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Executive Summary 
 
We worked with the American Red Cross of the Chicago and Northern Illinois Region (ARCCNIR) to define 
and determine fire resiliency in Evanston, IL. We obtained data from the Evanston Health and Fire 
Departments, the 2010 American Community Survey, and TIGER/Line census tracts to identify key factors 
in forecasting where fire responses occur in addition to where damaging fires occur. Using several different 
modeling techniques, we found that among the most significant factors were race, college graduation rate, 
age of home, occupancy rate, rental rate, and percentage of smokers. Going forward, we recommend that 
ARCCNIR collect more data related to demographics, housing structures, and historical fire instances in 
the Chicagoland area to develop a more robust and predictive model as well as developing programs based 
on the key factors identified in order to improve community fire resiliency. 
 
 
Problem statement 
 
Each year, there are thousands of fire related incidents in the Evanston area. These fires not only cause 
monetary losses but can also displace families from their homes. It is the goal of the ARCCNIR to assist 
those who need disaster relief as quickly and effectively as possible. Our group worked with the ARCCNIR 
to develop models that will assist the ARCCNIR in directing efforts to improve disaster preparedness and 
resiliency in its responding region. Due to limitations of available data and conversations around the 
priorities of our client, we began to focus on fire preparedness and resiliency specifically in Evanston. 
 
 
Background Research 
 
There currently exist some models that attempt to determine which areas are most at risk of fire related 
incidents. One such model, Smoke Signals1, attempts to predict which regions are more at risk of not having 
smoke detectors, whereas ARCCNIR is more interested in the regions more at risk of fires in specifically. 
Despite its different purpose, we examined their data sources as well as the most important predictors of 
risk to identify data potentially relevant to the ARCCNIR’s response mission. Smoke Signals uses the 
American Community Survey and American Housing Survey census data to determine at-risk areas based 
on the following variables, ranked by importance: 

 
Figure 1: Relative importance of predictive variables in Smoke Signals risk model2 

 

                                                
1 http://labs.enigma.io/smoke-signals/ 
2 http://blog.enigma.io/risk-model-for-residences-without-smoke-alarms/ 
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According to this plot race, rental properties, and age of home seem to be the most significant predictors 
of risk of not having smoke detectors. This is helpful for comparing our models to determine similar 
predictors that may be are significant in predicting fire prevalence. Because Smoke Signals is based off of 
census data, some participants chose not to answer certain questions and therefore caused holes in data 
that could not be overcome, therefore were missing from the predictive model. The following plot 
summarizes this missing data: 
 

 
Figure 2: Missing census data from Smoke Signals risk model3 

 
 

We identified these missing data variables as potential features for our model. Another weakness of this 
model is that it was created based on New York regional data, then applied to the rest of the country which 
does not account for how factors may play very different roles in different communities. We hoped that if 
we could get Evanston specific data that would help us become even more accurate in our predictions.  
 
There is another model that used in New York called FireCast 2.04 for the same purpose as ours. It 
combines demographic, building inspection, and historical fire data to achieve their goal of forecasting 
commercial and residential fires. It has been successful in the past and they are even upgrading to FireCast 
3.0 which incorporates machine learning, updating almost instantly whenever new data is entered. FireCast 
3.0 was a muse in our goal to aid the ARCCNIR in creating a fire risk model, thus provided insight for 
potential variables and data sources. 
 
  
Assumptions 
 
Our client wanted to primarily focus on the Evanston area for the basis of this project but looking forward, 
if they would like to use this model for other areas like the greater Chicago area then we have to assume 
that the data used to create the model for the Evanston area is somewhat representative of other cities. We 
also assumed that there is a relationship with likelihood of fires and demographic data. Finally, because we 
used a variety of sources we have to assume that they are all reliable. 
 
Limitations 
 

                                                
3 http://blog.enigma.io/risk-model-for-residences-without-smoke-alarms/ 
4 http://nationaluasi.com/dru/2014%20Presentations/FDNY_FireCast_UASI_2014-5-22.pdf 
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Despite our wide-reaching efforts, a result of our project showed that gathering reliable fire data was more 
difficult than expected and so we were only able to obtain Evanston fire response data from the past five 
years. We also used survey data collected in different years without incorporating possible changes over 
time. These surveys also resulted from voluntary response that may not accurately reflect Evanston facts. 
Further, our varying data sources provide a wide range of predictor variables with far fewer response 
variables based on how Evanston land is segmented in data. In order to join and relate data geographically, 
some address data had to be input manually which may have resulted in entry error. Finally, the data from 
the surveys were based on different geographic areas, census tracts and wards. The tracts and wards had 
to be overlaid in order to relate the data, so any data without a specific address had to be assigned based 
on land proportions which may not be an accurate reflection of the demographic distribution of Evanston. 
 
 
Objectives 
 
The initial overarching objective for this project was to determine a method for defining and measuring 
resiliency in Evanston. Based on data collection and relevancy to the ARCCNIR, this objective narrowed to 
focus on fire resiliency by building a model that predicted where fires occur. In discussions with the client, 
we realized both the difficulty in gathering all potentially relevant data as well as the likely issues with 
modeling given the size of Evanston. We determined that instead of producing a final predictive model for 
all of Chicago, our project would serve as a catalyst for a more specialized “Hackathon” for developing a 
robust fire predictor. Thus, a primary objective of our project became identifying potentially relevant 
variables and data sources in predicting damaging fire responses that the ARC should investigate and 
incorporate into the future model. This would allow the ARCCNIR this focus their efforts in pursuing data 
on these more relevant variables instead of identifying potential predictors for themselves. 
 
Based on Smoke Signals, we also sought to identify how effective smoke detector presence is in identifying 
fire risk in Evanston. If this measure of risk was accurate and reliable, the ARCCNIR could depend more 
on Smoke Signals for determining where to allocate resources for fire prevention and response.  
 
Finally, we wanted to present our findings in a way that would be meaningful for the ARCCNIR as well as 
the city of Evanston. Our goal was to create useful visualizations in GIS incorporating our results both to 
validate our model results and to highlight areas at risk as an actionable tool for the ARCCNIR and city of 
Evanston.  
 
 
Data Collection 
 
Data from five sources was compiled to build a fire risk model. We pulled key population information from 
the 2010 U.S. Census American Community Survey to establish initial Evanston demographics. The 2015 
Evanston Health Department survey helped to validate the demographic information as well as provide 
more information on other metrics, such as age of home and presence of smokers. Actual responses from 
the Evanston Fire Department (EFD) and the ARCCNIR from 2012-2015 were collected and compiled. The 
EFD data included the date, address, dollar loss, and dollar value of each reported fire with damage. The 
EFD data also included the total number of fire responses to each census tract each year. We were able 
to combine all data sources using GIS maps of Evanston. Because the various sources of data divided 
Evanston into different regions, we overlaid the different land regions and adjusted the data weighted by 
land proportions to combine the data and establish more land segments for analysis.  
 
The American Housing Survey, Smoke Signals, Chicago Fire Department, and Evanston Property 
Management were sources of information investigated, but ultimately not utilized due to lack of granularity 
and access to relevant information. Carbon Monoxide responses were also explored, but due to lack of 
available data and pushback from the fire department we decided not to look into predicting that type of 
crisis.  
 
 
Methodology 
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We first decided what information was relevant from each source of data. Of 114 initially available variables 
(see Appendix A), variables had to be removed to prevent overfitting for our 58 response variables. Factors 
were identified extraneous and in-actionable for preventive programming and so were removed or 
combined as predictors, leaving the following variables from corresponding data sources: 
 

Table 1: Data sources and selected variables 

 
 
Prior research revealed that Smoke Signals identified race as the strongest predictor of fire risk. However, 
we determined that race as a predictor may be misleading due to the high level of multicollinearity with 
other variables, as shown in the table below.  
 
 

 
Table 2: Correlation between race and other factors across data sources 

 
 
To simply say that a high population of a given racial group indicates an area at risk of fires does not tell 
the whole truth or provide an effective solution to mitigate risk. The correlation between all variables was 
calculated (Appendix B) to identify other potential sources of multicollinearity so that we could adjust our 
model if our results indicated the influence of multicollinearity. Models were performed with and without 
race data in order to show and account for sensitivity to this variable. 
 
Comparison of the EFD response data to the ARCCNIR response data revealed that fires with loss more 
closely related to ARCCNIR responses, which makes sense given the ARCCNIR responds to help families 
recover from damage to their homes. Both the number of responses with loss per land segment and the 
total number of fire responses to land segments were used to determine predictive variables and as 
sensitivity analysis for assessing the differences between total fire responses and fire responses with loss. 
 

2015 Health  
Department Survey 

2010 Census Data 
EFD Historical 
Response Data 

ARC Historical 
Response Data 

% college graduates 
% under $50K income 
% homes built before  
      1978 
% regularly check    
      smoke alarms 
% with no smoke alarm 
% smokers 

% population by race 
% living in homes vs.  
      group living quarters 
% households with     
      members > 65 years 
% households with  
      members < 18 years 
% units owned vs. rented 
Average household size 
Occupancy rate 

# of responses with  
     losses 
# of fire responses 

# of responses 
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First, a linear model without interactions, and then including interactions was determined using backward 
and forward stepwise regression. Trees were also modeled because they show very clearly how factors 
rank in influence. These models were conducted both with and without race as a factor. All of these models 
were initially run with the number of fires with loss as the response variable. Then the models were run with 
total number of fire responses as the response variable. Finally, models were also run using only the 
presence and checking of smoking alarms as a factor. See Appendix C for the R code associated with 
these models and Appendix D for the regression tree plots. Visualization in GIS was used for validation, as 
there were not enough data points to effectively run cross-validation on our models. 
 
Logistic regression was initially considered, but based on the nature of the fire response data, number of 
fires was chosen as the response variable over probability of fire to show the range of fire responses across 
the various land segments. Using the number of fires also allowed risk to be distributed across the area of 
the land, thus accounting for the various differences in land segment size. The lasso technique was also 
utilized, but since the objective was to determine any variables that may be helpful in building a fire-risk 
model we wanted to see more explicitly how variables influenced the model and chose step-wise as a better 
factor-limiting process. Finally, random forests were tested but did not provide significant results or provide 
insight on how each variable influenced response, instead only produced ordinal ranking of the relevance 
of variables and so these tests were excluded. 
 
 
Analysis 
 
A linear model resulted in identifying race, college graduation rate, age of homes, and smoke alarms as 
key factors in predicting loss, including interactive variables. The regression results of the best linear models 
in each data category can be found in the table below. 
 
 

 Race Predictor Included Race Predictor Excluded 

Loss 
Data 

TotalLosses =             101.01 -99.062(RaceA) 
-129.124(CollegeGrad)  
+ 7.058(OldHome)  
 -1144.89(NoSmokeAlarm)  
+ 127.247(RaceA*ColGrad)  
+ 1396(OldHome*NoSmokeAlarm) 

TotalLosses =                      30.422  
                    
+3.88(AvergeHHSize) 
-38.175(Occupied Units) 

Response 
Data 

TotalLosses =               554.6 +1843.6(RaceA) 
-1964.0(HouseholdsWithChildren) 
-2041.5(CollegeGrad) 
+3526(LowIncome) 
+538.8(OldHome) 
-5971.1(Race*LowIncome) 
+60466.0(OldHome*NoSmokeAlarm) 

Null results 

Table 3: Results from linear regression 

 

 

Our tree models resulted in slightly different critical factors. Most important were occupancy rate, college 

graduation rate, age of home, rental rate, and percentage of smokers, shown in the following table. 
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 Race Predictor Included Race Predictor Excluded 

Loss Data 1. Race 
2. Age of home 

1. Occupancy rate 
2. College graduation rate 
3. Age of home 
4. Rental rate 
5. Percentage of smokers 

Response 
Data 

1. Percent of low income families 
2. Rental rate 
3. Occupancy rate 
4. Average household size 

1. Percent of low income families 
2. Rental rate 
3. Occupancy rate 
4. Average household size 

Table 4: Results from tree regression 

 
 
To validate the models, the predicted fire risk from the results were plotted onto the Evanston GIS regions 
and compared to actual responses from the Evanston Fire Department. There was statistical significance 
in the models and apparent visual correspondence between the model predictions and the historical data. 
 
 

 
Figure 3: Visual validation of statistically significant models 

 
 
It was quickly determined that smoke alarms - both the presence of and checking for alarms - were not a 
good predictor of fire resilience. Models resulted in statistically insignificant and logically inconclusive 
models. As seen in the figure below, there is no immediate visual relation between areas that result in 
damaging fires and those where smoke alarms are present and maintained. 
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Figure 4: Visual representation of smoke alarm presence and maintenance versus prevalence of damaging fires 

 
 
 
Conclusions/recommendations 
 
Ultimately, we recommend that the ARCCNIR focus on programming in areas with a low percentage of 
higher-educated individuals, a high propensity for older homes, and high rental rates. These were the 
factors found in our models to be the key indicators of fire risk. The presence of smoke alarms, however, is 
not necessarily an effective measure of resiliency when defined as resisting damage and recovering quickly, 
as originally thought. Further, our results show that in future modeling, it is important to include both 
demographic data as well as the structural nature and occupancy patterns of homes in a community.  
 
When looking at our model, it is important to note that there were a limited number of data points for each 
region, and thus our results may not be representative of fire resiliency in Evanston. In addition, because 
the wards and tracts of our sources of data were different among each other, when merging the information 
to create a single layout of Evanston the data was adjusted by weighted averages of the different regions. 
The regions themselves varied largely in size, making direct comparisons difficult and heuristic adjustments 
necessary. Finally, we do not know the extent to which the model is applicable to other cities in the area 
given the demographic and policy differences between communities. 
Looking forward, we recommend collecting similar information for the larger Chicagoland area to allow for 
more robust modeling. A focused survey to access all desired data and control for survey bias would lead 
to more reliable and useful data for developing and maintaining a model. Finally, when a more robust model 
is created, the next step would be to research and implement preventive programming that targets 
populations based on their relevant risk factors, eventually leading to safer and more resilient communities. 
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Appendix A:  
 

Evanston Fire Department Health Department Survey Census 

Address Average Age TotalPop 

Date Median Age RaceA 

Dollar Loss Female RaceB 

Dollar Value Male RaceC 

% Loss Transgender RaceD 

Cause of Fire Prefer not to respond (re: gender) RaceE 

Residential/Commercial American Indian or Alaska Native RaceF 

Responses by Station Asian RaceG 

 Black or African-American RelH 

 Native Hawaiian and Other Pacific Islander RelHH 

 Other (please specify) RelS 

 Prefer not to respond (re: race) RelC 

 Two or more races RelCO 

 White RelO 

 Hispanic or Latino RelOU 

 Not Hispanic or Latino RelOO 

 Prefer not to respond (re: ethnicity) RelN 

 Married RelNU 

 Divorced RelNO 

 Widowed RelU 

 Never married RelG 

 Separated RelI 

 Prefer not to respond (re: marital status) RelIM 

 Graduate or professional degree RelIF 

 Bachelor's degree RelNI 

 Some college (including certificate or Associate's Degree programs) RelNIM 

 High School Diploma or GED RelNIF 

 Less than high school graduate HHU 

 Prefer not to respond (re: education level) HHO 

 Less than $25,000 
AverageHHSiz
e 

 $25,000 to $49,999 AverageFSize 

 $50,000 to $99,000 OccTotal 

 Over $100,000 OccUnits 

 Prefer not to respond (re: household income) Vunits 

 Excellent Health RVRate 

 Very Good Health Htenure 
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 Good Health OwnUnits 

 Fair Health RentUnits 

 Poor Health HHSizeO 

 Prefer not to respond (re: health status) HHSizeR 

 Current home built prior to 1978  

 Current home built after 1978  

 Checked the smoke alarm twice a year  

 Installed energy-efficient lighting  

 Repaired water damage or plumbing leaks  

 Brought non-toxic or "green" cleaning supplies  

 Installed a carbon monoxide alarm  

 Installed water-saving fixtures  

 Tested for lead-based paint  

 Tested for radon  

 None of these health or safety measures taken in your current home  

 Prefer not to respond (re: health or safety measures taken in your current home)  

 Didn't have money to take health/safety measures  

 Didn't own the home so didn't take health/safety measures  

 Not priority to take health/safety measures  

 Didn't know about health/safety measures  

 Didn't have time to take health/safety measures  

 No carbon monoxide Alarms  

 No smoke alarms or has non-working smoke alarms  

 Outside air enters the home through leaks in the windows, doors, holes, or cracks  

 Smoking is permitted  

 Water leaks have been present in the last nine months  

 The home is built before 1978 and the paint is peeling  

 Smoked at least 100 cigarettes in lifetime  

 Smoke everyday  

 Smoke some days  
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Appendix B: Correlations between variables 

 
RaceA RelH HHU HHO 

Average

HHSize 
OccUnits 

OwnUnit

s 
ColGrad 

LowInco

me 

OldHom

e 
CheckSA NoSA Smokers 

TotalLos

ses 

RaceA 1 -0.5001 -0.1542 0.2061 -0.6222 0.4064 0.4050 0.2388 -0.3764 0.2017 -0.1580 0.0833 -0.1785 -0.1470 

RelH -0.5001 1 0.4267 -0.0442 0.4882 -0.2577 0.2302 -0.1080 0.2130 -0.0062 0.1939 -0.0925 0.0253 0.0955 

HHU -0.1542 0.4267 1 0.4643 0.5823 0.0904 0.1477 -0.0595 0.1282 0.2079 0.3031 -0.0014 0.0036 0.1508 

HHO 0.2061 -0.0442 0.4643 1 0.0079 -0.1596 -0.0340 -0.1004 -0.0023 0.0640 0.0793 0.1216 0.0712 0.0396 

Average

HHSize -0.6222 0.4882 0.5823 0.0079 1 0.1690 0.1607 -0.2286 0.1882 -0.0330 0.1864 -0.0199 0.2249 0.2030 

OccUnits 0.4064 -0.2577 0.0904 -0.1596 0.1690 1 0.2366 0.0594 -0.1641 0.0805 -0.0118 -0.0704 0.0363 -0.1322 

OwnUnit

s 0.4050 0.2302 0.1477 -0.0340 0.1607 0.2366 1 0.1018 -0.2845 0.1670 -0.1114 0.1039 -0.0454 0.0644 

ColGrad 0.2388 -0.1080 -0.0595 -0.1004 -0.2286 0.0594 0.1018 1 -0.8668 0.6456 -0.5163 -0.2078 -0.8994 -0.1026 

LowInco

me -0.3764 0.2130 0.1282 -0.0023 0.1882 -0.1641 -0.2845 -0.8668 1 -0.5660 0.5747 0.1804 0.6932 0.0362 

OldHom

e 0.2017 -0.0062 0.2079 0.0640 -0.0330 0.0805 0.1670 0.6456 -0.5660 1 0.0560 0.0882 -0.5891 0.0541 

CheckSA -0.1580 0.1939 0.3031 0.0793 0.1864 -0.0118 -0.1114 -0.5163 0.5747 0.0560 1 0.2527 0.3790 0.1007 

NoSA 0.0833 -0.0925 -0.0014 0.1216 -0.0199 -0.0704 0.1039 -0.2078 0.1804 0.0882 0.2527 1 0.1982 0.0671 

Smokers -0.1785 0.0253 0.0036 0.0712 0.2249 0.0363 -0.0454 -0.8994 0.6932 -0.5891 0.3790 0.1982 1 0.1293 

TotalLos

ses -0.1470 0.0955 0.1508 0.0396 0.2030 -0.1322 0.0644 -0.1026 0.0362 0.0541 0.1007 0.0671 0.1293 1 
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Appendix C: Regression model results 

 

LossData No Interactions, with race: 
> summary(fitNoInt) 
 
Call: 
lm(formula = TotalLosses ~ AverageHHSize + OccUnits, data = LossDataP) 
 
Residuals: 
   Min      1Q  Median      3Q     Max  
-10.714  -3.611  -2.466   3.045  28.011  
 
Coefficients: 
             Estimate Std. Error t value Pr(>|t|)   
(Intercept)     30.422     23.413   1.299   0.1992   
AverageHHSize    3.880      2.213   1.753   0.0851 . 
OccUnits       -38.175     25.906  -1.474   0.1463   
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 6.977 on 55 degrees of freedom 
Multiple R-squared:  0.07764, Adjusted R-squared:  0.0441  
F-statistic: 2.315 on 2 and 55 DF,  p-value: 0.1083 
 

Loss Data, Interactions, with Race: 
> summary(fitInt) 
 
Call: 
lm(formula = TotalLosses ~ RaceA + ColGrad + OldHome + NoSA +  
   RaceA:ColGrad + OldHome:NoSA, data = LossDataP) 
 
Residuals: 
    Min       1Q   Median       3Q      Max  
-16.6747  -3.3533  -0.8125   3.1285  23.6054  
 
Coefficients: 
              Estimate Std. Error t value Pr(>|t|)     
(Intercept)     101.010     25.481   3.964  0.00023 *** 
RaceA           -99.062     20.494  -4.834 1.27e-05 *** 
ColGrad        -129.124     27.687  -4.664 2.27e-05 *** 
OldHome           7.058     14.915   0.473  0.63808     
NoSA          -1144.894    605.034  -1.892  0.06414 .   
RaceA:ColGrad   127.247     27.623   4.607 2.76e-05 *** 
OldHome:NoSA   1396.871    747.790   1.868  0.06751 .   
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 6.057 on 51 degrees of freedom 
Multiple R-squared:  0.3553, Adjusted R-squared:  0.2795  
F-statistic: 4.685 on 6 and 51 DF,  p-value: 0.0007247 
 
Loss Data, No Race, No Interactions: 
 
Call: 
lm(formula = TotalLosses ~ AverageHHSize + OccUnits, data = LossDataNR) 
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Residuals: 
   Min      1Q  Median      3Q     Max  
-10.714  -3.611  -2.466   3.045  28.011  
 
Coefficients: 
             Estimate Std. Error t value Pr(>|t|)   
(Intercept)     30.422     23.413   1.299   0.1992   
AverageHHSize    3.880      2.213   1.753   0.0851 . 
OccUnits       -38.175     25.906  -1.474   0.1463   
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 6.977 on 55 degrees of freedom 
Multiple R-squared:  0.07764, Adjusted R-squared:  0.0441  
F-statistic: 2.315 on 2 and 55 DF,  p-value: 0.1083 
 

Loss Data, No Race, Interactions: 
 
lm(formula = TotalLosses ~ AverageHHSize + OccUnits, data = LossDataNR) 
 
Residuals: 
   Min      1Q  Median      3Q     Max  
-10.714  -3.611  -2.466   3.045  28.011  
 
Coefficients: 
             Estimate Std. Error t value Pr(>|t|)   
(Intercept)     30.422     23.413   1.299   0.1992   
AverageHHSize    3.880      2.213   1.753   0.0851 . 
OccUnits       -38.175     25.906  -1.474   0.1463   
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 6.977 on 55 degrees of freedom 
Multiple R-squared:  0.07764, Adjusted R-squared:  0.0441  
F-statistic: 2.315 on 2 and 55 DF,  p-value: 0.1083 
 
Response Data, No Interactions, With Race: 
 
lm(formula = TotalResponses ~ 1, data = ResponseDataP) 
 
Coefficients: 
(Intercept)   
     252.1   
 
Response Data, With Race, Interactions: 
lm(formula = TotalResponses ~ RaceA + HHU + ColGrad + LowIncome +  
   OldHome + NoSA + RaceA:LowIncome + OldHome:NoSA, data = ResponseDataP) 
 
Residuals: 
   Min      1Q  Median      3Q     Max  
-499.57 -187.02  -57.98  196.14  606.29  
 
Coefficients: 
               Estimate Std. Error t value Pr(>|t|)     
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(Intercept)        554.6     1149.0   0.483 0.631491     
RaceA             1843.6      628.7   2.932 0.005103 **  
HHU              -1964.0     1085.2  -1.810 0.076446 .   
ColGrad          -2041.5      944.7  -2.161 0.035613 *   
LowIncome         3526.0     1382.8   2.550 0.013957 *   
OldHome            538.8      727.8   0.740 0.462689     
NoSA            -49196.0    28033.9  -1.755 0.085531 .   
RaceA:LowIncome  -5791.1     1608.7  -3.600 0.000741 *** 
OldHome:NoSA     60466.0    34712.7   1.742 0.087801 .   
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 273.3 on 49 degrees of freedom 
Multiple R-squared:  0.2871, Adjusted R-squared:  0.1707  
F-statistic: 2.467 on 8 and 49 DF,  p-value: 0.02484 
 
Response Data, No Race, No Interactions: 
 
lm(formula = TotalResponses ~ 1, data = ResponseDataNR) 
 
Coefficients: 
(Intercept)   
     252.1   
 
Response Data, No Race, With Interactions: 
 
lm(formula = TotalResponses ~ ColGrad + OldHome + NoSA + OldHome:NoSA,  
   data = ResponseDataNR) 
 
Residuals: 
  Min     1Q Median     3Q    Max  
-369.1 -224.8 -117.7  217.4  936.8  
 
Coefficients: 
             Estimate Std. Error t value Pr(>|t|) 
(Intercept)    1354.82    1028.77   1.317    0.194 
ColGrad       -1326.45     940.53  -1.410    0.164 
OldHome         -38.87     743.04  -0.052    0.958 
NoSA         -42395.96   29983.57  -1.414    0.163 
OldHome:NoSA  53420.19   37059.85   1.441    0.155 
 
Residual standard error: 302.3 on 53 degrees of freedom 
Multiple R-squared:  0.05632, Adjusted R-squared:  -0.0149  
F-statistic: 0.7907 on 4 and 53 DF,  p-value: 0.5364 
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Appendix D: Regression tree results 
 
Loss Data, Including Race 
 

 
 
Loss Data without race, pruned to 7 factors 
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Loss Data, pruned to 6 factors 

 
Response data, with and without race 

 


