation, costs of flood damages, waste management, education, and incomes. The survey was completely anonymized and responded to the ethical clearance criteria of the national ethical committee for health research in Senegal (ethical clearance no. 00000078 MSAS/DPRS/CNERS).





2.3. Data Analysis: Outcome Indicators of Resilience and ‘Difference-in-Differences’ Estimators in Semi-Experimental Design


2.3.1. The Flood Exposure Index


From our empirical data we calculated a flood exposure index which is a measure of the level of severity in flood experienced by respondents during a given rainy season. This index, based on respondents’ perceptions, combines different measures of flood intensity.



Flood exposure index (FEI) is given by the following formula


   F E I = F i + F h + F s ,   



(1)




where Fi is the perceived level of severity of the flood experienced by the respondent in general during the previous rainy season (from 0 to 4); Fh is the perceived level of severity of the flood having directly affected the house of the respondent (from 0 to 5); Fs is the perceived level of flood severity in the streets surrounding respondents’ house (from 0 to 7).




2.3.2. “3As” Indexes


Our measure of social resilience is given by the combination of three sets of variables, each given by a different index of respectively: anticipatory capacity, absorptive capacity, and adaptation capacity.



Each of the “3As” is calculated using the same formula but with different selected indicators


    A  1 , 2 , 3   =  S  1 +   +  S 2  +  S 3  + … +  S n  ,   



(2)




where     A  1 , 2 , 3      represent each of the anticipatory, adaptive, and absorptive capacity indexes and S1, 2, 3, n represent the selected indicators 1, 2, 3, n, presented in Table 1. Each selected indicator was binary coded (yes/no). Adaptation capacity was only calculated for those households having responded yes to the question “Were you affected by flood during the last rainy season?”. All the indexes (from 0 to 7, 8, or 9) were reported to a 100% basis to facilitate comparability between each other.




2.3.3. Difference-in-Differences


For each of the outcome variable, we calculated the difference-in-differences (DID). Equation (3) illustrates the DID estimator and describes how DID can be calculated according to an established methodology [31]. Y is the outcome variable, subscript 0 and 1 mean pre- and post-treatment level; subscript t and c mean treatment or control units of observation. E is the expectations operator representing the treatment effect across all treatment and control units. The estimator is conditional on other variable (X).




   D I D =  [  E [  Y  1 t     |   X ]  ]  −    [  E [  Y  1 c     |   X  ]  ] −  [  E [  Y  0 t     |   X ]  ]  −    [  E [  Y  0 c     |   X  ]  ]   



(3)





We estimate conditional DIDs using linear regression and the following equation from Puhani [38]




    Y i  = α + β  T i  + γ  t i    + δ (  T i  .  t i  ) +  ε i    



(4)





    Y i     is the outcome variable for household i corresponding to each of the 3As index.     T i     is the treatment variable (    T i      = 1 if i received the treatment and     T i     = 0 if i did not received the treatment),     t i     is an indicator of period (    t i      = 1 if it is the post-treatment period and     t i     = 0 if it is a pre-treatment period).   α   represents the regression constant. The coefficient   δ   is the estimator for our treatment effect (T-effect): the difference between the differences in the treatment group after the intervention and the difference in the control group over the same period.   β   and   γ   are respectively the coefficients of the indicator treatment and period variables.     ε i     is the error term.



We also calculated DID for each of the 24 binary selected indicator variables by subtracting the proportion of households experiencing changes in the treatment with the one experiencing changes in the control. A Chi-square test was performed across treatment and control results to see if the changes were significantly different.






3. Results


3.1. Detailed Changes in Households’ Selected Indicators of Subjective Flood Resilience


The proportion of change in the difference-in-differences for each selected indicator of subjective flood resilience is presented in Figure 4 below. The results show a generally positive tendency although not statistically significant for the larger part of the selected indicators. Only 8 of the 24 variables of resilience present a significant increase and one a significant and high decrease.



Within the anticipatory capacity indicator, the variables related to information access about flood show a clear and significant increase and may be attributed to the LWW project’s effort to disseminate information through its broad media campaign. However, no clear and significant improvement can be observed in households’ knowledge on how to behave to help their family or their neighbors and to anticipate the risks related to flood due to the intervention.



Absorptive capacity selected indicators are by far the most positively impacted. Eighteen percent more households considered being able to maintain their mobility despite the rainy season in the area where LWW created drainage infrastructure (P-Chi < 0.001). Another 14.5% of households believed they could maintain their living conditions despite the rainy season (P-Chi < 0.001). Households perceiving their leisure time and health conditions were preserved have also increased more in the treatment than the control compared to previous rainy season in 2016.



Those generally positive results contrast with the indicators of adaptive capacity. Quite surprisingly, the treatment group experienced a reduction by 13.70% in the households’ capacity to create new incomes sources to compensate the material loss and other impacts caused by the flood (P-Chi = 0.013). No significant impact is also visible on the capacity of the households to receive external support from authorities or the community through collective action during a flood event. A positive but insignificant tendency appears in the capacity of the households to build physical constructions to protect from flood and to temporarily reduce their expenditure during a flood event.




3.2. Measuring Subjective Flood Resilience Using Each of the “3As” as a Composite Index


Looking at the composite “3As” indexes of flood resilience provides an overview of the magnitude of change in households’ resilience. The bar chart in Figure 5 presents the distribution of households in each class of relative improvement or decrease for the treatment and the control. Absorptive capacity is the most normally distributed with a proportionally similar number of people presenting a reduced and increased index. The general shift of blue bars from the left to the right of the distribution represents the amount of positive change supposedly due to the intervention.



This tendency is confirmed in Table 3 below presenting the outputs of the multiple regressions where the outcomes variables are the flood exposure index as well as the three resilience indexes (3As) generated by Equation (4) exposed in the methods part.



The flood exposure index shows in more general terms how each household was physically affected by flood. This indicator presents a tendency of statistically significant decrease (−4.5%) in flood exposure due to the intervention. Absorptive capacity is the most positively impacted with an expected increase of a bit more than 10% (   δ     = 10.6). Anticipatory capacity shows a lower similar positive tendency (   δ =   4.6%), while change in adaptive capacity remains non-significant.





4. Discussion


Our research attempted to present an overview of the impacts of the “Live with Water” approach to flood management [39], which incentivizes local stakeholders to treat water as a resource instead of a threat [40] by creating income generating activities and support local flood management. Although the BRACED-LWW project was implemented in a very short period of time (a total of approximately 14 months), some significant impacts could already be observed on urban flood resilience. By physically protecting households from floodwater, the drainage infrastructures led to a clear reduction of households’ flood exposure entailing an improvement of their resilience. These changes were most particularly visible on households’ absorptive capacity, with improvements in housing infrastructure, health conditions, living conditions, mobility, and leisure periods. The LWW project has also had a visible influence on producing and diffusing information about flood risks and about the measures to be taken in order to anticipate disaster, with the dissemination of information through TV and newspapers being the most important components for improving anticipatory capacity at households’ level. These results clearly emphasize the importance of addressing smaller flood events in complement to other large scale and primary drainage infrastructures [14].



However, some limitations of the approach clearly appear through the analysis of people’s anticipatory and adaptive capacities. Except for better access to information, most people did not feel that they were able to anticipate flood risk adequately by knowing how to behave to help their family or other people in their neighborhoods. Other experiences have shown that local competences in flood preparedness can be reached through adequate and regular training support [11,41]. Due to time constraints, training was only provided to the local committee coordinators in the LWW project. Furthermore, the absence of impact on adaptive capacity is potentially due to the very short recall period and the large time spans usually needed for adaptation changes to be well rooted in local collective action [14,15]. This result could also be due to the unachieved implementation of the contingency plans and other organizational support at the level of the 30 zonal committees set up at the time of the experiment. Contingency plan implementation is a long-term process as for its participatory and multi-level dimensions. Although those accompanying measures were considered as the added value of the LWW program, a delay in starting their elaboration and the difficulty to find consensus among the involved stakeholders have considerably undermined their adoption and implementation prior to the end of the project. The relatively short time spans of development interventions is a recurrent challenge for project-based interventions and particularly affects developing countries who rely on external funding to implement these projects [42].



As a matter of fact, in other sub-Saharan countries, our results suggest the project-based interventions such as the LWW program tend to put more emphasis on short-term impacts on absorptive capacity aspects, while adaptive and anticipatory capacity components require longer-term approaches to be consolidated [11,22,43]. This explains why their effects are difficult to appreciate in the longer term, especially because monitoring of impacts usually end with the interventions themselves in such international program. Accompanying measures to support local organizations in supporting the follow-up of contingency plans and local livelihood-based activities such as waste recycling and urban greening are required at least one year after the end of each project intervention. This would have considerably facilitated the local appropriation of the innovations brought by the LWW project and would have also certainly influenced the results of our study.



From a theoretical and methodological point of view, our approach combining subjective resilience with a robust BACI method enabled a multi-dimensional measurement through time and space, and represents in our view a good tool for the evaluation of flood resilience and adaptation programs. By using subjective indexes estimated by the households’ respondents themselves, compared to external measurements, it has become possible to cover a broader set of indicators contributing to a more holistic appreciation of resilience [23,24]. Our experience also highlighted the importance of using robust BACI methods to take into account the temporal dimension of resilience often neglected by research based on a single data collection period [15,20]. The DID is particularly helpful to isolate external factors of change through time and space that are not due to the intervention by comparing the double difference instead of the simple change through time. As for example, in our case rainy seasons at baseline (2016) and follow-up (2017) presented a small decrease in rainfall intensity (275.31 mm and 252.76 mm, respectively, according to ANACIM). Without a control group, the improvement of absorptive capacity in 2017 could have been attributed to the meteorological drivers instead of the project intervention.



Ideally, a decoupling between impact monitoring tied to development interventions and ex-post monitoring to assess longer-term impacts would also be needed. Ex-post-monitoring should include at least two data collection events corresponding to short (1 year) and mid-term (1–5 years) effects of the project. In our case, the short recall period between the baseline and follow-up data collection does not give any indications on the long-term effects of the project and therefore, whether a deep institutional change is likely to take place or not in the longer term. Disaster reduction interventions are no exception [22].




5. Conclusions


In the example of the BRACED-LWW project, collaborative research combining the different academic and non-academic stakeholders has proven to be a powerful design, allowing a coordination of research and interventions activities, knowledge, and information exchanges and to provide a relevant interpretation of results that can potentially support a progressive improvement of resilience programs [39]. To continue in this line, the scientific evaluation of action-oriented flood resilience and adaptation programs can significantly improve their efficiency and accuracy by combining our three recommended adjustments: (i) the use of subjective resilience indexes instead of (or in complement to) precise socio-ecological measurements [23]; (ii) the use of a contextual indicator framework organized according to the three dimensions of resilience—anticipatory, absorptive, and adaptive core capacity [25]; and (iii) the use of a BACI methodological approach to take into account the spatial and temporal dimensions and isolate project’s or program’s specific impacts [30,31]. In addition, further research/action programs using panel data and semi-experimental impact evaluation methods should take into account that the temporality of development interventions must be decoupled from the temporality of social appropriation, adaptation, and systemic transformation, that are key components of resilience.
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Figure 1. Research and intervention areas. The figure shows the location of each of the 10 intervention municipalities within the Dakar suburbs where the “Live with Water” project was implemented. 
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Figure 2. A BACI methodological framework to evaluating flood resilience. 
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Figure 3. Illustration of the risk exposure map and its overlap with potentially impacted areas (PIAs). 
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Figure 4. Difference-in-differences for each of the selected indicators of resilience. The numbers show the proportion of additional increase (green) or decrease (red) in the treatment compared to the control group from the baseline to the follow-up. Results are given in % of households having responded positively to each question. For example, 12.3 under “protect their housing” means that in the treatment group, 12.3% more households have reported to be able to protect their housing against flood than in the control group compared to the baseline proportion. 
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Figure 5. Bar chart showing the distribution of households according to the proportion of difference-in-differences. Treatment bars are in blue and control one are in red. The unequal size of blue and red bars that are not overlapping in treatment and control show the difference-in-differences. 
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Table 1. “3As and T” framework of resilience adapted from Bahadur et al., 2015 [25]
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	Core Concepts of Resilience
	Research Definitions
	Selected Indicators (SI)





	Anticipatory capacity
	The capacity of a social system to anticipate an extreme event or a shock by preparedness, planning, information sharing, and collective action.
	1. Informed decision; 2. know how to help family; 3. know how to help neighbors; 4. capacity to anticipate risk; 5. information through radio; 6. information through TV; 7. information through newspaper; 8. training on flood relief; 9. strong organization to prevent flood event.



	Absorptive capacity
	The capacity to resist from an extreme event or a shock through the mobilization of sufficient resources to create a safety buffer. It can be measured in terms of different capitals (human, social, financial, physical, natural).
	1. Protect income level; 2. protect income sources; 3. protect housing; 4. protect health; 5. maintain living conditions, 6. maintain mobility; 7. maintain leisure time.



	Adaptive capacity
	The capacity to respond adequately to an extreme event or a shock by changing the way the social system is usually functioning and finding alternative solutions.
	1. Move temporary; 2. use savings; 3. create additional income activities; 4. receive external financial support; 5. reduce expenditure; 6. build physical constructions; 7. receive community support; 8. receive support from authorities.



	Transformative capacity
	A time framed dimension of ‘unintended’ or ‘deliberate’ change embracing the first three dimensions (Absorptive, Anticipatory, Adaptive) toward a general improvement of resilience.
	Transformative capacity is measured from the combination of absorptive, anticipatory, and adaptive capacities.










 





Table 2. Survey sample distribution according to the level of flood risks
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Baseline (June–July2017)

	
Follow-up (November–December 2017)




	
Risk Levels

	
Control

	
Treat.

	
Total

	
%Census

	
Control

	
Treat.

	
Total

	
%Census






	
High

	
68

	
39

	
102

	
87.2

	
60

	
32

	
92

	
78.6




	
Medium

	
359

	
181

	
540

	
89.1

	
334

	
167

	
501

	
82.7




	
Low

	
894

	
1230

	
2124

	
28.5

	
799

	
1101

	
1900

	
25.6




	
Null

	
65

	
80

	
145

	
28.2

	
59

	
73

	
132

	
25.7




	
Total

	
1381

	
1530

	
2911

	

	
1252

	
1373

	
2625

	











 





Table 3. Treatment effect on the flood exposure index and the three dimensions of resilience synthetic variables.
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	Valid N (Treat.)
	Valid N (Contr.)
	Intercept 1
	   δ    (T-Effect) 2
	Sig. Lev
	St. Error
	t-Val.
	p-Val.





	FEI
	1386
	1256
	26.08
	−4.54
	***
	1.23
	−3.68
	0.000



	Anticipatory C.
	1386
	1256
	35.47
	4.61
	**
	1.36
	3.40
	0.001



	Absorptive C.
	1386
	1256
	54.18
	10.61
	***
	1.79
	5.93
	0.000



	Adaptive C.
	381
	436
	28.51
	−0.70
	
	2.03
	−0.35
	0.730







***, ** Significant at p < 0.001, p < 0.01. 1 Maximum score predicted in the reference scenario (baseline, control); 2 coefficient of the treatment effect (follow-up, treatment) representing the proportion of change supposedly due to the intervention (Intercept and T-effect are expressed in percent of the maximum score). For example, the result shows that without the intervention we could have expected that the average absorptive capacity of the households in the treatment area would be 54.18% when in reality it is 64.79% due to the intervention (+10.61%).
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