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ABSTRACT 

Data is generated every second. The term Big Data refers to the volume, variety, and velocity of data that 
is being produced. Now woven into every sector, its size and complexity has left organizations faced with 
difficulties in being able to create, manipulate, and manage Big Data. This research identifies and reviews 
a range of Big Data techniques available through SAS, highlighting the fundamental opportunities that 
SAS provides for overcoming a variety of business challenges. Insurance is a data-dependent industry 
hence this research focuses on understanding what SAS can offer to insurance companies and how it 
could interact with existing customer databases and online, user-generated content. A key data source 
has been identified for this purpose. The research demonstrates how models can be built based on 
existing relationships found in past data and then used to identify prospective customers. Principal 
Component Analysis and Logistic Regression are considered within this research. This paper 
demonstrates how these techniques can be used to help capture valuable insight, create firm 
relationships, and support customer feedback. Whether it is prescriptive, predictive, descriptive, or 
diagnostic analytics, harnessing Big Data can add background and depth, providing insurance companies 
with a comprehensive understanding of their customers. This paper highlights how reducing the 
complexity and dimensionality of data can provide actionable intelligence to enable more informed 
business decisions. 

INTRODUCTION  

The age of Big Data has only just begun, but the application of advanced analytics has been long 
established through years of mathematical research. With vast amounts of data from a variety of fields 
being generated each day, companies from a range of sectors are keen to exploit their data in order to 
gain a competitive edge. There is nothing new about data, data has been around for decades, what's new 
is the volume, velocity and variety of data. Big Data definitions are constantly evolving, however (Laney, 
2001) definition of the ‘three V's' has become a widely known framework. (Gartner, n.d.) equally describe 
Big Data as “high-volume, high-velocity and high-variety information assets that demand cost-effective, 
innovative forms of information processing for enhanced insight and decision making.”   

From the above definitions, the first dimension volume refers to the huge range of sources that are 
contributing to the flood of data being created, social networking sites such as Facebook and Instagram, 
transactional records from shopping with our credit cards, video rendering, mobile sensors, geographical 
exploration and even medical images which are generated as part of our ‘Electronic Health Record’ HER. 
The second dimension, velocity refers to the continually increasing rate in which data is being streamed 
at; video surveillance data requires real time analysis to effectively and efficiently react, whether it be for 
example, crime related or traffic congestion. The third dimension, variation refers to the distinct range of 
data types; structured, semi-structured, quasi-structured and unstructured. According to (Dietrich, 2015) 
data of a defined format and structure such as, online analytical processing (OLAP) data cubes or 
numerical data stored in conventional databases are examples of structured data. Text files with a clear 
pattern that can be defined by Extensible Mark-up Language (XML) are an example of semi-structured 
data. Text files with an unclear pattern that require a substantial amount of effort and time to format are 
an example of quasi-structured data. Emails, PDFs, pictures and videos are all examples of unstructured 
data, where the data is un-organized and has no apparent structure.  

Big Data stretches far and wide, from social data to machine data to transactional data and even search 
data. For example, according to (Dietrich, 2015) social networking sites such as Twitter and Facebook are 
enabling companies to better understand their customer’s behaviour, with 230 million tweets posted on 
Twitter and 2.7 billion likes and comments added to Facebook each day, the potential customer insight is 
endless. With the wealth of information now available online, (Google, 2012) search statistics have 
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reported that in excess of 40,000 web searches are generated every second, which constitutes to roughly 
1.2 trillion searches across the globe each year.  
 
The amount of data that is being produced and stored globally is constantly growing and according to 
(IBM, 2013), the two years prior to 2013 saw the generation of 90% of the world's data. However, with 
companies’ ability to outsource their data storage to low cost storage locations such as Iceland (Mayor, 
2015), the vast volume of data can be more easily stored and therefore much of today's focus is around 
dealing with the variety and velocity of data. According to (Economist, 2016) the last fifty years has seen 
computing power double every eighteen months and it is estimated to continually increase at this rate for 
at least another decade, this is known as ‘Moore's Law’. The challenge of understanding this data has led 
to the development of new tools and techniques in the fields of Computing, Mathematics and Business, 
driving the recent expanse in Data Mining, Statistical Learning and Business Intelligence. 
 
Big Data analytics encompasses a range of techniques that can be used to uncover hidden patterns, 
discover unknown correlations, highlight market trends and reveal customer insight from the data. The 
results can lead to more effective marketing, boost in revenue, improved customer service, increased 
operational efficiency and a competitive edge over rival companies. The primary focus of Big Data 
analytics is to provide companies and organizations with the necessary information to make more 
knowledgeable decisions, through analysing customer databases and records, Web server logs, Social 
Media content, text from customer emails, survey responses, mobile-phone call detail records and many 
more. This research, with the aid of SAS technologies, will explore the capabilities of Big Data Analytics 
when applied to an Insurance scenario. 
 

The rest of this paper is organized as follows. THE INSURANCE COMPANY DATA section outlines the 
data used within this research. The DATA PRE-PROCESSING STAGE section focuses on understanding 
and reducing the complexity of the data. THE PREDICTION STAGE centres on generating prediction 
models from historical data and identified significant characteristics. The CONCLUSION provides a 
summary the results found in this research, highlights the issues to be addresses in future research and 
presents the conclusions.  

THE INSURANCE COMPANY DATA  

The Insurance Industry is inundated with huge amounts of data about their customers, their relations with 
customers and their interactions. Customer relations and interactions can be analysed using a variety of 
analytical techniques to boost revenue, reduce costs and improve customer service. Financial, actuarial, 
claims, risk, consumer and many other forms of data underpin practically every decision an insurer 
makes. Advanced analytics has become integral to providing solutions for insurers; aiding decisions 
through capturing and analysing structured and unstructured data associated with their policyholders.  
Hence there is huge magnitude of potential insight to gain from modelling past data and according to 
(Marr, 2015) the insurance (predictability) industry is keen to explore further.  

Predicting the profiles of potential customers from a set of given information based on existing customers 
is a well-known data mining problem that is extremely important, especially in terms of direct marketing. 
Directly mailing a company’s list of prospective customers can be an effective approach when it comes 
marketing a product or service. However, more often than not, this mail is regarded by many as ‘junk mail’ 
and thrown away by people who have no interest in this product or service and is therefore neither cost 
effective nor environmentally friendly. This research will consider a specifically chosen insurance scenario 
to highlight a more effective way to predict prospective customers.  

The Insurance Company data was created especially for the CoIL Challenge 2000 Data Mining 
Competition by (Challenge, 2000), the data is representative of the characteristics featured in a typical 
Big Data dataset. The challenge attracted a large variety of solutions, both in terms of approaches and 
performance. Essentially the goal of the competition was to predict prospective customers who would be 
interested in purchasing a specific insurance product, a caravan policy and why. The CoIL Challenge 
2000 is a prediction problem designed to represent properties that often appear in real world problems. 
The data is noisy, skewed, correlated and is of high dimension with a weak relationship between input 
and target.  
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From a marketing perspective the goal of the prediction task is to rank the prospective customers of the 
Insurance Company according to probability that they will buy a caravan policy, so that the highest ranked 
customers can be contacted via mailing. A Marketing Analyst would determine an optimal number of 
customers in which to mail where the cost of mailing and profit of response are known. For the purpose of 
the competition a predetermined subset of 20% of the most likely customers should be targeted for 
mailing, a select 800 out of the 4000 instances in the test set. 
 
The data as mentioned is of high dimension, a total of 5822 training instances and 4000 test instances. 
The data entails 86 variables of which, 83 are numeric, 2 are symbolic input features and the 86th binary 
target variable caravan policy. As the data is highly noisy the key features to explain policy insurance are 
not present. The input can be divided into two categories, the first 43 features are based on 
sociodemographic data and the following 42 features are based on product ownership data. Each 
continuous variable has been discretized into ranges, more information can be found online (Putter, 
2000). 
 
The sociodemographic data is linked to the postal code of the customer rather than to the individual 
customer, which adds further to the complexity of this data. For example, a value of 4 for the variable 
‘Household with children’ means that an estimated 37- 49% of people living in the same postal code area 
have children that live at home. Due to these features all being linked to the hidden variable location, 
some of the features are as a result highly correlated.  
 
A range of statistical techniques could be used to approach this problem, this research is split into two 
main sections; Data Pre-processing and the Prediction task. The Data Pre-processing stage will focus on 
reducing the amount of information present and selecting the most relevant attributes to improve the 
prediction performance of the predictors and the interpretability and generalization of the data. Principal 
Component Analysis has been identified to perform the pre-processing task of customer database 
attributes selection. In addition, Logistic Regression has been identified to improve the prediction of 
prospective customers based on the attributes of existing customers. These techniques appear to be an 
important tool in increasing the effectiveness of direct marketing a service or product.  

DATA PRE-PROCESSING STAGE 

Linear dimensionality reduction methods such as Principal Component Analysis (PCA) have been widely 
used across domains such as engineering, astronomy, biology, economics, and many more (Fodor, 
2002). PCA provides a means to systematically reduce the dimensionality of the data. According to 
(Darbyshire, 2016), PCA has been successfully applied in finance to the risk management of interest rate 
derivatives portfolios; reducing trading multiple swap instruments from a function of 30-500 to just 3 or 4 
principle components. PCA produces a smaller more coherent set of variables whose ‘principle 
components’ are a linear combination of the original variables. According to (Guyon, 2003), PCA is a 
statistical technique that linearly transforms the original correlated variables into a smaller subset of 
uncorrelated variables. This is considered influential, as a small and uncorrelated variable is considerably 
easier to interpret and far more useful for further analysis in comparison to a large set of correlated 
variables. 

PRINCIPLE COMPONENT ANALYSIS FOR INSURANCE COMPANY DATA  

A PCA will be performed in SAS® Enterprise Guide® to determine key features present amongst the 
data. Prior to performing the initial PCA, the Insurance Company data was pre-examined for 
redundancies, this is important as these should be dealt with prior to the analysis. By means of a basic 
summary statistics carried out in SAS® Enterprise Guide® no redundancies were found and therefore no 
further investigation was required, hence it was possible to proceed with the initial PCA. 

The initial PCA carried out used the SAS® Enterprise Guide® default setting in order to determine the 
number of factors to retain. According to (Jolliffe, 2002) by Kaiser’s rule (1960), components should only 
be included in the analysis if their eigenvalue exceeds unity. Thus, the principal component must account 
for at least as much variation as one of the original variables used in the analysis. The Eigenvalues of the 
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Correlation Matrix revealed a total of 32 factors which all had an Eigenvalues greater than 1, therefore by 
Kaiser's rule this would suggest keeping a total of 32 factors. However, based on the information 
displayed in Table 1. Eigenvalues of the Correlation Matrixit can be seen that there is also 1 factor whose 
eigenvalue is close to 1, which is important to examine further. 

 

Eigenvalues of the correlation Matrix: Total = 86 Average = 1 

 Eigenvalue Difference Proportion Cumulative 

1 9.36719380 4.45530092 0.1089 0.1089 

2 4.91189288 0.92261884 0.0571 0.1660 

3 3.98927406 0.58374223 0.0464 0.2124 

: : : : : 

31 1.13906848 0.07686012 0.0132 0.8115 

32 1.06220837 0.07812146 0.0124 0.8239 

33 0.98408691 0.03641980 0.0114 0.8353 

Table 1. Eigenvalues of the Correlation Matrix 

A satisfactory degree of the proportion of variance is met by retaining 32 factors, this comfortably exceeds 
the required 70% variation from the original variables. By retaining at least 70% of the original data it 
ensures that a sufficient proportion of variation has been accounted for in the new factors. By examining 
the scree plot in Figure 1. Scree Plot for Insurance Company Datafor any ‘elbows', two can be identified. The 
most extreme elbow illustrates that there is potential to only include the 6 factors above this point for 
further analysis. However, by retaining only 6 factors, insufficient variation would be retained and too 
much of the original data would be compromised. Thus, the results of the scree plot are inconclusive, the 
number of factors to retain is not clear. 

 

 

 

 

 

 

 

 

 

 

 

As the results for determining the number of factors were not clear, the factor loadings matrix will be 
investigated to gain further insight. A factor loading represents the extent in which a factor explains a 
variable. Factor Loadings are given between -1 to 1, the closer a loading is to -1 or 1 the stronger the 
affect that factor has on the variable. The closer the factor loading is to 0 the weaker the affect that factor 
has on the variable. In general, a variable is considered to be highly loaded on a factor if the value of the 
loading exceeds -0.6/0.6. As the SAS® Enterprise Guide®'s recommendation was to retain 32 factors 

Figure 1. Scree Plot for Insurance Company Data 
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from the original 86 variables, the outputted factor pattern Matrix provides the loadings on each of these 
32 suggested new factors. By examining the strength of the factor loadings on each of the new factors 
against each of the new variables it was possible to remove any of the new factors that were redundant 
(i.e. not significantly loaded).  

From this analysis it was discovered that factors 21 to 32 were redundant as none of the original variables 
loaded highly on them and could not be incorporated into the model. Removing these Factors leaves 20 
factors for further analysis and thus PCA is re-run with the number of factors to retain specified to 20. The 
factor pattern matrix was investigated in order to see which out of the 86 original variables were loading 
highly on the 20 newly generated factors. It was concluded that 41 of the original variables did not load on 
any of the factors and hence could not be incorporated into the new model.  

Again a PCA was performed, including the specified 45 original variables which had loadings that were 
significant and the number of factors to retain was set to 20. The factor pattern matrix revealed that the 
number of factors could be reduced to 15 and an additional PCA was again run on the selected 45 
original variables, this time set to 15 specified factors. 

By retaining 15 factors the required degree of variation was met. However, the factor pattern matrix 
presented a number of cross loadings (variables loading on more than one factor) and the majority of the 
original variables were loading on the first factor. Due to a number of variables being highly loaded on 
more than one factor and multiple cross loadings present, a rotation will need to be considered. The 
chosen method used for this analysis is an Orthogonal Varimax. This rotation is suitable as it simplifies 
the principle components by maximizing the variance of the loading within the principle components and 
across variables. The rotated factor pattern is shown below. 

 

Table 2. Rotated Factor Pattern for Insurance Company Data 

Table 2. Rotated Factor Pattern for Insurance Company Data allows the reader to visualise the 
magnitude of the data being investigated. However, to investigate this further a subset of the Rotated 
Factor Pattern will be considered.  
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Table 3. Subset of Rotated Factor Pattern for Insurance Company Data reveals that the original variable 
‘Average Size Household’ is loaded highly with a value of 0.8004 on the factor ‘Home Environment’. In 
summary, this table illustrates which of the original variables are highly loaded on which of the newly 
generated factors. For example, Factor 1 ‘Status’ has in total 7 associated highly loaded original 
variables. No variable is loaded on more than one factor and each factors has at least one highly loaded 
variables associated. 

The factors are renamed based on the corresponding loading variables associated. The Names of newly 
generated components for the Insurance Company Data are as follows: 

 Factor 1 - This factor loads on variables relating to education and social class and is therefore 
renamed as Status. 

 Factor 2 - This factor loads on variables relating to house size, marital status, house with children 
and house with no children and is therefore renamed Home Environment. 

 Factor 3 - This factor loads on variables relating to tractors and agricultural policies and is 
therefore renamed Farming policies. 

 Factor 4 - This factor loads on variables relating to fire policies and private third party policies and 
is therefore renamed Private and Fire policies. 

 Factor 5 - This factor loads on variables relating to family accident policies and is therefore 
renamed Family Accident Policies. 

 Factor 6 - This factors loads on the two variables relating to trailer policies and is therefore 
renamed Trailer Policies. 

 Factor 7 - This factor loads on two variables relating to disability insurance and is therefore 
renamed Disability Cover. 

 Factor 8 - This factor loads on the two variables relating to bicycle policies and is therefore 
renamed Bicycle Policies. 

 Factor 9 - This factor loads on variables relating to the type of customer and is therefore renamed 
Customer Type. 

 Factor 10 - This factor loads on the two variables relating to accident policies and is therefore 
renamed Accident Policies. 

 Factor 11 - This factor loads on the two variables relating to property insurance and is therefore 
renamed Property Cover. 

 Factor 12 - This factor loads on the two variables relating to surfing polices and is therefore 
renamed Surfing Polices. 

 Factor 13 - This factor loads on variables that relating to income ranges and average income and 
is therefore renamed Income. 

 Factor 14 - This factor loads on variables relating to home owners and rented homes and is 
therefore renamed House Owner/Rented. 

Table 3. Subset of Rotated Factor Pattern for Insurance Company Data 
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 Factor 15 - This factor loads on variables relating to low social class and includes unskilled 
labours and is therefore renamed as Economically Deprived. 

In summary, it has been found 15 newly generated factors which essentially explain the key 
characteristics of a potential customer’s interest in a caravan policy. For example, it is not uncommon for 
people who own caravans to also own bicycles and surfboards. It is also highly likely that customers who 
own a caravan would have purchased a fire and accident policy to cover the gas fires on board their 
caravan. By successfully reducing the dimensionality of the data, a concise subset of factors have been 
generated which as a result are easier to interpret for further analysis.  

The results generated by PCA in this case match similarly to the results found by (Ramavajjala, 2012) 
however the strongest indicating feature, ‘Number of Boat Policies’ found by (Ramavajjala, 2012) was not 
incorporated into any of the factors generated by the PCA. ‘Number of Boat Policies’ along with a few 
others original variables will be investigated in more detail for THE PREDICTION STAGE. 

Boxplots were produced between the original variables and the newly formed factors. These highlighted a 
key advantage to PCA; multiple relationships could be analysed on a single graph. A number of 
interesting relationships were found, in particular Figure 2 illustrates the relationship between the original 
variable ‘Average House Hold Size’ and the newly formed factor ‘Home Environment’. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This suggests that the ‘Average Household Size’ and the ‘Home Environment’ scores increase 
simultaneously. This seems plausible, as you would expect a large 5-bedroom house to have a greater 
home environment score than a smaller 2-bedroom house. 

Additional statistical testing was interpreted. A Spearman’s correlation coefficient was used to interpret 
the relationship between the variable ‘Average Size Household’ and the factor ‘Home Environment’.  

The hypotheses in this case are: 

𝐻0 : 𝜌 = 0 

𝐻1 : 𝜌 ≠ 0 

The test carried out in SAS® Enterprise Guide® revealed a p-value of <0.0001. The p-value is significant 
at the 1% level of significance. Therefore, there is sufficient evidence to reject the null hypothesis and 
conclude that there is a significant relationship between the factor ‘Home Environment’ and the original 
variable ‘Average Household Size’. 

 

Figure 2. Box Plot Home Environment against Average Household Size 1-6 
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Spearman Correlation Coefficients, N = 5822 Prob > r under 𝑯𝟎: 𝝆 =  𝟎 

 Average Household Size 1-6 

Home Environment 0.62631 

< .0001 

Table 4. Spearman Correlation for Home Environment with Average Household Size 1-6 

The strength of the relationship is determined by the correlation coefficient, which here is 0.62631, 
indicating a moderate to strong positive relationship. 

In summary, the PCA has proven to be an efficient technique to deal with Big Data for Insurance 
Companies. PCA has be used successfully to reduce the dimensionality of the data to a subset of more 
coherent set of principle components, in a way that has minimized the volume of data to be managed by 
the Insurer with no data compromise. The supplementary statistical tests highlighted a key advantage of 
PCA, successfully identifying a range of underlying relationships and correlations between the variables 
amongst existing customers. This also provides the ability to compare multiple relationships on a single 
graph. The next section of this paper THE PREDICTION STAGE, will focus on identifying prospective 
caravan policy customers by means of Logistic Regression.   

THE PREDICITON STAGE   

LOGISTIC REGRESSION FOR INSURANCE COMPANY DATA  

Logistic regression is a widely used statistical technique. According to (Hardin, 2017) Logistic Regression 
is applied to data where there is a binary (success-failure) outcome or response variable, or in some 
cases, where the result follows the structure of a binomial proportion. An estimate of the relationship 
between a predictor variable and an outcome variable is computed, similar to multiple linear regression. 
However according to (King, 2008), Logistic Regression takes into consideration the fact that the 
dependent variable is categorical. This paper will focus on modeling caravan policy ownership applying a 
Binary Logistic Regression using Base SAS® 9.4. The outcome variable will be parameterized in terms of 
the logit of caravan ownership = 1 versus no caravan ownership = 0.  

 
MODEL 1 CODE – INCLUDING ALL FACTORS GENERATED BY PCA 
 

The initial Logistic Regression model focuses on predicting caravan policy ownership as an outcome with 
the 15 newly generated factors from the PCA, performed in the Data Pre-processing section.  

The hypothesis for the binary logistic regression is as follows: 

0 allNot  :

0: 10





iA

k

H

H



 

 

The code for the logistic regression is as follows: 

proc logistic data= MS4S05.FACTOR_SCORES_CARAVAN; 
model CARAVAN_OWNERSHIP (event="1")= STATUS HOME_ENVIRONMENT FARMING_POLICIES 

FIRE_PRIVARE_POLICIES FAMILY_ACCIDNET_POLICIES TRAILER_POLICIES 

DISABILITY_COVER BICYCLE_POLICIES CUSTOMER_TYPE ACCIDENT_POLICIES 

PROPERTY_COVER SURFING_POLICIES INCOME HOME_OWNER_RENTED 

ECONOMICALLY_DEPRIVED /clodds=pl; 

run; 

quit; 
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The model statement is similar to that of a PROC REG. To the left of the equals sign, is the identify 

outcome variable CARAVAN_OWNERSHIP and to the right of the equals sign is the 15 factors used as the 

predictor variables in this model. The (event="1”)option on the model statements specifies that the 

probability of purchasing a caravan ownership policy will be predicted. The clodds=pl option is used to 

indicate to SAS that the Confidence Limits on the odds ratio using the method of profile likelihood are 

required. The oddsratio statement is used to calculate the odds ration as this is not a default when 

interactions are present.  

MODEL 1 OUTPUT – INCLUDING ALL FACTORS GENERATED BY PCA 
 

Response Profile 

Ordered 
Value 

CARAVAN_OWNERSHIP Total 
Frequency 

1 0 5474 

2 1 348 

Table 5. Logistic Procedure: Response Profile 

 

Probability modelled is  
CARAVAN_OWNERSHIP ='1'. 

 

Firstly, the output from Table 5 shows that all 5822 observations in the data set have been included in the 
analysis. It can also be seen that SAS is modelling CARAVAN_OWNERSHIP using a binary logit model 
with the probability that of CARAVAN_OWNERSHIP = 1.  

 

Testing Global Null Hypothesis: BETA=0 

Test Chi-Square DF Pr > ChiSq 

Likelihood Ratio 146.7832 15 <.0001 

Score 152.8221 15 <.0001 

Wald 141.1014 15 <.0001 

Table 6. Logistic Procedure: Testing Global Null Hypothesis 

Table 6. Logistic Procedure: Testing Global Null Hypothesis6 gives the likelihood ratio chi-square test statistic 
equal to 146.7832 with a p-value of <.0001 so there is significant evidence to reject the null hypothesis. 
Hence, Caravan Ownership can be modelled by at least one of the factors. It can be seen by Table 6 that 
the model as a whole is a significantly better fit than an empty model. The Score 152.8221 and Wald tests 
141.1014 are equivalent tests of the same hypothesis tested by the likelihood ratio test and thus also 
indicate that the model is statistically significant. 
 
 

Analysis of Maximum Likelihood Estimates 

Parameter DF Estimate Standard 
Error 

Wald 
Chi-Square 

Pr > ChiSq 

Intercept 1 -2.9527 0.0651 2055.0425 <.0001 

STATUS 1 0.1987 0.0504 15.5108 <.0001 
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Analysis of Maximum Likelihood Estimates 

Parameter DF Estimate Standard 
Error 

Wald 
Chi-Square 

Pr > ChiSq 

HOME_ENVIRONMENT 1 0.2206 0.0611 13.0282 0.0003 

FARMING 1 -0.1281 0.0814 2.4742 0.1157 

FIRE_PRIVATE_POLICIES 1 0.4050 0.0563 51.8126 <.0001 

FAMILY_ACCIDENT_POLICIES 1 -0.1925 0.0537 12.8676 0.0003 

TRAILER_POLICIES 1 0.0726 0.0360 4.0659 0.0438 

DISABILITY_POLICIES 1 0.0405 0.0458 0.7821 0.3765 

BICYCLE_POLICIES 1 0.0649 0.0365 3.1607 0.0754 

CUSTOMER_TYPE 1 0.0931 0.0429 4.7060 0.0301 

ACCIDENT_POLICES 1 -0.0510 0.0830 0.3773 0.5390 

PROERTY_COVER 1 0.1351 0.0581 5.4077 0.0200 

SURFING_POLICIES 1 0.0249 0.0456 0.2981 0.5851 

INCOME 1 0.0320 0.0295 1.1752 0.2783 

HOUSE_OWNER_RENTED 1 0.2158 0.0569 14.4075 0.0001 

ECONOMICALLY_DEPRIVED 1 -0.2360 0.0645 13.4051 0.0003 

Table7. Logistic Procedure: Analysis of Maximum Likelihood Estimates 

 
The output of Table 7 shows the hypothesis tests for each of the variables in the model individually. The 
chi-square test statistics and associated p-values shown in the table indicate the variables in the model 
which significantly improve the model fit. Here at the 1% level of significance STATUS, 
HOME_ENVIRONMENT, FIRE_PRIVATE_POLICIES, FAMILY_ACCIDENT_POLICES, 
CUSTOMER_TYPE, PROPERTY_COVER HOUSE_OWNER_RENTED and 
ECONOMICALL_DEPRIVED are statistically significant.  
 
The log odds of purchasing a caravan ownership policy is equal to -2.9527 +0.1987 x STATUS. Hence, 
for every increase in 1 in Status, this increases the likelihood of taking out a caravan ownership policy by 
19.87%.  
 

Association of Predicted Probabilities and Observed 
Responses 

Percent Concordant 68.2 Somers' D 0.365 

Percent Discordant 31.8 Gamma 0.365 

Percent Tied 0.0 Tau-a 0.041 

Pairs 1904952 c 0.682 

Table 8. Logistic Procedure: Association of Predicted Probabilities and Observed 
Responses 

Examining Table 8. Logistic Procedure: Association of Predicted Probabilities and Observed 

Responses8 it can be deduced how well the model is doing. The values of the left of the table essentially 
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identify how well the model is doing. The pairs are calculated by taking all possible pairs of customers in 
which one has the outcome in question (owns a caravan policy) and the other does not. There were 348 
who had a caravan policy and 5474 who did not, the total number or pairs is therefore 348 x 5474 = 
1904952. The values to the right of the table are all measures of rank correlation. The higher the value of 
these measures of association the better the predictive value. Here the statistical probability c is 0.682, 
this means that a customer who has purchased a caravan policy has a higher predicted probability of 
purchasing a caravan policy than a customer who has not purchased a caravan policy.  
 
The odds ratios estimates are displayed in Table 9 along with the plot of the Confidence Limits in Figure 
3. 
 

Odds Ratio Estimates and Wald Confidence 
Intervals 

Odds Ratio Estimate 95% Confidence Limits 

STATUS 1.220 1.105 1.347 

HOME_ENVIRONMENT 1.247 1.106 1.405 

FARMING 0.880 0.750 1.032 

FIRE_PRIVATE_POLICIES 1.499 1.343 1.674 

FAMILY_ACCIDENT_POLICIES 0.825 0.742 0.916 

TRAILER_POLICIES 1.075 1.002 1.154 

DISABILITY_POLICIES 1.041 0.952 1.139 

BICYCLE_POLICIES 1.067 0.993 1.146 

CUSTOMER_TYPE 1.098 1.009 1.194 

ACCIDENT_POLICES 0.950 0.808 1.118 

PROPERTY_COVER 1.145 1.021 1.283 

SURFING_POLICIES 1.025 0.937 1.121 

INCOME 1.033 0.974 1.094 

HOUSE_OWNER_RENTED 1.241 1.110 1.387 

ECONOMICALLY_DEPRIVED 0.790 0.696 0.896 

Table 9. Logistic Procedure: Odds Ratio Estimates and Wald Confidence 
Intervals 
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Figure 3. Logistic Procedure: Odds Ratio with 95% Wald Confidence 
Limits 

 

The odds ratio values for each of the factors are stated under the estimates column in Table 9. This 
shows customers who hold a PRIVATE_FIRE_POLICIES are the most likely to purchase a caravan 
ownership policy. In fact, customers who hold a PRIVATE_FIRE_POLICIES are 1.499 times more likely 
to purchase a caravan ownership policy than customer who are ECONOMICALLY_DEPRIVED, who are 
only 0.790 times likely. Here, FARMING_POLCIES, TRAILER_POLICIES, DISABILITY_COVER, 
BICYCLE_POLICIE, ACCIDNET_POLICIES, SURFING_POLICIES and INCOME should be removed 
from the model as they include 1 in their confidence limits. As mentioned STATUS, 
HOME_ENVIRONMENT, FIRE_PRIVATE_POLICIES, FAMILY_ACCIDENT_POLICES, 
CUSTOMER_TYPE, PROPERTY_COVER HOUSE_OWNER_RENTED and 
ECONOMICALL_DEPRIVED were the only factors that were statistically significant. The logistic 
regression model will be re-run excluding the non-significant factors.  
 
 
MODEL 2 CODE – INCLUDING ONLY SIGNIFICANT FACTORS 
 

The second logistic regression model focuses on predicting caravan policy ownership as an outcome with 
only the significant factors from the initial model, STATUS, HOME_ENVIRONMENT, 
FIRE_PRIVATE_POLICIES, FAMILY_ACCIDENT_POLICES, CUSTOMER_TYPE, PROPERTY_COVER 
HOUSE_OWNER_RENTED and ECONOMICALL_DEPRIVED. The hypothesis for the second binary 
logistic regression model are the same as the previous.  

The code for the logistic regression model 2 is as follows: 

 

proc logistic data= MS4S05.FACTOR_SCORES_CARAVAN; 
model CARAVAN_OWNERSHIP (event="1")= STATUS HOME_ENVIRONMENT 

FIRE_PRIVATE_POLICIES  FAMILY_ACCIDENT_POLICES CUSTOMER_TYPE PROPERTY_COVER 

HOUSE_OWNER_RENTED  ECONOMICALL_DEPRIVED /clodds=pl; 

run; 

quit; 
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The code explanation remains the same as the previous model. 

 
MODEL 2 OUTPUT– INCLUDING ONLY SIGNIFICANT FACTORS 

 

The output relating to the model information states the file being analysed and the number of 
observations included remains the same as that of the previous model. The model convergence and 
model fit statistics also remain the same as that of the previous model with p-values of <0.001.  

 

Analysis of Maximum Likelihood Estimates 

Parameter DF Estimate Standard 
Error 

Wald 
Chi-Square 

Pr > ChiSq 

Intercept 1 -2.9398 0.0645 2074.5806 <.0001 

STATUS 1 0.1984 0.0504 15.5181 <.0001 

HOME_ENVIRONMENT 1 0.2231 0.0611 13.3488 0.0003 

FIRE_PRIVATE_POLICIES 1 0.4097 0.0562 53.1557 <.0001 

FAMILY_ACCIDENT_POLICIES 1 -0.1922 0.0534 12.9552 0.0003 

CUSTOMER_TYPE 1 0.0947 0.0430 4.8574 0.0275 

PROPERTY_COVER 1 0.1367 0.0579 5.5818 0.0181 

HOUSE_OWNER_RENTED 1 0.2160 0.0566 14.5780 0.0001 

ECONOMICALLY_DEPRIVED 1 -0.2365 0.0643 13.5366 0.0002 

Table 10. Analysis of Maximum Likelihood Estimates (Model 2) 

 
Table 10. Analysis of Maximum Likelihood Estimates (Model 2), contains the Estimates chi-square test 
statistics and associated p-values suggests all factors are significant at the 5% level of significance. 
However, CUSTOMER_TYPE and PROPERTY_COVER are not significant at the 1% level of 
significance.  
 

Association of Predicted Probabilities and Observed 
Responses 

Percent Concordant 67.6 Somers' D 0.352 

Percent Discordant 32.4 Gamma 0.352 

Percent Tied 0.0 Tau-a 0.040 

Pairs 1904952 c 0.676 

Table 5. Association of Predicted Probabilities and Observed Responses 

Table 11 shows that the statistical probability c is 0.676, this value is only 0.06 less powerful at predicting 
caravan policy ownership than that of the previous model.  
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Figure 3. Odds Ratio with 95% Profile-Likelihood Confidence Limits 

 

The confidence intervals for the factors illustrated in Figure 4 satisfied the requirements as they do not 
contain 1.  

In summary, the second logistic model has been simplified considerably in comparison to the previous 
model. Despite reducing the number of factors included, the model was only 6% less powerful at 
predicting caravan policy ownership than that of the previous model. The next model will look to 
investigate the predictive abilities of a model which includes a combination of factors and original 
variables (Not accounted for in the PCA Factors). 

 

MODEL 3 CODE – INCLUDING SIGNIFICANT FACTORS AND ORIGINAL VARIABLES  
 

The final logistic regression model focuses on predicting caravan policy ownership as an outcome with 
the significant factors, STATUS, HOME_ENVIRONMENT, FIRE_PRIVATE_POLICIES, 
FAMILY_ACCIDENT_POLICES, CUSTOMER_TYPE, PROPERTY_COVER HOUSE_OWNER_RENTED 
and ECONOMICALL_DEPRIVED from the initial model. The model also includes the original variables 
from the (Challenge, 2000) data FARMER, NUMBER_MOTORCYCLCLE_POLICIES and 
NUMBER_BOAT_POLICIES, as these were not accounted for in the factors generated by the PCA but 
were found to be significant. The hypothesis for this binary logistic regression model are the same as the 
first model.  

The code for the logistic regression model 2 is as follows: 

 
proc logistic data= MS4S05.FACTOR_SCORES_CARAVAN plots(only)=(roc 
oddsratio); 

model CARAVAN_OWNERSHIP (event="1")= STATUS HOME_ENVIRONMENT 

FIRE_PRIVATE_POLICIES FAMILY_ACCIDENT_POLICIES 

FIRE_PRIVATE_POLICIES*FAMILY_ACCIDENT_POLICIES CUSTOMER_TYPE PROPERTY_COVER 

HOUSE_OWNER_RENTED ECONOMICALLY_DEPRIVED FARMER 

NUMBER_MOTORCYCLE_SCOOTER_POLICIES 

FIRE_PRIVATE_POLICIES*NUMBER_MOTORCYCLE_SCOOTER_POLICIES NUMBER_BOAT_POLICIES 

@2/ selection=backward slstay=0.05 clodds=pl; 
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oddsratio STATUS; 

oddsratio HOME_ENVIRONMENT; 

oddsratio FIRE_PRIVATE_POLICIES; 

oddsratio FAMILY_ACCIDENT_POLICIES; 

oddsratio CUSTOMER_TYPE; 

oddsratio PROPERTY_COVER; 

oddsratio HOUSE_OWNER_RENTED; 

oddsratio ECONOMICALLY_DEPRIVED; 

oddsratio FARMER; 

oddsratio NUMBER_MOTORCYCLE_SCOOTER_POLICIES; 

oddsratio NUMBER_BOAT_POLICIES; 

run; 

quit;  

 

The basic structure of the logistic model code remains the same as the initial model. However, some 
additions have been made to compute a more detailed model. When performing a proc logistic you 

can specify effects and interactions. This model will include all possible combinations of interactions 

amongst the factors and original variables. The model also uses a selection=backward, essentially 

this is backwards elimination techniques used to build the model. This method stops main effects from 
being removed from the model if they are involved in an interaction. This method is referred to by (Mac 

Nally, 2000) as a hierarchical model. In addition the plots(only)=(roc oddsratio) option has 

been used to output a ROC curve showing the odds ratio. The slstay=0.05 specifies the significance 

level used for removing effects.  
  

 

MODEL 3 OUTPUT – INCLUDING SIGNIFICANT FACTORS AND ORIGINAL VARIABLES  
 

The output relating to the model information that states the file being analysed and the number of 
observations included remains the same as that of the first model. The model convergence and model fit 
statistics also remain the same as that of the first model.  

 

Association of Predicted Probabilities and 
Observed Responses 

Percent Concordant 70.6 Somers' D 0.411 

Percent Discordant 29.4 Gamma 0.411 

Percent Tied 0.0 Tau-a 0.046 

Pairs 1904952 c 0.706 

Table 12. Association of Predicted Probabilities and Observed Responses (Model 3) 

Here, with the interactions all measures are improved, the statistical probability c is 0.706, this value is 
0.024 more powerful at predicting caravan policy ownership than that of the first model. However, the 
improvements are small and arguably the simpler model could be chosen.  
 

Odds Ratio Estimates and Profile-Likelihood Confidence Intervals 

Effect Unit Estimate 95% Confidence Limits 

STATUS 1.0000 1.221 1.105 1.346 

HOME_ENVIRONMENT 1.0000 1.245 1.106 1.406 

CUSTOMER_TYPE 1.0000 1.103 1.008 1.195 

PROPERTY 1.0000 1.165 1.038 1.308 
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Odds Ratio Estimates and Profile-Likelihood Confidence Intervals 

Effect Unit Estimate 95% Confidence Limits 

HOUSE_OWNER_RENTED 1.0000 1.244 1.110 1.395 

ECONOMICALLY_DEPRIVED 1.0000 0.807 0.711 0.912 

FARMER 1.0000 0.770 0.657 0.887 

NUMBER_BOAT_POLICIES 1.0000 9.619 4.514 20.195 

Table 13. Odds Ratio Estimates and Profile-Likelihood Confidence Intervals (Model 3) 

 

 The confidence intervals displayed suggest that for the factors are satisfied as they do not contain 1.  
 

 

Figure 4. ROC Curve for Selected Model 

 

Figure 4. ROC Curve for Selected Model illustrates the final Receiver Operating Characteristics (ROC) 
curve, this illustrates the relationship between a false-positive rate and the sensitivity of the test and are 
useful for determining the accuracy of prediction. A false-positive rate is the proportion of time an 
observation without the outcome is predicted by the model to have the outcome (it is also equal to one 
minus the specificity). Sensitivity is the proportion of observations that have the outcome that is predicted 
by the model to have the outcome. According to (Hanley, 1982) the greater the area under the curve 
(where the model has the highest sensitivity for a given false-positive) the better the model. Amongst the 
three models there is little difference between the ROC curves.  
  
Summarizing the results of the final model, it was found that by including the statistically significant 
factors STATUS, HOME_ENVIRONMENT, FIRE_PRIVATE_POLICIES, FAMILY_ACCIDENT_POLICES, 
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CUSTOMER_TYPE, PROPERTY_COVER HOUSE_OWNER_RENTED, ECONOMICALL_DEPRIVED 
and the original variables FARMER, NUMBER_MOTORCYCLCLE_POLICIES and 
NUMBER_BOAT_POLICIES improved the models predictability by 0.024. As mentioned earlier this was 
only a small increase and therefore there could be an argument for the simpler model to be chosen .From 
an insurance perspective a simpler model would be more practical as it would be easier to interpret and 
implement. 

CONCLUSION 

In conclusion, it has become increasingly clear that insurance companies must harness their information 
assets to gain critical insight and more in depth knowledge of markets, customers, products, competitors 
and employees.  Insurance companies are still yet to discover the potential of capturing and analysing the 
rapidly increasing volume, velocity and variety of new and existing data. Use of appropriate techniques 
and SAS software can enable insurers to gain a better understanding of their operations, customers and 
new markets, providing insurance companies with a competitive edge necessary to thrive in this global, 
dynamic marketplace. 

This paper has highlighted the benefits of performing a Principle Component Analysis at a pre-processing 
stage. The implementation of PCA proved a useful tool enabling insurers to collapse the dimensionality of 
their data. Furthermore, PCA also aided in assisting data analysis, for example, the output enabled 
multiple relationship to be explored on a single graph. The Binary Logistic Regression models 
demonstrated how insurers can identify potential customers by predicting their behaviour using past 
customer data. The model derived in this research forms the basis of identifying a selection of customers 
who would be interested in a particular policy and provides insurers with an efficient way to target 
prospective customers for direct mailing. It was found that the model outlined in MODEL 2 – INCLUDING 
ONLY SIGNIFICANT FACTORS provided the best predictive results based on its simplicity for insurance 
purposes. Hence, it can be concluded that for the (Challenge, 2000) data the factors STATUS, 
HOME_ENVIRONMENT, FIRE_PRIVATE_POLICIES, FAMILY_ACCIDENT_POLICES, 
CUSTOMER_TYPE, PROPERTY_COVER HOUSE_OWNER_RENTED and 
ECONOMICALL_DEPRIVED are most efficient at predicting caravan policy ownership.  

This research has ultimately highlighted that the combination of applying Principle Component Analysis 
and Binary Logistic Regression provided a successful solution when dealing with big data sets and are 
therefore identified as useful tools for insurers. Further work will look to explore, review and compare 
alternative statistical and Big Data techniques for dimensionality reduction and predictive modelling. In 
particular, future work will look to compare the differences and similarities in applying a Partial Least 
Squares Regression (PLSR) as an alternative to PCA and an Artificial Neural Network (ANN) as an 
alternative to Logistic Regression to improve the reliability of the model. These techniques could be 
applied to other areas of the Insurance sector. 
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