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Abstract 

The Community Rating System (CRS) was introduced to encourage flood mitigation and 

increase participation in the National Flood Insurance Program (NFIP).  In exchange for 

undertaking community-level mitigation activities, community residents earn discounts on their 

flood insurance policies.  Little is known, however, about the relative role of specific mitigation 

activities on NFIP participation (i.e., policies-in-force) and damage claims.  Using community-

level panel data on policies-in-force, flood insured damage claims and CRS mitigation activities 

for the period (1998-2013) for the states of Alabama and Mississippi, we examine the effect of 

individual mitigation activities on both NFIP policies-in-force and damage claims across 

communities.  We also estimate the average effect of community’s participation in the CRS 

program on NFIP policies-in-force and insured damage claims. We do so while controlling for 

key geospatial and demographic characteristics.  Results are expected to provide guidance in 

terms of which CRS mitigation activities have the greatest impact on improving NFIP 

participation and damage reduction.  

Keywords: flood insurance; CRS mitigation activities; geospatial characteristics; propensity 

score matching; difference-in-differences 

 

1. INTRODUCTION 

The National Flood Insurance Program (NFIP) which was created in 1968 was to provide 

assistance to communities and homeowners by identifying risk, managing floodplains, and 

providing residents with affordable flood insurance (Brody et al. 2013).  Homeowners receive 

affordable flood insurance if their communities are participating in the NFIP.  Communities’ 

participation in the NFIP implies undertaking some standard flood mitigation activities to 

include, the enforcement of building and zoning ordinances (FEMA 2013).  The program over 

the years has seen several reforms aimed at increasing NFIP participation as well as reducing 

insured damage claims should a flood event occur.  One of these reforms was the introduction of 

the Community Rating System (CRS) program in 1990 which aims to encourage local hazard 

mitigation activities (Petrolia, Landry and Coble 2013).  Under the CRS program, there are 19 

credit-generating flood mitigation activities organized under four general categories called 

“series”.  Series 300 activities are related to providing information to community residents and 

promoting flood insurance, series 400 activities focus on maps and regulation, series 500 

activities are related to damage reduction, and series 600 activities focus on warnings and 

response (FEMA 2013).  An NFIP-participating community can undertake none, some, or all of 

these CRS activities and earn credit according to the degree to which each activity is undertaken.  

These credits are then aggregated into an overall CRS class for that community.  Based on the 

class, residents (i.e., individual property owners) in that community earn a specific-percentage 

discount on individual flood policy premia.  The incentive here is that the higher the CRS score 

earned, the higher the premium discount and subsequently, the lower the flood insurance 

premiums paid by community residents.     

        

1  
There are no discounts for NFIP policies in flood zones B, C and X (normally called Preferred 

Risk Policies) (FEMA 2016). 
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Despite the reward that accrues to participating communities and their residents, the CRS 

program has suffered from low participation since its inception (Landry and Li, 2012).  Of the 

over 22,000 NFIP communities, only 5% of these communities are participating in the CRS 

program (FEMA 2016).  Studies (Brody et al. 2009; Landry and Li 2012; Sadiq and Noonan 

2015), that have researched the likelihood of a community to participate in the CRS program 

have shown that characteristics spanning from hydrology of the community to socio-economics 

of the community’s residents may influence communities’ participation in the CRS program.  

Having said this, statistics from the Federal Emergency Management (FEMA), 2016, shows that 

out of the total 5,583461 NFIP policies-in-force in the US, 3,779513 (67.69%) are in CRS 

participating communities.  Thus, although few NFIP communities are participating in the CRS 

program, quite a significant number of NFIP policies-in-force are in CRS participating 

communities.  Zahran et al. 2009, has shown, using Florida county-level data on NFIP policies-

in-force and overall CRS scores for the periods 1999-2005 that there is a positive relationship 

between county’s overall CRS scores and NFIP policies-in-force.  Having said this, it is still not 

clear, how participation in the CRS program and how the specific mitigation activities under the 

CRS program explains NFIP policies-in-force and insured damage claims.     

 Other previous research (Highfield and Brody 2013) focused on the effect of specific 

CRS mitigation activities on insured damage claims of some selected CRS participating 

communities in the US using a 1999-2009 panel data.  Michel-Kerjan and Kousky 2010 has also 

researched on the effect of county’s CRS ratings on the magnitude of claims in Florida and 

Texas.  Similarly, Brody et al. 2007, have looked at how county’s overall CRS scores explains 

flood property damages in Texas respectively.  However, these studies have not looked 

specifically at (a) the average effect of the program on CRS participating communities’ NFIP 

policies-in-force and insured damage claims, (b) the relative role of the specific CRS mitigation 

activities in explaining NFIP policies-in-force.       

 In this present research, we estimate the average effect of the CRS program on the ratio 

of NFIP policies-in-force and the ratio of insured damage claims of CRS participating 

communities’ by first employing the concept of propensity-score matching and a difference-in-

differences (DID) estimation approach.  By propensity-score matching, we seek to find from a 

pool of non-CRS communities, communities that have similar characteristics (at least in terms of 

geospatial characteristics) as that of CRS participating communities based on estimated 

propensity-scores (i.e., the likelihood that an NFIP community participate in the CRS program 

conditioned on the community’s characteristics).  Thus the non-CRS communities serve as 

counterfactual (Heckman, Ichimura and Todd (1998); Yasar and Rejesus (2005); Girman, 

Greenaway (2004), and Wagner (2002)).  From the matched sample (CRS participating and non-

participating communities), we then estimate the average effect of the CRS program using a DID 

econometric framework.  This approach provide the bases for understanding how much on the 

average the program has improved NFIP policies-in-force and also reduce damage claims.  Also, 

we estimate the effect of specific CRS activities on both the ratio of NFIP policies-in-force and 

the ratio of insured damage claims.  We do this while controlling for key geospatial and 

socioeconomic variables.         

 Thus, this current research builds on previous studies, especially, that of Zahran et al. 

(2000) and Highfield and Brody (2013) in the following ways.  First, we use a different method 

(i.e., propensity score matching and a DID estimation) in our research.  Secondly, unlike 

previous research, that have concentrated on Texas and Florida counties, we focus on NFIP 

communities in Alabama and Mississippi and also use a community-level panel data for the 
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periods 1998-2013.  Although Highfield and Brody (2013) examined the effect of specific CRS 

activities on insured damage claims using data on sampled CRS communities to include 

communities in Alabama and Mississippi, their study did not analyze the effect of specific CRS 

activities on NFIP policies-in-force.  Findings from this study will offer some guidance to flood 

plain managers, flood insurance marketers and community leaders as to the relative role of 

specific CRS mitigation in improving NFIP participation (policies-in-force), as well as reducing 

insured losses. This research will also inform us as to how local planning decisions are affecting 

communities’ flood resiliency.     

 

2. The National Flood Insurance Program (NFIP) 

 

Not until 1968, there was no flood insurance for flood victims.  Private insurance 

companies were unable to serve community residents with flood insurance policies partly 

because of adverse selection and also high cost of servicing claims should a major flood disaster 

occur.  Seeing the aftermath of Hurricane Betsy that took both lives and destroyed about 165,000 

homes, especially in Louisiana in September 1965, the government introduced the National 

Flood Insurance Program (NFIP) to provide flood insurance to flood victims.  This was made 

possible by the National Flood Insurance Act of 1968.  Prior to 1983, NFIP policies were sold by 

some selected insurance agents.  However, in 1983, through the Write-Your-own program, 

private insurance companies were given the authority (by the Federal Emergency Management 

Agency (FEMA)) to prepare and market flood insurance policies to NFIP community residents 

while the federal government oversees the settlement of all claims filed by NFIP policy holders 

(Michel-Kerjan and Kousky, 2010; Michel-Kerjan, 2010).   

The Flood Insurance Rate Map (FIRM) delineates areas of high flood risk.  These maps 

are made by the US Army Corps of Engineers.  Depending on the flood risk, different flood 

zones are determined which further helps to determine rates.   For communities whose 

development existed before the FIRM era (Pre-FIRM), property owners whose property are 

located in flood risk zones are spared from stricter NFIP building ordinances and are also eligible 

to receive subsidized flood insurance policies until the community settles in the program. 

However, stricter building ordinances, and actuarial flood insurance rates apply to new 

developments (Post-FIRM) (Kunreuther and White 1994; Adelle and Leichenko 2011).  The 

NFIP policies come in two forms, the actuarial policies and the discounted policies.  The former 

which constitutes about 78% of the entire NFIP policies-in-force is calculated using hydrology 

models. On the other hand, about a quarter of the entire policies rates subsidized on Pre-FIRM 

bases (Bin, Bishop and Kousky, 2012).  On the FIRM, flood zones are classified into two distinct 

zones, the Special Flood Hazard Area (SFHA) and the Non-Special Flood Hazard Area (Non-

SFHA).  Most A and V zones are SFHA and B, C, and X zones are non-SFHA (FEMA 2014).  

Flood insurance premiums vary across flood zones, but are individually adjusted for community 

residence depending on building characteristics such as elevation above base floor and the 

community’s involvement in flood mitigation activities.  

Before 1973, communities and their residents across flood zones until were not obliged to 

participate in the NFIP.  However, in 1972 when a major storm (Hurricane Agnes) it was clear 

that most community residents especially those in SFHA did not have flood insurance policies.  

This necessitated the implementation of a compulsory purchase of flood insurance policies for 
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properties financed by a federally backed mortgage lender.  The compulsory participation was 

enacted by the Flood Disaster Protecting Act in 1973 (Michel-Kerjan and Kousky 2010).  

 

 

3. The Community Rating System (CRS) program  

 

To participate in the CRS program, a community must first be a participant of the 

National Flood Insurance program (NFIP).   Flood mitigation activities may take a structural or 

nonstructural form.  Structural forms are heavily centered on large scale construction to include 

but not limited to seawalls and channels, while the nonstructural techniques addresses plans and 

policies such as land use planning tools, hazard insurance, education and training, emergency 

and recovery policies (Highfield and Broody, 2013).  Communities’ preferences for the two 

forms of flood mitigation activities has been shown to be a function of the cost involved in 

undertaking these activities.  For example, in Florida and Texas the concentration of flood 

mitigation activities is the nonstructural mitigation activities since it is less expensive to 

implement (Brody et al, 2009).  Activities under the CRS program is more skewed towards the 

nonstructural techniques of flood mitigation (Highfield and Broody, 2013).   

Presented in table 1, is a summary of the various activities under the CRS program. 

Depending on the degree to which CRS participating communities undertake CRS mitigation 

activities, communities are awarded points not exceeding the maximum point for each activity. 

There are 19 creditable flood mitigation activities under the CRS program (FEMA, 2013). 
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Table 1; Community Rating System (CRS) Activities and Credit Scores 

Series Creditable Activities Activity 

Number 

Maximum 

Activity points 

300: Public information 

Credit is given for local 

activities that advice 

residents on flood hazard, 

flood insurance and flood 

protection measures  

Elevation Certificates c310 116 

Map Information Service c320 90 

Outreach Projects c330 350 

Hazard disclosure c340 80 

Flood Protection Information c350 125 

Flood Protection Assistance c360 110 

Flood insurance Promotion c370 110 

 

400: Mapping and 

Regulations 

CRS awards credit to 

communities that enact and 

enforce regulations 

exceeding NFIP’s 

minimum standards so as 

to provide flood protection 

for new development 

 

Floodplain Mapping 

 

c410 

 

802 

Open Space Preservation c420 2020 

Higher Regulatory Standards c430 2042 

Flood Data Maintenance  c440 222 

Storm Water Management c450 755 

 

500: Flood Damage 

Reduction 

To complement series 400, 

activities for this series 

addresses flood damage to 

existing buildings  

 

Floodplain Management 

Planning 

 

c510 

 

622 

Acquisition and Relocation c520 2250 

Flood Protection c530 1600 

Drainage System Maintenance c540 570 

 

600: Warning and 

Response 

Activities under this series 

aim at reducing the effect 

of floods on people, 

property and building 

content 

 

Flood Warning and Response 

 

c610 

 

395 

Levee Safety c620 235 

Dam Safety c630 160 

       Source: NFIP CRS Coordinator’s Manual (2013)  

  Policy discounts range from 45% to 0% (no participation) in 5% increment for 

community residents located in Special Flood Hazard Areas (SFHA).  For residents in Non-

Special Flood Hazard Areas, policy discounts is 10% for community’s that earn credit points 

above 1999 and 5% for residents whose communities’ credit points is between 1999-999.  Thus, 

CRS premium discount varies across flood zones (i.e. Special Flood Hazard Areas (SFHAs) and 

Non-Special Flood Hazard Areas (NSFHAs)).  Community ratings (CRS class) ranges from 1 
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(highest participation) to 10 (no participation) in 500-point increments.  Details of the premium 

discount and CRS classes are presented in table 2.  

 

Table 2: CRS Credit Points Earned, Classification Awarded, and Premium Discounts 

Classes  Overall CRS points Discount (%) in 

SFHA 

Discount (%) in  

Non-SFHA 

1 4,500+ 45 10 

2 4,000 – 4,499 40 10 

3 3,500 – 3,999 35 10 

4 3,000 – 3,499 30 10 

5 2,500 – 2,999 25 10 

6 2,000 – 2,499 20 10 

7 1,500 – 1,999 15 5 

8 1,000 – 1,499 10 5 

9 500 – 999 5 5 

10           499 and below 0 0 

           Source: NFIP CRS Coordinator’s Manual (2013) 

4. Literature review 

Research on the performance of the CRS program on the number of NFIP policies in 

force is not dense in the literature.  For example, the only known study that has empirically 

examined the effect of CRS on the number of NFIP policies-in-force is the work of Zahran et al. 

(2009).  A county-level panel data for the periods 1999-2005 was used to analyze the effect of 

Florida counties’ overall CRS score on NFIP policies-in-force.  Controlling for demographic, 

hazard proximity and hazard experience variables, their results show that overall CRS score have 

a significant influence on the log of NFIP policies-in-force in Florida.  Control variables (i.e. 

median home value, college educated, floodplain, coastal county, flood frequency, and flood 

property damage) were also significant in explaining the number of policies-in-force.  

Relative to NFIP policies-in-force, quite a number of analyses have been conducted to 

investigate the effect of the CRS on flood damage claims.  For example, Michel-Kerjan and 

Kousky (2010) investigated how CRS rating explains the ratio of magnitude of claim value to as 

coverage purchased well as the ratio of claim value to property value.  Data for used in their 

analyses was a single-family NFIP claim payments in Florida for the period 2000-2006.  Their 

logit regression analysis showed a negative relationship between CRS class and both the ratio of 

claim value to coverage purchased, and the ratio of claim value to property value.  However, 

only class 5 CRS rating was statistically significant.  Control variables such as the number of 

floors a house has, building elevation, basement, and the location of the house (Special Flood 

Hazard Area/ Nonspecial Flood Hazard Area) were negative and significant in explaining the 

magnitude of damage claims.   

The only known research to investigate the effect of specific CRS mitigation activities on 

insured flood damage claims is the work of Highfield and Brody (2013).  From a sample of 450 

CRS participating communities across U.S., data on flood damage claims from 1999-2009 were 

analyzed while controlling for socioeconomic and environmental characteristics. In their study, 
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flood damage claims were classified under three headings: total damage claims for all flood 

zones, damage claims under flood zones A-V, and damage claims under flood zones B-C-X.  Of 

the variety of activities included in their three models (representing the three classifications of 

insured flood damage claims), only open space preservation (c420) was statistically significant 

and was negative.  In the model that classified insured flood damage claims under flood zone A-

V as the dependent variable, only flood protection activity (c530) was statistically significant and 

negative in explaining insured flood damage claims.  Control variables such as floodplain, soil 

permeability, precipitation, surge event, and population were also significant across the three 

models.  Highfield and Brody’s work, although focused on specific CRS mitigation activities, 

they did not investigate how specific CRS activities explain the number of NFIP policies-in-

force.  

In other related studies, Brody et al. (2007) estimated the effect of counties’ planning and 

development decisions on flood damage in Florida using data for the period 1997-2001.   

Planning and development decision variables included CRS ratings (classes 1-9), the number of 

dams, the square meters of impervious land surface in the county and wetland alteration, while 

controlling for spatial characteristics.  Their OLS regression model estimation shows a negative 

relationship between flood damage and CRS rating of counties.  The story was not very different 

from predicting flood damage in Texas.  However, this time, CRS rating (classes) was used as a 

control variable in the OLS estimation.  Improvement in mitigation activities as measured by the 

CRS class ratings (1-9) was found to reduce flood damage (Brody et al., 2007).  Thus, in terms 

of the CRS, these studies only focused on the effect of the CRS ratings on flood damages and 

claims. 

Thus, in the literature it is not known, the effect of specific CRS activities on NFIP 

policies-in-force. The literature also does not show the average effect of the CRS programs on 

CRS participating communities’ NFIP policies-in-force and insured flood damage claims as 

compared to non-CRS participating communities.  This research attempts to bridge this gap in 

the literature.  

 

 

5. Conceptual framework  

Under the National Flood Insurance Program (NFIP), individual households who have 

previously purchased flood insurance policies are eligible to file for damage claims should a 

flood damage event occur.  The literature (Petrolia, Landry and Coble 2013; Landry and Jahan-

Parvar 2011; Browne and Hoyt 2000) shows that the purchase of flood insurance policies and 

coverage level demanded by households is motivated by households’ risk preferences and 

perceptions, insurance prices, subjective or objective probability or flood risk, prior flood 

experience, wealth, and level of education.  Following Petrolia, Landry and Coble (2013), we 

assume that a household’s decision to purchase a flood insurance policy can be conceptualized 

on the bases of subjective expectation of utility.  We first assume that individual household i  in 

community j  have a subjective utility function for flood insurance, defined as 

  

ijU (P(CRS,FZ,H,B),ψ(G),S) .                                         (1) 
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Where, P , the insurance premium is a function of CRS activity score ( CRS ) and flood zone 

( FZ ), building characteristics ( B ), and H , some hydrology factors such as annual rainfall 

average.    represents the individual household’s subjective perception of flood risk. The 

subjective perception of flood risk is assumed to be a function of the geospatial setting ( G ) of 

the community where the household resides.  The variable S  is a proxy for the socioeconomic 

status of community residents which is assumed to influence household flood insurance take-up.  

Assuming the individual household (community resident) in each community j aims at 

maximizing his or her subjective expectation of utility for flood insurance, then the flood 

insurance take-up decision (take-up, V  or not-take-up, O ) may be stated as, 

 

         
V/O

ijEU (P(CRS,FZ,H,B),ψ(G),S) .           (2) 

 

The individual will choose to take-up a flood policy if ( ) ( )V O

i j ijEU EU   .  However, 

our data is aggregated at the community-level.  We therefore assume that if the individual 

household’s subjective expectation of utility for flood insurance is high then there will be a take-

up of flood insurance thereby adding to the total number of NFIP policies-in-force in that 

community and vice versa.  Thus, for each community, household’s decision to take-up (V) or 

not-take-up (O) flood insurance adds or reduces the number of NFIP policies-in-force 

respectively.  Individual household’s flood insurance policy take-up is therefore seen as a share 

of the aggregate number of NFIP policies-in-force in that community.  We hence define the 

aggregate number of NFIP policies-in-force (NP) in community j  at time t  as 

1

n

jt ijt

i

Pf 


                                                                       (3) 

where, ijt  is 1 if individual household i takes up NFIP policy and 0 if no NFIP policy in 

community j  at time t . 

Similarly, for flood insurance claims, we let 
ijtc be insured damage claim size made by individual 

household i  in community j  at time t  and aggregated as, 

1

n

jt ijt

i

DC c


                                                                         (4) 

where i = 1, 2, …, n and t = 1, 2, …, T  in both equations. 

 That is in our conceptual framework, we assume that as a proxy for household 

perception of flood risk, community residents residing in coastal communities, in low lying 

areas, in communities with higher percentage of land area covered by water, communities with 

frequent precipitation will perceive relatively higher risk of flooding relative to community 

residents in noncoastal communities, in communities with higher elevation, and in communities 

that observe less annual precipitation, all else equal.  Hence these variables could influence 

community residents’ purchase of flood insurance.   

In this research we seek to test if a relationship exists between specific CRS activities and 

the ratio of the number policies-in-force per total household, test for the relationship between 

specific CRS activities and the ratio of insured damage claims per coverage, test for the 

relationship between state- effect and ratio of number policies-in-force per total household as 

well as insured damage claims per coverage.  We also test if community’s participation in the 
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CRS program has had any effect on the ratio of the number policies-in-force per total household 

and the ratio of insured damage claims per coverage relative to communities not participating in 

the CRS program, and lastly, test if the relationship between community’s participation in the 

CRS program and on the ratio of the number of policies-in-force per total household as well as 

the ratio of insured damage claims per coverage are different across coastal and noncoastal 

communities.  

 

 

6. Methods  

6.1. Study Area 

This research focuses on NFIP communities in the states of Alabama and Mississippi.  As 

of the year 2013, Alabama had 12 out of 428 NFIP communities participating in the CRS 

program and Mississippi had had 31 out of 330 participating, with a total of 32,519 and 52,866 

number of policies-in-force respectively (FEMA 2013).  The states of Alabama and Mississippi 

were considered for the following reasons.  First, both states are coastal states which also expose 

them to storm-surge related floods.  Mississippi and Alabama are known to be part of five states 

(i.e., Texas, Florida, Louisiana, Mississippi and Alabama) to top claim payments in the history of 

the NFIP program (Bin, Bishop and Kousky 2012) which was partly due to Hurricane Katrina 

which occurred in 2005.  Also unlike Florida and Texas, currently, no study has been conducted 

to find out the relative impact of specific CRS mitigation activities on NFIP participation 

(number of NFIP policies-in-force) and insured damage claims in these two states.  Although 

Highfield and Brody 2013 considered Mississippi and Alabama in their sample for CRS 

communities, its focus of analysis did not consider NFIP participation.    

 Displayed in Figure 1 is the spread of communities’ participation in CRS program across 

the states of Alabama and Mississippi.  
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Figure 1: A map showing CRS participation across Alabama and Mississippi 

 

Source: by courtesy of John Cartwright, Geosystems Research Institute, Mississippi State 

University 

Figure 1 shows the NFIP communities participating in the CRS program across Alabama 

and Mississippi.  Participation in the CRS is indicated by the color green. It can be seen from the 

Figure that both coastal and noncoastal communities do participate in the CRS program. In the 

coastal area there are some communities that can be seen not participating in the CRS program 

(as indicated by the color pink).   

 

 

 

 

 

2 An NFIP “community” may be an incorporated city, town, township, borough or village, any 

incorporated area of a county, or an entire county.  It is simply a distinct geographical entity for 

the purpose of administering the NFIP and CRS program in that locality.  In some places, an 

entire county is a “community”, whereas in others, a county contains multiple “communities”, 

depending on the need of the program. 
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6.2 Data 

The dataset is a community-level panel for the periods of 1998-2013.  These time periods 

were chosen for the following reasons.  First, although the CRS program began in 1990, the 

period from 1998 is considered because of lack of data on earlier years.  Also, very low 

participation in the CRS program in earlier years has been noted in the literature (Highfield and 

Brody, 2013).   

 

6.2.1 Variable names and description 

 

The variables used to inform the analysis are categorized into two groups; the response 

(dependent) variables and independent variables. 

 

Response variables 

 

Response variables for the study were the number of NFIP policies-in-force and insured 

damage claim size (dollar value).  Data on the number of NFIP policies-in-force and insured 

damage claim size are aggregated at the community-level.  The number of NFIP policies-in-force 

is measured as the total number of NFIP policies-in-force recorded for a community.  Similar to 

Zahran et al. (2009) we scale the total number of NFIP policies-in-force by dividing it by the 

total households in a community (j) based on 1990, 2000, and 2010 household population census 

figures to obtain a ratio.  Total household figures for the year 2010 are from the American 

Community Survey.  Household population figures for 1990 and 2000 are from the US Census 

Bureau. Total household data are at the community-level.  We further multiply it by 100 to 

obtain the rate of NFIP participation for every 100 households.  A preliminary investigation of 

the normality of the ratio of number of policies-in-force data shows a non-normal distribution.  

As such we transform the weighted number of policies-in-force into a natural logarithm (ln).  

Insured damage claim size: aggregated insured damage claim size in a given community (j), 

measured in dollars.  Similar to the number of policies-in-force, we divide it by the total 

coverage obtain a ratio.  We also log transform it so as to approximate its distribution to that of a 

normal distribution.   These data were obtained from the Federal Emergency Management 

Agency (FEMA).   

 

Independent variables 

 

These variables can be categorized into two groups:  specific CRS mitigation activities 

and other control variables (geospatial and socioeconomic).  The choice of control variables used 

in this research is motivated by those used in prior studies (Spekkers et al. 2013; Highfield and 

Brody 2013; Zahran et al. 2009; Brody et al. 2007).   

Specific CRS activities: of the 19 CRS mitigation activities we drop flood insurance 

promotion (c370) activity from our analysis because der was no data available on this activity for 

the periods considered in this research.  Also Levees was dropped from our analysis because 

there was no variation in that activity for our study period.  We therefor concentrate on 17 CRS 

mitigation activities.  These are elevation certificate (c310), map information service (c320), 

outreach projects (c330), hazard disclosure (c340), flood protection information (c350), flood 

protection assistance (c360), floodplain mapping (c410), open space preservation (c420), higher 
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regulatory standards (c430), flood data maintenance (c450), floodplain management planning 

(c510), acquisition and relocation (c520), flood protection (c530), drainage system maintenance 

(c540), flood warning and response (c610) and dams (c630).  Specific CRS activities were 

measured based on the points a community receives for undertaking each activity.  We obtained 

data on specific CRS mitigation activity from FEMA.     

Geospatial variables includes: slope, stream density, elevation, precipitation and percent 

of area covered by surface water.   Slope: measured in degrees, it was calculated as the maximum 

rate of change from a given grid cell to its neighbors.  A lower slope value depicts flatter areas 

and higher slope values shows that an area is steep.  Data on slopes is measured at the 

community-level.  We make use of both mean slope and range values in this research.  The 

database from which these statistics were computed is obtained from the National Elevation 

dataset (U.S. Geological Survey http://nationalmap.gov/3DEP/index.html).   Another control 

variable, stream density, is measured as the kilometers of a stream per square kilometers of an 

area.  Similar to slope, the mean and range values of stream density are employed in this 

research.  Database from which the mean and range statistics were derived is the National 

Hydrography dataset (U.S. Geological Survey http://nhd.usgs.gov/data.html).   Stream density 

data was measured at the community-level.  We measure Elevation as the highest point of 

community. The mean and range values of the elevation of an area are calculated based on 

elevation values from the National Elevation dataset (U.S. Geological Survey 

http://nationalmap.gov/3DEP/index.html). Range and mean values are computed at the 

community-level.  Mean and range values for slope, stream density and elevation are computed 

using the zonal statistics of the ArcGIS software.  The slope, stream density, and elevation do not 

change over time for a given community.  We also control for precipitation. A community-level 

data on precipitation is obtained for the study period, 1998-2013.  Data on precipitation is from 

the PRISM Climate group database (PRISM Climate Group 

http://www.prism.oregonstate.edu/recent/ ). We measure the average annual precipitation of a 

community in millimeters.   

Socioeconomic variables controlled for include; percent college educated and household 

income.  By measurement, percent college educated is calculated at the community-level as the 

number of persons, age 25 years and above with either a bachelor’s, master’s, professional, or 

doctorate degree divided by the total community population of age 25 years and over and further 

multiplied by a 100 (i.e., data is in percent).  Data used in calculating percent of college educated 

are from two sources (i.e., the American Community Survey dataset and the US Census Bureau).  

Specifically, data for the years 2010-2013 is from the American Community Survey dataset 

(http://www.census.gov/programs-surveys/acs/data/summary-file.2013.html) and data for the 

years 1998-2009 is from 1990 and 2000 US Census Bureau (https://www.census.gov/geo/maps-

data/data/gazetteer.html).  Household income: households with higher levels of income are likely 

to purchase insurance relative to those with lower levels of income.  Household income is 

measured at the community-level in US dollars as the annual median household income.  The 

years 2010-2013 household income data is from the American Community Survey data set 

(http://www.census.gov/programs-surveys/acs/data/summary-file.2013.html) and the years 1998-

2009 is from the 1990 and 2000 US Census Bureau (https://www.census.gov/geo/maps-

data/data/gazetteer.html).  

http://nationalmap.gov/3DEP/index.html
http://nhd.usgs.gov/data.html
http://nationalmap.gov/3DEP/index.html
http://www.prism.oregonstate.edu/recent/
http://www.census.gov/programs-surveys/acs/data/summary-file.2013.html
https://www.census.gov/geo/maps-data/data/gazetteer.html
https://www.census.gov/geo/maps-data/data/gazetteer.html
http://www.census.gov/programs-surveys/acs/data/summary-file.2013.html
https://www.census.gov/geo/maps-data/data/gazetteer.html
https://www.census.gov/geo/maps-data/data/gazetteer.html
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Other variables are binary indicators for NFIP communities in Mississippi equal to NFIP 

1 and 0 otherwise.  Binary indicator for CRS status equal 1 and 0 otherwise. Similarly, binary 

indicator for coastal communities equal 1 and 0 otherwise.  We identify a community as a coastal 

community based on the National Oceanic Atmospheric Administration’s (NOAA) 

classification.  

  

 

6.2.2. Data processing  

 

Separate data sets on community’s CRS, NFIP policies-in-force and damage claims were 

merged using corresponding FEMA community identification codes, community name, and year. 

The data set was further merged with that of geospatial and socioeconomic data sets based on 

FEMA community identification codes, community name, state FIPS (Federal Information 

Processing Standard) codes, county FIPS codes, American National Standards Institute (ANSI) 

codes, FIPS entity codes, and year.  Merging was done using the Microsoft Excel and ArcGIS 

software.  

Data are further processed via matching to obtain balance, which is necessary for 

evaluating program interventions (Rosenbaum and Rubin, 1983 and Guo and Fraser, 2010).  By 

balancing we ensure that the distributions of the pretreatment covariates for the treatment group 

and the control group do not differ. It is when this is achieved that the individual units in the 

treatment group can be compared to individual units in the control group. In the literature 

(Rosenbaum and Rubin 1983), the propensity score is said to be a balancing score.  Thus, based 

on the estimated propensity scores, the distributions of the pretreatment covariates for the treated 

and control can be made comparable.  Propensity score measures the likelihood that a unit will 

receive the treatment conditioned on the pretreatment covariates (Rosenbaum and Rubin 1983).  

To estimate the propensity score given a binary treatment, a probit or logit function is used.  The 

literature (Caliendo and Kopeining 2008) shows that the choice of a probit or logit function 

doesn’t lead to significant differences in propensity scores  As notable by Rosenbaum and Rubin 

(1983), and Imai and van Dyk (2004) an easy form of matching is using a propensity score as a 

balancing score.   

Matching seeks to find from a population of a control group, candidates with similar 

distribution of pretreatment covariates.  Matching serves as a way of sampling (Rosenbaum and 

Rubin, 1983) and also studying causal inferences (average treatment effect, ATE, and average 

treatment effect on the treated, ATT) in non-experimental studies (Ho et al. 2007; Guo and 

Fraser 2010; Hansen 2004).  Matching is known to have the ability to reduce biasness in 

estimates (Stuart and Green, 2008).  A number of studies (Girma, Greenaway and Richard 

Kneller 2004; Yasar and Rejesus 2005; Wagner 2002) have examined causal relationships using 

panel data and have utilized matching approach in their studies.  A major assumption made when 

matching treated and control units from a non-experimental perspective is to assume that 

pretreatment covariates are not different for both the treatment group and control group (Dehejia 

and Wahba 2002).  Various matching techniques have been discussed in the literature (Sianesi 

2001; Stuart and Green 2008; Dehejia and Wahba, 2002) to include; the nearest-neighbor, 

stratification, radius and kernel matching techniques.   

Nearest-neighbor matching: this may involve matching with replacement or without 

replacement.  The matching algorithm is performed such that for every unit of the treated group 

(CRS participating communities), m unit from the control group (non-CRS participants) is 
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identified and matched based on how closest their propensity scores are.  By matching a treated 

unit to more than on control units (with replacement), one is able to avoid loss of lots of control 

units thereby ensuring precision of estimates.  However, one cannot rule out biasness in 

estimates (Stuart and Green 2008; Dehejia and Wahba 2002).   

Stratification matching involves grouping the estimated propensity scores into blocks 

based on variations in the scores. The grouping is done such that, for example CRS participating 

communities and non-participating communities will have the same average propensity scores.  

The problem with this matching method is that it throws away both CRS participating and non-

participating communities if either of them is not found to belong to a block.  

Also with radius matching, the matching algorithm involves defining a neighborhood 

(radius) for the treated group (in our case, CRS participating communities) and control group 

(non-participating communities) based on the propensity scores.  Propensity scores of both 

treatment and control units (CRS participating and non-participating communities) that falls into 

the neighborhood are seen as matches.  It is stated in the literature (Sianesi 2001) that although 

defining a smaller neighborhood can increase matching efficiency control units might not find 

their place in the defined neighborhood.   

Last but not the least we consider the Kernel matching algorithm.  This involves the use 

of weights. All CRS participating communities are matched to the average weights of all the 

non-participating communities in proportion of the distance existing between the propensity 

scores of the CRS participating and non-participating communities (Sianesi 2001). 

In this research we follow Rosenbaum and Rubin (1983) to estimate the propensity score 

and then match CRS participating communities (treatment group) to non-participating 

communities (control group) based on their propensity scores.  For the purpose of matching, we 

categorize the data into CRS participating communities (treatment group) and non-participating 

communities (control group) based on community participation during the most recent year 

observed (2013).  We define the propensity score to be estimated as the probability of an NFIP 

community receiving the treatment (CRS), conditioned on the pretreatment variables 

(covariates).  We let tdc  , where t is the year 2013, be a binary variable indicating 1 for CRS 

participants and 0 for nonparticipants, P  is the propensity score (balancing score), and ξ  is a 

vector of pretreatment variables. In this research, our pretreatment variables are time –invariant 

geospatial covariates.  Precisely, we match on the range values of time –invariant geospatial 

covariates.  Following Rosenbaum and Rubin, 1983 our propensity score may be defined as  

( ) 1 )tP Prob(dc ξ ξ               (5)                                                          

Given that our treatment (CRS status) is binary (CRS participation, 1, or non- 

participation, 0), it is appropriate to use a logit or probit function to link the dependent variable 

(CRS status) to the covariates.  Having said this, the choice of a probit or logit function doesn’t 

lead to significant differences in scores (Caliendo and Kopeining, 2008).  We may specify our 

logit model as; 

( )
( ) (dc 1 )

1 ( )
t

exp
p prob

exp
 




 


 .                               (6) 
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3 
In our data, from the period 1998-2013, NFIP communities participating in the CRS generally 

do not hop in and out of CRS. Thus, generally, once they join, they stay in. To further match CRS 

participating communities to non-participating communities, we first check if the balancing 

property (common support) is achieved.  We also access the various matching techniques to 

include; the nearest-neighbor, stratification, radius and kernel matching techniques in this 

research. 

       

6.2.3 Estimation 

 

 Under this section, we consider panel data regression models and their estimation in 

estimating the effect of specific CRS mitigation activities on policies-in-force and insured 

damage claim size.  We also employ the difference-in-differences (DID) estimator in estimating 

the average effect of communities’ participation in the CRS program on the number of policies-

in-force and insured damage claim size.  

 

6.2.3.1 Testing for relationship between specific CRS mitigation activities and the number of 

NFIP policies-in-force and insured damage claim size 

 

Given that our data structure has a cross sectional dimension and a time series dimension 

(i.e., panel data), it is prudent to consider panel data regression models in our research.  We let     

   

              :

:
jt

jt

Pf policies in force rate

jt DC ratio of insured damage claimsy
 

                  (7)                                 

  

From our conceptual frame work, we link our response variable jty  to the independent variables 

(covariates) by a simple linear panel model where covariates enter the model additively.   

  

ln jt jt jt jt t j j jty dk dr           CRS G S τ                             (8)   

 

where,  CRS  is a vector of specific CRS activities, G is a vector of geospatial variables, S is a 

vector of socioeconomic variables,   is n-1 set of time binaries, dk , dummy for coastal dr is a 

binary for Mississippi and   is the idiosyncratic error term.  The subscripts j  and t  are the 

communities and time respectively.    are vectors of parameters for specific CRS 

activities, geospatial variables, socioeconomic variables, and time binaries respectively.  and 

 are parameters for the binary for coastal and state respectively.  

However, to effectively estimate the model above and test for the relationship that exists 

between NFIP policies-in-force as well as insured damage claim sizes and the specific CRS 

mitigation activities, we review the model assumptions that underlies the various panel data 

models and estimation.  Depending on the assumptions underlying the error component jt  in 

equation 8, a panel data model may be specified as a pooled, fixed-effect, or random-effect 

model (Green 2012; Baltagi 2013; Wooldridge 2002).  The pooled model (or pooled OLS) 

assumes no unobserved heterogeneity or community-specific-effects.  As the name suggests, 
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estimation of a pooled model by OLS necessitates satisfying the classical OLS assumptions such 

as no autocorrelation, and constant variance of the error term (homoscedasticity).   Where a 

formal test has been conducted to determine if no unobserved or community-specific-effect 

effects exists the model may be estimated as pooled OLS.  Although fixed-effect models 

assumes that the unobserved heterogeneity or community-specific-effects are correlated with the 

observed covariates, the effect of time-invariant covariates such as binary for coastal, 

Mississippi, slope, and stream density cannot be estimated (Green 2012; Wooldridge 2002; 

Highfield and Brody 2013). This is because there will be no variation in the time invariant 

variables (Wooldridge 2002).  Having said this when there are no time-invariant variables in the 

model or the time invariant variables are not of interest, the fixed-effect model may be an option.  

Lastly, the random-effect model cannot be considered if the unobserved or community specific 

effects are correlated with the observed covariates as well as if the presence of serial correlation 

and heteroskedasticity is found (Wooldridge 2002).  Where time-invariant variables are of 

interest in the model, the random-effect model may be considered. 

As noted by Zarhan et al. (2009) where serial autocorrelation, hetroskedasticity, and 

contemporaneous correlation exists, the pooled OLS, fixed-effect panel model, or random-effect 

panel models are not appropriate.  It is suggested in the literature (Zarhan et al. 2009) that an 

alternative will be to use a Praise-Winsten Regression with Correlated Panels Corrected Standard 

Errors (PCSE) when the errors are correlated across time, when, the variance of the error term is 

not constant, and also when contemporaneous correlation exists.  That is, given the assumptions 

that underlies the specification and estimation of panel data models; it is wise therefore to test for 

these assumptions to determine the appropriate model specification and estimation.  As such, we 

test for possible serial correlation, hetroskedasticity, and contemporaneous correlation to 

determine the appropriate model for modeling the effect of specific CRS mitigation activities on 

NFIP policies-in-force and insured damage claims while controlling for key geospatial and 

socioeconomic variables.  

 

6.2.3.2 Estimating the average effect of communities’ participation in the CRS on the number 

of NFIP policies-in-force as well as insured damage claims sizes 

To determine if change in the response variable ( ln jty ) is as a result of NFIP 

communities participation in the CRS program, we follow Heckman, Ichimura and Todd (1998); 

Yasar and Rejesus (2005); Girman, Greenaway (2004), and Wagner (2002) in determining the 

average effect of CRS participation (treatment) on the response variable ln jty  of CRS 

participating communities.  That is we let  

1 0 1 0ln ln 1 ln 1 ln 1jt s jt s jt jt s jt jt s jtE y y dc E y dc E y dc   
          
       .             (9)           

Where 1

jt sy 
 is the response if the community is participating and 0

jt sy 
is the response if the 

community is not participating, 0s  , and dc is binary for CRS participation.                                                                                 

 The question is, if CRS communities hadn’t participated in the CRS program, what 

would have been their average number of policies-in-force and damage claims 

 0ln 1jt s jtE y dc
 
 

 as of 2013?  To obtain this data, the literature (Heckman et al. 1997; Yasar 

and Rejesus, 2005; Girman, Greenaway 2004 and Wagner 2002) the literature suggests 
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estimating a counterfactual: estimate the number of NFIP policies-in-force and damage claims of 

communities that hadn’t participated in the CRS program as of 2013  0ln 0jt s jtE y dc
 
 

. 

However, in order to rely on NFIP communities not participating in the CRS program as the 

counterfactual, we need to select NFIP non-CRS participating communities that have the same or 

similar characteristics (at least in terms of geospatial characteristics) as that of the CRS 

participating NFIP communities.  This is where we fall back on the propensity score matching 

(Rosenbaum and Rubin, 1983) to provide us with such communities.  As noted by Ravallion and 

Chen (2005) the matching has the potential of removing possible biases that might arise in using 

very dissimilar control group (non-CRS participating communities).  We rewrite equation 9 as  

1 0 1 0ln ln 1 ln 1 ln 0jt s jt s jt jt s jt jt s jtE y y dc E y dc E y dc   
          
     

        (10) 

To finally estimate the effect of the CRS program on the response variable (the ratio of 

NFIP policies-in-force and the ratio of insured damage claims) of CRS participating 

communities, we use the difference-in-differences estimation technique.  The use of the 

difference-in-differences in studying causal inferences in non-experimental studies is well 

documented in the literature (Girma, Greenaway and Richard Kneller 2004; Gruber 1994; 

Ravallion and Chen, 2005).  Unlike a simple before and after analysis of causal inference where 

a regression framework is not used, in this study we consider an econometric framework for the 

difference-in-differences estimation.  This is deemed appropriate as it allows for the control of 

other observed covariates (Gruber 1994; Meyer, Viscusi and Durbin 1995) and also given that 

the time dimension of the panel data is more than two years.   

6.2.3.2.1 Difference-in-differences (DID) econometric framework 

2

( * )

( * ) ( * ) ( * * )

( * * * )

jt jt jt j j j 1 j j

j j j 4 j j j

j j j jt

lny dc dk dr θ dc dk

dc dr dc θ dc dk dr

dc dk dr

   





       

  

 

  




5

G S

θ

3θ                                (11) 

As previously explained, controlling for CRS participating communities (dc), coastal (dk), 

Mississippi (dr), and time ( ) binaries controls for the changes in the response variable (the ratio 

of NFIP policies-in-force and the ratio of insured damage claims).  Likewise, the interactions in 

equation 11 provides different interpretations of variables in the DID econometric framework.  

To determine the difference in the response variable for coastal and noncoastal communities 

after the treatment (CRS participation) we interact *j jdc dk .  Similarly, the interaction between 

CRS participation and the binary for Mississippi ( *jdc dr ) calls for the effect of CRS 

participation on the response variable for CRS participating communities across Alabama and 

Mississippi. For the interaction between CRS participation and the binaries for time ( * )jdc  , we 

are allowing changes in the response variable to vary across time.  This idea of interactions 

between the binary variables follows through equation 15 as we pull out differences in the 

response variable between CRS participating and non-participating communities.  That is, for 

interactions between the binary for CRS participation, coastal, and Mississippi  

( * * )j j jdc dk dr we are able to know how differences in the response variable varies for CRS 

participating communities across coastal, Alabama and Mississippi.  Finally, interacting the 
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binary for CRS participation, coastal, Mississippi and time ( * * *j j jdc dk dr  ) allows the 

response variable to vary across coastal, Alabama and Alabama, and time.  
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