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Abstract 
 

This analysis is part of an effort to develop statistics and uncertainty measures for 

characterizing, tracking, and better understanding the root causes of the total burden of 

fire in the United States. These measures will be used to develop performance metrics, 

enabling comparisons between the use of new fire mitigation technologies and their 

impact on the U.S. fire burden, with a particular focus on residential fires involving 

upholstered furniture.  This portion of the analysis has the following objectives: (1) to 

develop a statistical approach for evaluating the ‘representativeness’ of fire incident data 

reported in the National Fire Incident Reporting System (NFIRS) to depict fire activity in 

non-reporting cities; (2) to test (statistically) for differences between reporting and non-

reporting cities of those factors believed correlated with fire risk and NFIRS reporting 

status; and (3) to discuss how the findings could be used to weight NFIRS-based statistics 

to produce more accurate national statistics.  Results show that factors believed correlated 

to fire risk occur at different rates between reporting and non-reporting cities.  This 

suggests that detailed fire statistics derived from NFIRS data may not best represent the 

U.S. fire problem, as these factors are also correlated with NFIRS reporting status.  

However, a weighting scheme, based on propensity scores, may provide a mechanism to 

adjust NFIRS-based fire incident statistics to provide more accurate nationwide metrics.   
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Preface 
 

This study was conducted by the Applied Economics Office in the Engineering 

Laboratory at the National Institute of Standards and Technology.  The study provides a 

synopsis of available data depicting the U.S. fire burden.  This analysis is part of an effort 

to develop statistics and uncertainty measures for characterizing, tracking, and better 

understanding the root causes of the total burden of fire in the United States. These 

measures will be used to develop performance metrics, enabling comparisons between 

the use of new fire mitigation technologies and their impact on the U.S. fire burden, with 

a particular focus on residential fires involving upholstered furniture.  
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1 Introduction 

1.1 Background 
This analysis is a part of an effort to develop statistics and uncertainty measures for 

characterizing, tracking, and better understanding the root causes of the total burden of fire in the 

United States.  The purpose of these statistics will be to provide details on the circumstances, 

causes, and development of fires and the related deaths, injuries, and property damage by major 

fire incident category (residential structure, non-residential structure, natural vegetation, vehicle), 

as well as provide details on the costs related to fire protection and loss mitigation (e.g., fire 

protection of constructed facilities; standards and codes development, testing, and 

implementation; wildland fuel treatments, etc.).  This information will be used to develop 

performance metrics, enabling comparisons between the use of new fire mitigation technologies 

and their impact on the U.S. fire burden, with a particular focus on residential fires involving 

upholstered furniture. 

 

The U.S. Fire Administrations National Fire Incident Reporting System (NFIRS) provides 

detailed information on more than one million fire incidents each year (on average from 2002 to 

2009).  While NFIRS is the most comprehensive accounting of individual fire incidents in the 

U.S., it represents only a partial census.  Many incidents are not reported.  Many 

cities/jurisdictions do not report to NFIRS, as it is a voluntary system.  Thus, using specific 

information contained in NFIRS to generalize to the U.S. may be misleading if the partial census 

is unrepresentative of the non-reporting collection of cities and states.   

 

1.2 Purpose and Approach 
This analysis has the following objectives: 1) to develop a statistical approach for evaluating the 

‘representativeness’ of fire incident data reported in NFIRS to depict fire activity in non-

reporting cities; (2) to test (statistically) for differences between reporting and non-reporting 

cities on those factors believed to be correlated with fire risk and the NFIRS reporting status; and 

(3) to discuss how the findings could be used to weight NFIRS-based statistics to produce more 

accurate national statistics.   
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Propensity score matching (PSM) techniques are presented as an approach to compare samples 

or subsets of data that are potentially afflicted by self- or sample-selection bias—i.e., when the 

data is not a random collection of observations, but rather, is influenced by other processes that 

affect the conclusions.  PSM eliminates (or reduces) bias by conditioning comparisons using data 

that describes the underlying self- or sample-selection process.  It is commonly used for program 

evaluation and impact analysis, in fields such as labor economics and epidemiology.  Commonly, 

PSM is used to compare the effectiveness of a program or treatment on a selected outcome.  For 

instance, it has been used to assess the impact a job training program (treatment) had on 

participants’ post-training wages (outcome).   

 

At this stage, the analysis will not yet focus on impact measurement, but rather to develop PSM 

as a proof-of-concept to compare characteristics believed correlated with both NFIRS reporting 

status and fire risk (e.g., population size and socio-economic factors) between NFIRS-reporting 

and non-reporting cities.  If these characteristics are ‘similar’ between reporting and non-

reporting groups, then NFIRS-based data can be used to produce statistics representative of the 

U.S. fire problem.  If this is not the case, PSM offers a method to facilitate appropriate 

comparisons. 

 

If reporting and non-reporting cities demonstrate significant differences in their composition of 

factors believed to affect reporting status and fire risk, then PSM may be used to weight incident 

data derived from NFIRS to produce representative fire risk statistics.  The focus of future 

analysis will be on statistics related to fire fatalities, injuries, and property damage occurring 

from residential fires involving upholstered furniture. 
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2 Methods 

2.1 Propensity Score Matching 
Propensity score matching (PSM) is a technique used to evaluate the impact of programs (see 

Imbens and Wooldridge [2009] for an excellent review of the program evaluation literature).  It 

is commonly used to compare the effect of a program (‘treatment’) on an ‘outcome.’  (Often the 

focus is to measure the average treatment effect on the treated).  For instance, PSM has been 

used to measure the impact a job training program (the treatment) had on participants’ wages 

(the outcome). A statistical challenge occurs because the analysts are using non-randomized 

observational data.  (Again, in the case of job training, participants’ wages might be compared to 

that earned by non-participants). Thus, the outcomes from program participants may be partly 

influenced by other, confounding factors, making treatment selection a non-randomized process.  

Essentially, job training participants may choose to participate based on factors (e.g., education) 

that also influence their wage potential.  In such cases, simple comparisons made between 

participants and non-participants may be biased, as the presence of confounding factors mask the 

true impact from program participation.  

 

The novelty of the PSM method resides in its ability to facilitate comparisons between treated 

and non-treated observations using data that describes the non-randomized treatment selection 

process.  It is particularly useful when there is a large number of possible confounding factors.  

For instance, if only one confounder were suspected, matching treated and non-treated 

observations would be fairly straightforward.  The treated and non-treated observations could be 

matched pairwise based on the same value of the confounder.  However, when a large number of 

confounders are present, this becomes very difficult (if at all possible).  In empirical applications, 

the propensity score is calculated as the probability of treatment selection, and estimated as a 

function of all potential confounders.  Thus, the propensity score is a scalar value, making 

matching straightforward for matching purposes, but it is also useful as it contains all the 

variation in the confounding variables that influence the selection process. 
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2.2 Balancing Score 
Successful implementation of the PSM method requires the propensity score to be a balancing 

score.  That is, a balancing condition must be satisfied for the PSM method to produce unbiased 

treatment effect estimates.  The balancing condition requires the confounders to be independent 

(uncorrelated) of treatment status (treated/non-treated) conditioned on the propensity score.  The 

standard statistical test for assessing the balancing score requirement is a Student’s t-test of the 

means of each confounder between the matched treated and non-treated samples.  When the null 

hypothesis of the t-test (H0: the difference in the treated and non-treated sample means equal 

zero) cannot be rejected, for any of the confounders, the propensity score is said to balance the 

confounders.  

 

For unmatched samples, the balancing test becomes a useful way to evaluate the similarities in 

the two sample groups.  In this analysis, those factors believed to be correlated with cities’ 

NFIRS reporting status and level of fire risk are tested for balance between reporting and non-

reporting cities.  If a subset of (or all) factors are found to be unbalanced (the null hypotheses are 

rejected), data taken from reporting cities may not do a very good job of representing the rest of 

the non-reporting U.S.—i.e., meaning the fire risks faced by non-reporting cities may be 

different. 

 

In this analysis, a set of factors believed to influence cities’ NFIRS reporting status and fire risk 

is tested for balance.  For any unbalanced confounders, an estimated propensity score is used to 

achieve balance.  The potential of the propensity score is to provide a mechanism to create 

weighted datasets using NFIRS incident data to describe fire risk for the rest of the non-reporting 

Nation.  As the focus of this analysis is to develop PSM as a proof-of-concept for evaluating the 

representativeness of cities that report to NFIRS to other cities in the U.S., the set of confounders 

selected are not meant to be exhaustive; however, they are deemed a reasonable set to 

demonstrate the technique.   

 

2.3 Implementation 
The pre-written routines PSMATCH2 and PSTEST (see Leuven and Sianesi, 2003) were used to 

perform covariate (confounder) balance testing using Stata version 12.1.  PSMATCH2 estimates 
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a propensity score and matches the scores.  PSTEST performs tests of covariate balance.  In this 

analysis, PSMATCH2 was run to generate the propensity scores that were used for covariate 

balance testing in PSTEST.  The propensity scores were estimated using a logit specification.  

Kernel matching was used to create matched comparisons (see Leuven and Sianesi [2003] for 

additional details). 
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3 Data 

3.1 ‘NFIRS Cities’ 
Individual fire incidents reported in NFIRS from 2002 to 2009 were geocoded based on their ZIP 

code or city name. GIS data from ESRI’s ArcGIS version 10 Data & Maps were used to match 

the incident data one of three ways (in preferred order): (1) on reported ZIP code, (2) on reported 

city name that matched the PO_NAME (‘Post Office Name’) found in the ESRI ZIP code GIS, 

or (3) on the city name that matched the NAME found in the cities GIS, which was later spatially 

joined with the ZIP code boundary file.  Thus, each matched fire incident was geocoded to a city 

(Post Office Name—PO_NAME).  All analyses were performed on aggregated city data. 

 

After city name standardization and data cleansing were performed on the raw NFIRS incident 

records, the geocode match rate was 97.66 %.  This is out of 8 333 134 reported fire incidents 

from 2002 to 2009. Of the 2.34 % (194 804) unmatched incidents, 59.34 % (113 605) did not 

report a ZIP code or city name.  Thus, it was not possible to match these incidents. Arizona 

(13.39 %), South Dakota (11.37 %), and Florida (5.30 %) had the highest percentage of missing 

locational data.  The remaining unmatched incidents (1.39 % overall) did contain a non-missing 

ZIP code or city name, but these could not be matched to the data in the GIS data.  It appeared 

for most cases, the ZIP code number was invalid. Maryland (8.60 %), South Dakota (5.16 %), 

and Virginia (3.33 %) had the highest percentage of invalid or unmatchable locational data.   

 

Table 3-1 summarizes reporting to NFIRS.  

Based on the matched data, 96.01 % of all 

cities reported at least one incident.  

However, only 41.90 % of 24 970 cities 

reported incidents each year from 2002 and 

2009.  It is evident that reporting has 

become more common over time.  In 2009, 

nearly 82 % of all U.S. cities (as defined in 

this analysis) reported at least a fire incident 

to NFIRS. 

Table 3-1. Count of cities and percent  

of total (n = 24 970) reporting to NFIRS. 

 Count Percent 

Any Year 23 973 96.01 

2002 14 593 58.45 

2003 16 979 68.00 

2004 18 058 72.32 

2005 19 638 78.65 

2006 20 038 80.25 

2007 20 228 81.02 

2008 20 225 81.00 

2009 20 431 81.83 

All Years 10 461 41.90 
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3.2 Assembled Confounders  
Two data sets were utilized to assemble the confounders: the Census of Population and 

Housing (see U.S. Department of Commerce, 2004) and the National Fire Department 

Census (see U.S. Fire Administration, 2006). The Census of Population and Housing 

contains socio-economic variables about population such as income, sex, and race as well 

as housing items such as the status of a housing unit (occupied or unoccupied), median 

age of units, and median value. The data is parsed out by census block group. The 

National Fire Department Census contains basic information about fire departments listed 

with the U.S. Fire Administration. The variables that were drawn from these datasets 

were chosen to represent items that both impact fire reporting and the occurrence of fire. 

Again, as the focus of this analysis is to develop PSM as a proof-of-concept for 

evaluating the representativeness of cities that report to NFIRS to other cities in the U.S., 

the set of confounders selected are not meant to be exhaustive; however, they are deemed 

a reasonable set to demonstrate the technique.  Each observation represents an NFIRS 

city as defined in the previous section.  

 

The variables are grouped into four categories, and are meant to directly measure of 

proxy for the category titles: (1) fire station resources; (2) fire station responsibility; (3) 

community resources; and (4) community risk attributes. The fire station resources and 

responsibility variables were selected based on their expected impact on the level of fire 

prevention a station is able to engage in as well as their impact on the ability to expend 

resources on reporting fires in NFIRS. The variables in the community resource grouping 

and the community risk attributes grouping affect a community’s attitude towards fire 

prevention. It is thought that the community’s attitude impacts a fire station’s ability and 

behavior regarding both the reporting of fire and fire prevention efforts. Shown below in 

Sections 3.2.1 through 3.2.4 are the variable names, the abbreviation used, and a short 

description of each confounder. 

3.2.1 Fire Station Resources 

Fire Stations (FD): Total number of fire stations within the city boundary from the 

National Fire Department Census  
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Staff (FD_STAFF): The total number of fire department staff, including career and 

volunteer fire fighters as well as non-firefighting staff (of those fire departments found 

within the city) listed in the National Fire Department Census 

 

3.2.2 Fire Station Responsibility 

Population (POP): The total population from the Census of Population and Housing 

Residential Units (UNITS): Total number of residential units, including vacant, owner 

occupied, and renter occupied units, listed in the Census of Population and Housing 

Urban Population (PCT_URBAN): Urban population divided by total population, as 

listed in the Census of Population and Housing 

Fire Station Distance (FD_DIST): Distance (in meters) from an NFIRS city, as defined in 

Section 3.1, to the nearest fire station listed in the National Fire Department Census 

Unit Age (AGE_OWNROCC): The number of years from the median year of construction 

for owner occupied housing, as listed in the Census of Population and Housing, to 2012 

 

3.2.3 Community Resources 

Income (INCOME): Aggregate income for the NFIRS city divided by the total 

population, both taken from the Census of Population and Housing 

Poverty (PCT_POVERTY): Population in poverty divided by total population, both taken 

from the Census of Population and Housing 

 

3.2.4 Community Risk Attributes 

Disabled (PCT_DISABLED): Disabled population divided by total population, both taken 

from the Census of Population and Housing 

Education (PCT_25_HS): Population that is aged 25 or older that has at minimum a high 

school diploma or equivalent divided by total population, both taken from the Census of 

Population and Housing  

Gender (PCT_MALES): Population that is male divided by total population, both taken 

from the Census of Population and Housing 
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Male Youth (PCT_YMALES): Population that is male and 17 years or younger divided by 

total population, both taken from the Census of Population and Housing 

Owner Occupied Units (PCT_OWNROCC): Units that are owner occupied divided by the 

total number of units, both taken from the Census of Population and Housing 

Race (PCT_WHITE): White population divided by total population, both taken from the 

Census of Population and Housing  

Unit Value (VAL_OWNROCC): The median value of units that are owner occupied, taken 

from the Census of Population and Housing 

Vacancy (PCT_VACANT): Residential units that are vacant divided by the total number 

of units, both taken from the Census of Population and Housing 

Veterans (PCT_VETERANS): Population aged 18 to 64 that are veterans divided by total 

population, both taken from the Census of Population and Housing 
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4 Results 

4.1 Propensity Score—Full Sample  
An estimated propensity score was generated by regressing NFIRS reporting status (1 = 

report; 0 = no report) on a set of covariates believed correlated with reporting status and 

fire risk.  The regression included all 24 957 cities (full sample) for which data was 

available.  Of these, 42 % reported each year from 2002 to 2009 (see Table 4-1).   

 

Table 4-1. Number of cities by NFIRS report status for all years 2002 to 2009.  

 Reported Not Reported Total 

All Cities 10 460 14 497 24 957 

Strata 1 (Pop. ≤ 10,000) 7138 12 835 19 973 

Strata 2 (10,000 < Pop. ≤ 25,000) 1844 933 2777 

Strata 3 (Pop. > 25,000) 729 1478 2207 

 

The regression results are shown in Table 4-2.  Nearly all included covariates were found 

to be statistically correlated (5 % level) with NFIRS report status.  The exceptions 

included: FD_STAFF, INCOME, and PCT_DISABLED.  (The label “_cons” denotes a 

constant [intercept] term.)   

 

Table 4-2. Regression (logit) results from propensity score estimation on the full sample. 

 



 

12 

 

 

The tests of individual covariate balance are shown in Table 4-3.  For each variable, two 

means tests were run: between the (1) ‘unmatched’ and (2) ‘matched’ data.  The 

unmatched means test is a means comparison between the two reporting groups (report to 

NFIRS; do not report to NFIRS).  The matched means test is a comparison between 

reporting groups after matching on their propensity scores (matches were created based 

probability of reporting to NFIRS).   

 

In addition to the Student’s t-test of the means, Table 4-3 shows the percent bias and 

percent bias reduction achieved from matching.  The percent bias is defined as the 

“[percent] difference of the sample means in the treated and non-treated (full or matched) 

sub-samples as a percentage of the square root of the average of the sample variances in 

the treated and non-treated groups” (Leuven and Sianesi, 2003). (In this analysis, treated 

denotes reporting).  The percent bias and percent bias reduction, as measured by 

PSTEST, are not a focus of this analysis. 

 

Examining the unmatched results from Table 4-3, it can be seen that those variables that 

are statistically correlated to NFIRS reporting status (those significant variables shown in 

Table 4-2) also have statistically different means (5 % level) between the two reporting 

groups. The implication is those variables that affect the probability of NFIRS reporting 

occur at different rates between the reporting groups.  Thus, any comparisons made on 

fire risk between the two groups could be problematic due to differences in their 

confounders.  Matched comparisons, based on the propensity score, are meant to alleviate 

this statistical issue, but only if balance can be achieved.  

 

Based on the reported results shown in Table 4-3, the propensity score achieves balance 

for a number of covariates; however, a number of covariates still fail to balance.  These 

variables include: POP, UNITS, PCT_VACANT, PCT_OWNROCC, VAL_OWNROCC, 

INCOME, PCT_POVERTY, PCT_URBAN, and PCT_DISABLED.  Thus, this particular 

propensity score is problematic, as it is not a balancing score.  (The lack of balance for 

INCOME and PCT_DISABLED is not an issue, as neither was found significant [5 % 
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level] in the propensity score model).  Commonly, higher-order terms (of the unbalanced 

covariates) are added to the propensity score model to create balance.  While not shown, 

the use of higher-order terms failed to produce a balancing propensity score over the full 

sample of cities.  However, stratifying the cities into three groups based on population 

size produced useful results. 

 

Cities were placed into one of three groups based on population size: (1) population less 

than or equal to 10 000 people; (2) population greater than 10 000 people, but less than or 

equal to 25 000; and (3) population greater than 25 000.  The number of cities by NFIRS 

reporting status is shown in Table 4-1.  The population group thresholds were determined 

through trial and error, as an issue occurred with higher population cities.  Specifically, 

for cities with very large populations there were relatively fewer non-reporting cities to 

pose as matches for reporting cities.  But as will be shown below, the final grouping 

produced strata-specific propensity scores that created covariate balance.   
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Table 4-3. Balancing results on full sample. 
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4.2 Propensity Score—Strata 1 (Cities with Population ≤10 000) 
Strata 1 is a subset of cities with a population of 10 000 people or less. This comprised 

80 % of all cities analyzed.  Of these, 7138 cities out of 19 973 (36 %) reported to NFIRS 

every year from 2002 to 2009 (see Table 4-1).   

 

A logit model was used to construct the propensity score for strata 1.  The regression 

results are shown in Table 4-4.  Most variables are statistically significant at the 5 % 

level.  Note, however, the inclusion of an additional higher-order term: PCT_WHITE2.  

This represents a squared term.  This was done to achieve covariate balance for 

PCT_WHITE (results without the higher order term are not shown).  The significant 

variables include: POP, FD, FD_DIST, UNITS, PCT_VACANT, PCT_OWNROCC, 

AGE_OWNROCC, PCT_POVERTY, PCT_URBAN, PCT_YMALES, PCT_WHITE2, 

and PCT_VETERANS. 

 

Table 4-4. Regression results from logit model used to generate a balancing score on 

Strata 1 (Pop. ≤ 10 000). 

 

 

Table 4-5 presents the results of the balancing tests.  For all variables found significant in 

Table 4-4, the means are statistically different (5 %) in the unmatched tests.  For instance, 
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the average population is 3543 people for cities that report to NFIRS and 1940 people for 

cities that do not report.  However, when conditioned on the propensity score (matched 

results), all variables are balanced, meaning there is not a statistical difference in the 

means of each variable between reporting groups. For instance, when using the 

propensity score to match ‘like’ cities, the population mean of the non-reporting cities 

increases to 3566, which is not statistically different (5 % level) than the population of  

the reporting cities.  Thus, matched reporting and non-reporting cities have a similar 

distribution of populations.  
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Table 4-5. Balancing results on Strata 1 (Pop. ≤ 10 000). 
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4.3 Propensity Score—Strata 2 (Cities with 10 000 < Population ≤ 

25 000) 
Strata 2 is a subset of cities with a population greater than 10 000, but less than or equal 

to 25 000.   This comprised 11 % of all cities analyzed.  Of these, 1844 cities out of 2777 

(66 %) reported to NFIRS every year from 2002 to 2009 (see Table 4-1).  Of the three 

population groups analyzed, Strata 2 had the best reporting rate. 

 

A logit model was used to construct the propensity score for strata 2.  The regression 

results are shown in Table 4-6.  Fewer than half of the variables are statistically 

significant at the 5 % level.  The significant variables include: FD_DIST, 

VAL_OWNROCC, AGE_OWNROCC, PCT_URBAN, PCT_YMALE, PCT_WHITE, 

PCT_25_HS, and PCT_DISABLED.   

 

Table 4-6. Regression results from logit model used to generate a balancing score on 

Strata 2 (10 000 < Pop. ≤ 25 000). 

 

 

Table 4-7 presents results of the balancing tests.  Of the eight statistically significant (5 % 

level) variables from the logit model (see Table 4-6), six are not balanced in the 

unmatched tests (see Table 4-7).  All six are balanced by the propensity score matching 

procedure, however.  
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Table 4-7. Balancing results on Strata 2 (10 000 < Pop. ≤ 25 000). 

 



 

20 

 

4.4 Propensity Score—Strata 3 (Cities with Population>25 000) 
Strata 3 is a subset of cities with a population greater than 25 000.   This comprised the 

remaining 9 % of cities analyzed.  Of these, 729 cities out of 2207 (33 %) reported to 

NFIRS every year from 2002 to 2009 (see Table 4-1).   

 

A logit model was used to construct the propensity score for strata 3.  The regression 

results are shown in Table 4-8.  Note, however, the inclusion of two additional higher-

order terms: VAL_OWNROCC2 and INCOME2.  These represent squared terms.  This 

was done to achieve covariate balance for VAL_OWNROCC and INCOME (results 

without higher order terms are not shown). 

 

Nine of the 20 variables are statistically significant at the 5 % level.  The significant 

variables include: FD_DIST, PCT_VACANT, PCT_OWNROCC, VAL_OWNROCC, 

VAL_OWNROCC2, INCOME, PCT_URBAN, PCT_WHITE, and PCT_VETERANS.   

 

Table 4-8. Regression results from logit model used to generate a balancing score on 

Strata 3 (Pop. > 25 000).  
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Table 4-9 presents results of the balancing tests.  Of the nine statistically significant (5 % 

level) variables from the logit model (see Table 4-8), eight are not balanced in the 

unmatched tests (see Table 4-9). (INCOME is statistically significant in the logit model, 

but not for the unmatched means test).  All eight are balanced by the propensity score 

matching procedure.   
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Table 4-9. Balancing results on Strata 3 (Pop. > 25 000).
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5 Summary and Future Research 
 

The results demonstrate there are differences in socioeconomic and fire department 

characteristics between cities that report to NFIRS and those that do not.  Should these 

factors also affect fire risk, which are correlated to NFIRS reporting status, then 

generalizations made about fire safety and risk based on NFIRS data (only) will not apply 

to non-reporting regions of the United States.   

 

For ‘Strata 1’ cities (those with populations less than or equal to 10 000), non-reporting 

cities have smaller populations (POP), fewer fire departments (FD), fewer housing units 

(UNITS) than do reporting cities.  The proportion of owner occupied housing 

(PCT_OWNROCC) and proportion of city classified as urban (PCT_URBAN) are lower 

in non-reporting cities, as well. In addition, the proportion of the population that are 

young male (PCT_YMALES), White (PCT_WHITE) (PCT_WHITE is correlated with 

NFIRS reporting status in the propensity score model without higher order terms), and 

veteran (PCT_VETERANS) are lower in non-reporting cities.  The distance to closest 

fire department (FD_DIST), proportion of housing units classified as vacant 

(PCT_VACANT), age of owner occupied housing (AGE_OWNROCC), and proportion 

of population classified as living below the poverty level (PCT_POVERTY)  are greater 

in non-reporting cities. 

 

For ‘Strata 2’ cities (those with populations greater than 10 000, but less than or equal to 

25 000), non-reporting cities have distance to closest fire department (FD_DIST), value 

of owner occupied unit (VAL_OWNROCC), age of owner occupied unit 

(AGE_OWNROCC), and proportion of city classified as urban (PCT_URBAN) greater 

than reporting cities.  The proportion of population classified young male 

(PCT_YMALE), proportion of population classified as White (PCT_WHITE), proportion 

of population age 25 or older with a high school education (PCT_25_HS), and proportion 

of population classified as disabled (PCT_DISABLED) are lower in non-reporting cities.   
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For ‘Strata 3’ cities (those with populations greater than 25 000), non-reporting cities 

have lower proportion of housing units classified as vacant (PCT_VACANT), proportion 

of units that are owner occupied (PCT_OWNROCC), proportion of population classified 

as White (PCT_WHITE), and proportion of population classified as veterans 

(PCT_VETERANS) than reporting cities.  Non-reporting cities also have lower incomes 

(INCOME) than do reporting cities.  The distance to closest fire department (FD_DIST), 

value of owner occupied units (VAL_OWNROCC), and proportion of city classified as 

urban (PCT_URBAN) are greater in non-reporting cities than in reporting cities. 

 

While fire incident data from non-reporting cities are not available, the matching 

approach developed here presents a possible path forward toward producing detailed 

NFIRS-based statistics that are more consistent with the current U.S. fire problem.  Risk 

comparisons (e.g., the effect residential fire sprinklers has on occupant safety) made on 

matched reported incident data would ensure those factors that are correlated with 

reporting status and fire risk are balanced.  Thus, the results would be generalizable to the 

rest of the U.S., as differences between reporting and non-reporting cities have been 

taken into account.  The next phase of the larger analysis is to use this proof-of-concept 

to generate a better understanding of the risks associated with residential upholstered 

furniture in home fires.  This will include revisiting the relevant confounders (covariates) 

needed. 
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