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Dr. Cerry M. Klein, Thesis Supervisor 

 

ABSTRACT 
 

This study applies the data mining methods in economics research. Association 

rule mining and clustering techniques are used in the cooperative (United Producers, Inc) 

survey study, in order to find interesting patterns within the organization, especially the 

relationships between the company’s strategies, members’ characteristics, and the 

potential free riding problem. The data mining methods are evaluated and compared with 

the traditional statistics model to find the differences and similarities. 

Through our study, we can find data mining methods can be applied in the 

economics research. They can be used as a complement way to find out the hidden 

relationships within the organization, and construct the similar models as the traditional 

regression method.   
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Chapter 1 Introduction 
 

1.1 Overview 

Cooperatives have been described as private organizations which focus on 

creating user benefits, and are also owned and controlled by users [Hansmann, 1996 and 

USDA, 1987]. They are autonomous associations of persons united voluntarily to meet 

their common economic, social and cultural needs and aspirations through a jointly-

owned and democratically-controlled enterprise. 

The prime objective of a cooperative is to offer its members better services and 

products. The inherent nature of the cooperative, such as self-help, self-responsibility, 

democracy, equality, sometimes may contradict or hinder the development of the 

cooperative if there is no appropriate strategy and policy enhanced within the 

organization. For instance, if there is no effective incentive provided to stimulate 

participation and reward resource contributions, an individual may receive the 

nonexclusive benefits from the group activities without bearing their appropriate share of 

the costs, which is referred to as the free riding problem.  

A model for cooperative challenges has been developed [Lefleur, 2005], in which 

eight total features are stated: co-op governance, inter-cooperation, capitalization and 

investment, cooperative values, the value of use, community development, cooperative 

education, and products and services. Studies of cooperatives suggest various strategies 

and practices to conquer these challenges and help attract and better serve the members. 
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The research methods in economics for issues within cooperatives are based on a 

series of theories, and they usually require certain structural models built with hypotheses 

at the beginning. Data is collected based on the model and is analyzed under the 

assumption. This top-down method can provide sophisticated insights into the problem, 

while it is also possible that some important or interesting relationships may be ignored 

since they are not considered in the original model. 

In this study, we conduct experiments with data mining, which can be viewed as a 

bottom-up approach, to explore the issues within the cooperative and to test whether data 

mining is a plausible approach to economic research. Although data mining has been well 

studied and applied in areas of marketing, social science, and web-based applications, it 

is rarely considered by economists to be an effective tool to help their studies. The 

reasons include but not limited to: 1. too many rules / relationships are generated to be 

analyzed or to make a sound conclusion; and 2. sometimes the rules may provide 

contradictory results. Our study is attempting to solve these problems with appropriate 

methods in data mining area. 

 

1.2 Problem Statement 

This study is based on a survey of the members of United Producers, Inc. (UPI). 

UPI is a farmer-owned and operated livestock cooperative, headquartered in Columbus, 

Ohio. It provides livestock marketing, financial and hedging services to the agriculture 

community in Kentucky, Illinois, Indiana, Michigan, Missouri and Ohio. Currently, UPI 

services 45,000 members in the six states, operates 42 facilities and handles 
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approximately 3 million head of livestock while maintaining a loan portfolio of over $50 

million. 

The survey is a joint project between UPI and the University of Missouri’s 

Graduate Institute of Cooperative Leadership. The objective of the survey was to 

understand what types of services their members desire, the relative emphasis they place 

on these services, and how well the cooperative is currently providing these services. The 

survey contains 26 questions, some of which include a number of sub-questions. A copy 

of the survey can be found in the Appendix A. These questions include the information: 

members’ characteristics (such as age, years of farming, net worth, etc), their 

involvement in activities with UPI, the perception of UPI’s services and current policy. 

A total number of 575 surveys returned, and each of them contains 235 answers to 

the questions (and sub-questions). This forms the data set of our study, and the purpose of 

the research is to find interesting relationships among these data and generate more 

insights from the relationships. Traditionally multivariate regression models are applied 

to this type of data.  This will typically yield certain relationships, but could be hard to 

apply when the data set is very large and it could possibly miss relationships within the 

main correlations.  It is postulated that data mining, and more specifically, the association 

rule mining method would be applicable to this type of analysis. Compared with 

regression modeling, association rule mining does not impose any assumptions on the 

relationships among the data, and therefore will not constrain the results to a certain form. 

Association rule mining has its drawbacks as well. The most significant one is 

that the rules generated from the data set may be too many to be analyzed, and most of 

them may be trivial or not interesting to the domain experts. Therefore, in our study, we 
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will explore a number of interesting measures for the association rules extracted from the 

first phase, and evaluate the results after the selection of the rules with the different 

measurements.  When a manageable number of interesting rules are selected, we will be 

able to do the analysis of the results from the domain expert’s perspective. 

The paper includes five additional chapters. Chapter two provides a literature 

review on the relationship between data mining and statistics, as well as clustering and 

association rule mining concepts. Chapter three describes the methodology for this study. 

The results are analyzed and discussed in chapter four, followed by the model evaluation 

in chapter five. Finally, chapter six concludes the study and presents suggestions for 

future research. 
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Chapter 2 Literature Review 
 

2.1 Data Mining vs. Statistics 

Data mining, also known as Knowledge Discovery in Database (KDD), has been 

well studied for several decades. It has been described as "the nontrivial extraction of 

implicit, previously unknown, and potentially useful information from data"[Frawley et 

al., 1992] and "the science of extracting useful information from large data sets or 

databases."[Hand et al., 2001]  In general, data mining is the process of analyzing data 

from different perspectives and summarizing it into useful information. And technically, 

it is the process of finding correlations or patterns among dozens of fields in large 

relational databases. 

The development of data mining techniques was driven by the increasing volume 

of data and the advancement of information technologies. Data mining has been well 

studied in the business area, such as marketing, customer relationship management, web 

analysis, etc. But in economic studies, data mining has been rarely applied in the analysis 

of data. Economists prefer the statistics-based methods which place great emphasis on 

inference and modeling. Gifi (1990) pointed out that “classical multivariate statistical 

analysis (MVA) starts from the model. . . . In many cases, however, the choice of the 

model is not at all obvious, choice of a conventional model is impossible, and computing 

optimum procedures is not feasible. In order to do something reasonable in these cases 

we start from the other end, with a class of techniques designed to answer the MVA 

questions, and postpone the choice of model and of optimality criterion.” The techniques 
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he refers to could be data mining approaches. In contrast to statistics, data mining is 

focused on data exploration and description. [Hand, 2000] The exploration is to search 

the data for patterns without an underlying formal model, and the description means the 

summary of the pattern that can provide reasonable answers to certain questions or 

generate some insight into the problem. Hand (2000) described the description as a search 

of an empirical model rather than a mechanistic model, which is the notion in statistical 

analysis.  

Another difference between statistics and data mining is that statistical analysis is 

usually a one-off exercise while an effective practice in data mining requires an iterative 

process. Bose and Mahapatra (2001) depicted the data mining process as Figure 2.1. It is 

a process to analyze the data set in one way, summarize the results, examine the data in 

another way based on the previous findings, and so on. Within this process, the 

collaboration is also important. The interpretation and evaluation step usually require 

input from the domain expert, such as the survey designer or the database owner. 

Although there are differences between data mining and statistics, they are not 

mutually exclusive. Actually they have much in common. They both are concerned with 

discovering structure in data. There are overlap areas between the two disciplines and 

some people believe that in essence, statistics is a super set and should be simply defined 

as everything related to learning from data [Chambers, 1993]. This would then imply that 

data mining is a subset of statistics and it is true that some techniques in data mining are 

rooted in statistical methods.  
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Figure 2.1An overview of the data mining process 

[Mahapatra, 2001] 

 

2.2 Data Clustering 

Data clustering is a process of grouping the data into classes or clusters, so that 

objects within a cluster have high similarity in comparison to one another but are very 

dissimilar to objects in other clusters. [Han, 2006] It is similar to the classification 

analysis regarding the purpose and outcome. The difference is that classification requires 

Interpretation 
And Evaluation 

Data Analysis 

Cleaning and 
Preprocessing 

Data Set 
Selection 

 
Database 

Knowledge 

Patterns 

Processed 
Data 

Target 
Data 



8 
 

labeling of the data sets, which is used to model each group, while cluster analysis 

processes reversely: it partitions the set of data into groups based on the similarity, and 

then assigns labels to each group according to its characteristics. Therefore cluster 

analysis is sometimes referred to as unsupervised classification. 

Data clustering is an important process in data mining, because in practice, it is 

quite common that the class label of each object is not known, or it will be very costly to 

do the labeling for a large set of data. Clustering is an effective way find distinguishing 

groups. It can produce meaningful insights from the results alone, and it can also be used 

as a pre-processing step to reduce the dimensions of data sets by generalizing them into 

simple classes, which makes the following data mining steps easier to generate the sound 

or clear results.  

Many clustering algorithms have been developed and studied in the literature. 

Different categories were built to classify these methods, but some of them are overlap, 

and it is hard to have the strict categorization.  It is generally accepted that there are 

broadly two types of clustering approaches: partitional methods and hierarchical 

methods. 

Partitional methods attempt to construct k partitions of the data, where each 

partition represents a cluster. These approaches can be further classified into categories of 

Square-Error Based, Density Based, Graph Based, and Soft Clustering. The first step of 

the partitional method is to decide the best value of k – number of clusters. Ways to 

determine that include: simple guesswork, application requirement, or selecting the best 

one from number of trials with different k based on certain criteria. We will further 

review two partitional methods: k-mean and EM algorithm, in detail later. 
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Hierarchical methods build a hierarchy of clusters. They can be either 

agglomerative or divisive. Agglomerative algorithm is a bottom-up approach, begins at 

each object to form a separate group, and continuously merges the objects or groups to 

one another, until all the groups are merged into the top of the hierarchy. Divisive 

algorithm, on the contrary, starts from the root, by having all the objects in the same 

cluster, and split it up into smaller clusters. It is also called top-down method. 

In our study, the cluster analysis will be applied to identify the level of free riding 

behaviors by collecting the responses of various perspectives of the problem. Therefore, 

partitional methods are more applicable to our study. We will review the two of them: K-

mean and EM algorithm. 

 

2.2.1 K-means Algorithm 

K-means algorithm is one of the most well-known and popular square-error based 

partitioning methods. It uses an iterative refinement heuristic to partition the data into k 

clusters. The steps of the algorithm can be described as following: 

1) Randomly select k objects from the data set to form the initial k clusters; 

2) Assign each object to the cluster to the nearest cluster center; 

3) Recalculate the new cluster center – the mean value of the objects in each 

cluster; 

4) Repeat step 2) and 3), until the assignment does not change. 
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K-means is a simple and direct approach. It attempts to find the k clusters that 

minimize the square-error function: 

𝐸𝐸 = � � |𝑝𝑝 − 𝑚𝑚𝑖𝑖|2

𝑝𝑝𝑝𝑝 𝐶𝐶𝑖𝑖

𝑘𝑘

𝑖𝑖=1

  

where E is the sum of the square error for all objects in the data set; p is the point of a 

given object, and mi

2.2.2 EM Algorithm 

 is the mean of cluster i. 

The advantage of k-means algorithm is simplicity and efficiency. It can process 

large data sets because of its relatively low computational complexity. It has limitation as 

well. First of all, it requires the input of k – number of clusters, which is sometimes not 

known in advance. And the step of cluster mean value calculation makes it hard to apply 

to data with categorical attributes. Another disadvantage of k-means method is that the 

clustering result depend on the initial random assignments, therefore it often terminate at 

a local optimum and does not ensure a global one. The k-means method is also sensitive 

to noise and outliers because they can significantly affect the mean value of the clusters. 

 

EM algorithm [Dempster et al., 1977], which is the abbreviation of Expectation-

Maximization algorithm, is an extension of k-means method. It can be categorized as a 

model-based method, since EM algorithm assumes the data are generated by a mixture of 

underlying probability distributions, and each distribution represents a cluster. It is also a 

soft clustering technique, because each object is assigned to each cluster based on a 

weighted probability of membership, and there are no strict boundaries between clusters. 
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The EM procedure can be summarized as following steps: 

1) Randomly select k objects to form the initial clusters and means. And make a 

guesses for the additional parameters of the distribution, i.e., the standard 

deviations. 

2) Repeat the following steps to refine the parameters: 

a. Expectation Step: for each object, calculate the probability that each 

object belongs to each distribution (cluster). 

𝑃𝑃(𝑥𝑥𝑖𝑖 ∈ 𝐶𝐶𝑘𝑘 ) = 𝑝𝑝(𝐶𝐶𝑘𝑘 |𝑥𝑥𝑖𝑖) =
𝑝𝑝(𝐶𝐶𝑘𝑘 )𝑝𝑝(𝑥𝑥𝑖𝑖|𝐶𝐶𝑘𝑘 )

𝑝𝑝(𝑥𝑥𝑖𝑖)  

Where 𝑝𝑝(𝑥𝑥𝑖𝑖 |𝐶𝐶𝑘𝑘) = 𝑁𝑁(𝑚𝑚𝑘𝑘 , 𝐸𝐸𝑘𝑘(𝑥𝑥𝑖𝑖 ))  follows the normal distribution 

around mean 𝑚𝑚𝑘𝑘 , with expectation 𝐸𝐸𝑘𝑘 .   

b. Maximization Step: Based on the probability estimates from above, 

find the new estimates of the parameters that maximize the expected 

likelihood. 

3) Stop until the parameters do not change or the change is small enough. 

Compared with k-means, EM is more general because it can use various types of 

distributions, and therefore generates the clusters of mixture models with different sizes 

and elliptical shapes. Like k-means method, similar limitations exist for EM algorithm, 

which include: the results may not reach the global optima; the value of k has to be 

determined at the beginning; and it is also hard to deal with noise and outliers. 
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2.2.3 Cluster Evaluation 

Unlike the classification, in which the evaluation is a standard and required step 

for the analysis, the cluster evaluation, also called cluster validation, is not that 

commonly used. The main reasons are: 1) clustering is considered as an exploratory 

analysis, where a strict evaluation or measurement seems unnecessary; 2) A number of 

cluster methods are developed with different underlying theories or algorithms, which 

may require corresponding measures for the evaluation that are difficult to do the 

comparison  and assessment.  

However, in some circumstance, cluster evaluation is still important, and it has 

drawn more attentions in the literatures recently. The main motivation to have the 

evaluation is that the quality of the results is not guaranteed solely by the clustering 

process, especially when there is no natural cluster structure within the datasets. In other 

words, the generated clusters may not be representative or do not look compelling to the 

domain expert. Cluster evaluation is also necessary when more than one method applied 

on the same datasets, the better one should be selected for the following process.  

Generally, there are two types of evaluation methods: internal and external. 

Internal e evaluation methods are also called unsupervised measures. They use 

mathematical functions / formulations to measure the similarity within same clusters and 

the differences with other clusters. For example, SSE, sum of squared errors, is the most 

popular internal measure, in which the error is simply the distance between each data 

points and the cluster center. External measures require additional information that was 

not given in the datasets, such as class labels, structures that have been developed. 

Cluster Purity is the simplest external evaluation method. It can be interpreted as the 
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classification accuracy under the assumption that all the objects of a cluster are classified 

to be the members of the dominant class for that cluster. [Ye, 2003] In practice, the steps 

are: first label the generated clusters, treat the cluster labels as the class names; conduct 

the classification analysis to obtain the value of accuracy. The higher the accuracy value 

is, the better is the cluster quality.  

 

2.3 Association Rule Mining 

Association rule mining is a popular and well researched method to discover 

interesting relationships between variables in large databases. It was first introduced by 

Agrawal et al. [1993], and has received great attention since his publication and the 

introduction of the Apriori algorithms. [Agrawal and Srikant, 1994] The initial research 

of this method was mainly driven by the analysis of market basket data. For example, 

from the transaction data of a supermarket, the rule {milk, egg} => {bread} is generated, 

which represents that customers who purchase milk and eggs also tend to buy bread as 

well. This relationship describes the customers’ purchasing behavior, and it can help 

managers to make better decisions in product promotion, shelf design, and customer 

relationship. Association rule mining has been applied to many areas, including risk 

analysis in commercial institutions, clinical medicine, crime prevention and counter-

terrorism.  

An association rule is composed of two item sets: an antecedent or left-hand side 

(LHS) and a consequent or right-hand side (RHS). Accompanied with frequency-based 

statistics, it describes the relationship between the two item sets. Support and confidence 
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are the two major statistics initially used to identify the relationship. [Agrawal et al., 

1993] Formally, given a set of m items I = {I1, I2, … Im} and a database of n transactions 

D = {t1, t2, … tn}, where a given transaction contains k items ti = {Ii1, Ii2, …, Iik} and Iji 

∈ I, an association rule is an implication of the form X => Y, where X, Y ⊂ I are sets of 

items called itemsets and X ∩ Y = ∅. 

Various algorithms have been developed to generate the association rules. The 

most popular and also the basis for many other algorithms is the Apriori algorithm. 

[Agrawal and Srikant, 1994] It efficiently generates rules by reusing the data structure 

built during the determination of the support and the frequent itemsets. The data structure 

contains all support information and provides fast access for calculating rule confidences 

and other measures of interesting. [Hahsler et al., 2008] The Apriori algorithm has been 

[Kantardzic, 2003] The support for an association 

rule X => Y is the percentage of transactions in the database that contain X and Y, and 

the confidence, which essentially describes the strength of co-occurrence between two 

items or sets of items, is the ratio of the number of transactions that contain X and Y to 

the number of transactions that contain X. Using the probabilistic notation, these statistics 

can be written as: For an association rule X => Y,  

Support (X => Y) = P (XY) 

Confidence (X => Y) = Support (X => Y) / Support (X)  

   = P (XY)/P (X) 

   = P (Y | X) 

From which we can see that confidence is actually the conditional probability of 

Y, given X. 
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well studied and adapted since it was first introduced. It has been applied in many 

different areas and is a fairly standard approach.   

 

2.4 Rules measurement and Selection 

One challenge for the association rule mining is the rules measurement and 

selection. Since the data mining methods are mostly applied in the large datasets, the 

association mining is very likely to generate numerous rules from which it is difficult to 

build a model or summarize useful information.  A simple but widely used approach to 

help mitigate this problem is to gradually increase the threshold value of support and 

confidence until a manageable size of rules is generated. It is an effective way to reduce 

the number of rules, however it may cause problems in the results as well. The major 

concern is that by increasing the minimum support and confidence value, some important 

information may be filtered out while the remaining rules may be obvious or already 

known.  

From 2.1 we already know that the data mining is a process involving 

interpretation and evaluation as well as analysis. For association rule mining, the 

evaluation is an even more important phase of the process. The mining of association 

rules is actually a two step approach: first is the association rule extraction (e.g. with the 

Apriori algorithm); and the second step is the evaluation of the rules’ interestingness or 

quality, by the domain expert or using statistical quality measures. The interestingness 

measures play an important role in data mining and have been well studied recently. 

Figure 2.2 illustrates the process. [Geng et al., 2006] 
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Figure 2.2 Interestingness measures in the data mining process 

 
Both objective and subjective methods were developed to measure the discovered 

patterns from different perspectives. These approaches are mostly used to measure the 

patterns from association rules, classification rules, and summaries. We will explore the 

most common methods that are applicable to the association rules.  

Objective measures, also known as probability-based measures are designed to 

evaluate the generality and reliability of the association rules. Support and confidence, 

which have been explained in 2.2, are two of the most basic ones. Most of the objective 

measures can be derived from a contingency table. Table 2.1 is the contingency table for 

rule X => Y, where n  denotes the total number of records. The value in each of the four 

cells in the table is the number of records satisfying the combination of two variables. For 

example, Pn  ( XY ) is the number of records, or observations, that containing both X and 

Y, and Pn   ( YX ) is the number of records that contains X but not Y. We can easily 

derive the support and confidence from the contingency table once the values of the four 

cells are known.  
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 Y  Y  

X   Pn  ( XY ) Pn   ( YX ) 

X  Pn   ( YX ) Pn   ( XY ) 

Table 2.1 Observed contingency table for rule X=>Y 

 
Now we can explore some other useful measures. Lift, originally called Interest, 

was first introduced by Motwani, et al., (1997), it measures the number of times X and Y 

occur together compared to the expected number of times if they were statistically 

independent. It is presented as: 

Lift (X=>Y) = P(XY)/P(X)P(Y) or P(Y|X)/P(Y) 

If the lift value is greater than 1, it indicates that there is a positive relationship 

between X and Y.  If it is less than 1, it implies a negative relationship between them. 

Like the confidence, lift is designed to measure the reliability of the rule. The difference 

between confidence and lift lies in their formulation and the corresponding limitations. 

Confidence is sensitive to the probability of consequent (Y). Higher frequency of Y will 

ensure a higher confidence value even if there is not true relationship between X and Y. 

But if we increase the threshold of the confidence value to avoid this situation, some 

important pattern with relatively lower frequency may be lost. In contrast to confidence, 

lift is not vulnerable to the rare items problem. It is focused on the ratio between the joint 

probability of two itemsets with respect to their expected probabilities if they are 

independent. Even itemsets with lower frequency together can have high lift values. 

Leverage, introduced by Piatetsky-Shapiro (1991) is another measure of the 

difference of the frequency that X and Y appear together and what would be expected if 

they are statistically independent. The value of leverage is calculated as:  
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Leverage (X=>Y) = P (XY) - P(X)P(Y) 

It differs from lift by counting difference in numbers (frequency) instead of the 

ratio. It is because sometime the rules with high lift but low frequency may not be better 

than the rules with high frequency and low lift, since the former ones represent more 

individuals. The leverage takes both volume and the strength of the rule into concern. But 

like the confidence, it also faces the problem of low frequency items. 

Another alternative to confidence is conviction, introduced by Brin et al., (1997). 

The definition of conviction is: 

Conviction (X=>Y) = P(X)P(Y ) / P (XY )   where P(Y ) = 1 - P(Y ) 

It uses the information of the absence of the consequent, therefore strongly 

representing the direction of the rules. Compared with confidence, conviction will not 

have a high value only because the consequent has a high frequency. Also compare with 

lift, the value of conviction is significantly affected by the direction of the rule, while lift 

(X=>Y) and lift (Y=>X) have exactly the same value. 

Chi-squared analysis, a traditional statistical technique, has also been introduced 

into the association rule evaluation. It measures the degree of dependence between the X 

and Y. In chi-squared analysis, it is dictated that the observed contingency table should 

be compared with the expected values if X and Y were statistically independent. The 

expected contingency table is shown in Table 2.2. 
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 Y  Y  

X     n P ( X ) P (Y )    n P ( X )(1 - P (Y )) 

X     n (1 - P ( X )) P (Y )   n (1 - P ( X ))(1 - P (Y )) 

Table 2.2 Expected contingency table for rule X=>Y 

 
The chi-squared statistics is defined with the entries of the observed contingency 

table (Table 2.1) and the expected contingency table (Table 2.2) as following: 

𝜒𝜒2 = �
(𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖,𝑗𝑗 −  𝑜𝑜𝑥𝑥𝑝𝑝𝑜𝑜𝑒𝑒𝑒𝑒𝑜𝑜𝑜𝑜𝑖𝑖,𝑗𝑗 )2

𝑜𝑜𝑥𝑥𝑝𝑝𝑜𝑜𝑒𝑒𝑒𝑒𝑜𝑜𝑜𝑜𝑖𝑖,𝑗𝑗0≤ 𝑖𝑖,𝑗𝑗  ≤1

 

Therefore, the 𝜒𝜒2is a summed normalized square deviation of the observed values 

from the expected values. It can then be used to calculate the p-value by comparing the 

value of statistics to a chi-square distribution to determine the significance level of the 

rule. For instance, if the p-value is higher than 0.05 (when 𝜒𝜒2 value is less than 3.84), we 

can tell X and Y are significantly independent, and therefore the rule X => Y can be 

pruned from the results. 

There are many other objectives of interestingness measures for association rules. 

Geng et al., [2006] summarized 38 common used ones in his survey paper. It is generally 

accepted that there is no single measure that is perfect and applicable to all problems. 

Usually different measures are complementary and can be applied at different 

applications or phases. Tan et al., [2002] conducted research on how to select the right 

measures for association patterns, and concluded that the best measures should be 

selected by matching the properties of the existing objective measures against the 

expectation of domain experts, which leads us to explore the subjective measures of the 

association rules. 
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Subjective measures are based on the background of the problem, the knowledge 

of the domain, and the expectation of the experts. They are not represented by strict 

mathematical formulas because of the variance of knowledge, requirement and 

environment. 

The most commonly used and obvious method is to put syntactic constraints on 

the discovered association rules, [Agrawal et al., 1993] which simply means filtering the 

rules by selecting those with desired attributes in antecedent or consequent. Rule 

templates [Klemettinen et al., 1994] express the idea in a formal way. They are used to 

describe a pattern for those attributes that can appear in the antecedent or consequent. It 

can be given by A1, A2, …, Ak => Am, where each Ai is an attribute name within the 

database. The rule templates can be either inclusive, which is used to determine the 

desirable rules, or restrictive, which specifies the rules that are not interesting or 

undesirable. 

Another way for a domain expert to select the interesting rules is to eliminate the 

uninteresting patterns by interaction during the process. Sahar [1999] developed an 

approach to remove the uninteresting rules instead of selecting the interesting ones. This 

method does not require a formal specification of the desirable patterns (e.g. rule 

templates).  The experts’ input will be considered during the interactive process. There 

are three major steps in this method. First is to select a best candidate rule which is the 

rule with exactly one attribute in the antecedent and one in the consequent and has the 

largest cover list. The cover list of a rule X => Y includes all the rules that contain the X 

in the antecedent and Y in the consequent. Once the best candidate rule is selected, it will 

be presented to the domain expert to classify into one of four categories: Not-true-not-
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interesting (NTNI), Not-true-interesting (NTI), True-not-interesting (TNI) and True-

interesting (TI). The next step is to process the rules based on this classification. If the 

best candidate is NTNI or TNI, the system will remove this rule and all rules in its cover 

list, since they are not interesting to the user because they are either common knowledge 

or just trivial information. If it is NTI, which means it is interesting but the relationship is 

suspicious, the system will remove the rule and all the rules in its cover list that have the 

same antecedent, while keeping the rules in its cover list that have more specific 

antecedents. And if the best candidate rule is considered TI, we will keep the rule and its 

cover list for further processing. These steps repeat until the list of rules is empty or it is 

stopped by the user. This method can efficiently reduce the size of discovered patterns 

through classification of simple rules that is much easier than the specification of domain 

expert’s knowledge. The process itself can be viewed as a “construction of the domain 

knowledge”. [Sahar, 1999] 
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Chapter 3 Methodology 
 

3.1 Methodology Overview 

In this research, we adapted the process described in the literature review, and 

shown in the Figure 3.1. 

                                             

Figure 3.1 Methodology Overview 
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The 575 responses of the UPI survey from its members form the database of our 

study. The data set selection step is to select the appropriate subset of the 235 questions 

by eliminating unimportant ones or those not applicable for our study. The received 

responses contain different types of data, including quantitative data, Boolean data, 

categorical data, and text data for some open questions. The data cleaning and 

preprocessing will ensure the quality of the input data, and make it able to be processed 

for the next step. Cluster analysis will then be conducted on the free riding related 

behaviors with the attempt to group the respondents into different levels of free riding. 

Once the clusters of free riding have been identified, we can use the Apriori algorithm to 

generate association rules that lead to or mitigate free riding behaviors, as well as other 

rules that have meaningful implications. Different objective interestingness measures will 

be applied respectively followed by the subjective method to select the most interesting 

patterns. These patterns will be evaluated and interpreted from the economic perspective, 

and based on the findings, the process may iterate several times until the useful 

information or knowledge is determined.  

Weka, an open-source data mining tool, is used for the cluster and association rule 

analysis. Statistics tool Minitab is also used for evaluation purpose. 

 

3.2 Survey Data and Selection 

The UPI survey was originally designed by Olson and Cook for the study of the 

free rider problem in large private collective action organizations. [Olson, 2007] The 

focus of this research is trying to find whether free riding actions or behaviors exist 

within UPI and whether the UIP by-laws and policies can influence or mitigate the free 
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rider problem. Statistics-based models were used to solve the problem by using part of 

the survey data (mainly from the Question 17, 21, 22, 25).  

With the same data source, we explore the survey response using the data mining 

techniques without any assumption of the model or pattern. In contrast of Olson’s 

method, we will start the exploration by examining more data from the survey, and try to 

find some interesting or unexpected relationships from the analysis. 

Although our intention is to utilize all the available information, it is still 

necessary for us to eliminate some for the following reasons: 

1. Some of the questions are clearly not related to the research question, or even 

if they are, the relatively low frequency does not represent any generality of 

the relationship, and therefore will be filtered out very quickly. Question 3 

(UPI location most utilized) is asking the members to select their locations 

from 39 counties of six states. The responses are very scattered; therefore we 

did not take this attribute into our analysis. 

2. Some data is not suitable for our analysis approach. Such as the open 

questions in 14 and 15 (Q14b and Q15b), asking the description of UPI’s 

activities. Since most of our data are categorical or can be converted to 

categorical, it will be hard to process the text data within one system. Text 

data mining has also been well studied and implemented in many applications, 

especially in web searching patterns, but it is not within the scope of our 

study.  Therefore, these open questions from the data sets were excluded. 

3. More attributes may be eliminated during the process based on the findings 

and feedbacks in each step, since it is an iterative practice. In particular, it is 
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possible to remove some attributes after the rules extraction, because we may 

find they are proven to be not interesting, or simply not included in any of the 

rules. It is also possible we will desire to put more focus on certain 

information / patterns after basic knowledge from the previous iterations is 

derived. 

In general, we utilize the information from the survey as much as possible at the 

beginning (only exclude those that are hard or unable to process), and select / eliminate 

the attributes during the on-going process whenever observed or required. 

 

3.3 Data Cleaning and Preprocessing 

The data cleaning and preprocessing is necessary because the raw data from the 

survey does not have the unified data type which makes it impossible to be processed by 

the Apriori algorithm. Because Apriori was designed exclusively for Boolean and 

categorical data, we have to convert other types of data into categorical ones for the step 

of association rule analysis. Another motivation for preprocessing is that some of the 

information may better represent the attributes if they are aggregated than they if they are 

used separately. Q21 (acres of crop land) and Q22 (head of livestock) include very 

detailed information, the aggregation of these details can make them more representative, 

and meanwhile it reduces the size of numbers to be processed and also increases the 

generality of these attributes. 

We explain the preprocessing methods for different types of survey questions. 
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1. Yes/No questions: Q1, Q2, Q8, Q14a, and Q15a. These questions does not 

require the preprocessing since they are already Boolean (categorical) data 

and perfect for association rule mining. 

2. Numerical questions: Q4, Q5, Q6, Q7, Q13, Q20, Q21, and Q23. For Q4, Q6, 

Q7, we simply use the mean value to split the data into category of High or 

Low. For Q5 (age), it is classified into the categories of <50, 50 to 60, 60 to 

70 and >70. For Q13, we only examine whether there is increase or decrease 

in transportation cost. And for Q23, we only examine the percent of farm 

income and put into categories of less than 40 pct., 40 to 60 pct. And greater 

than 60 pct. As we mentioned before, we use the aggregated information for 

Q20 and Q21. We only examine the total crop land information in Q20, and 

categorized it into High and Low by the mean value. The process of Q21 is 

inspired by Olson’s analysis. He used the value of Q21c/Q21b to the percent 

patronage to UPI. Therefore we use the aggregated value of Q21c/Q21b, and 

also put it into High and Low categories by its mean value. This is the step to 

categorize the numerical data. While we should also notice that the original 

data may be used directly during the cluster analysis when categorical data is 

not required. Moreover, if the results of the data indicate that these aggregated 

questions are of high importance it is then possible to go back and 

disaggregate and redo the process. 

3. Multiple-choice questions: Q12, Q18, Q19, Q22, Q24, Q25, Q26. Like the 

yes/no questions, they are already categorized and do not require the 

preprocessing. 
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4. Scaled questions: Q9, Q10, Q11, Q16, Q17 are all questions with 5 scales (1 

to 5) to be selected to express the degree of opinions or positions. They can 

either be directly used as numerical data for cluster analysis or as the 

categorical data for association rule analysis. 

Another issue of the raw data is the missing information. The Weka tool can deal 

with the missing data automatically by using different methods under different settings 

and algorithms. We can choose to replaces all missing values for nominal and numeric 

attributes in a dataset with the means from the training data, or simply remove/ignore the 

instances that contains missing values from the datasets. In our study, we use the first 

method for cluster analysis, which is to replace the missing data with mean values, and 

use the second method for association rule analysis that is just to ignore the instances 

with missing values. 

 

3.4 Cluster Analysis on Free Riding Behaviors 

One of the main purposes of the UPI survey is to analyze the free riding problem 

in the organization. However, it is not easy to identify the free riding behaviors, because 

there is no clear indicator for such activities from the survey. Olson solved the problem 

with a hypothesis model that assumes the member free riding is one common cause for 

the variation and co-variation of the observed member actions, and performed the 

Confirmatory Factor Analysis (CFA) to find the accurate relationships. In our study, we 

apply the cluster analysis on these observed actions that have been identified as different 

perspectives of potential free riding behaviors, specifically Q9a, Q9b, Q9c, Q9g, Q9i, 
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Q9k, Q18f, and Q21c/Q21b. Table 3.1 describes these questions and how they are related 

to free riding problems. 

Questions Contents Relationship with 
Free Riding 

Q9a Strong supporter Negative 

Q9b Consistent patron Negative 

Q9c Best deal member Positive 

Q9g Read information Negative 

Q9i Discuss with neighbors Negative 

Q9k Monitor management Negative 

Q18f Do not contact individuals within the cooperative 
when having a concern about the operation 

Positive 

Q21c/Q21b Percent patronage through UPI Negative 

Table 3.1 Questions of Potential Free Riding behaviors 

 
The “negative” relationship in table 3.1 means the higher the value of the 

response, the less likely it will lead to the free riding behaviors. Whereas, the “positive” 

relationship simply implies the higher value of the question, the more possible the 

respondent is a free rider. For example, for Q9a, it has a negative relationship with free 

riding problem because the more support the members contribute to UPI, the less likely 

they are free riders. And for Q9c, The “best deal” members only consider to do business 

with UPI when it offers “best deal”, which indicates that they have the tendency to free 

ride, therefore it is positively related to the free riding problem. Olson has discussed more 

about these behaviors from the perspectives within the economics literatures. 

K-means and EM algorithm are applied respectively. The input data sets are the 

responses for the questions listed above. The responses of all the eight questions are 

treated as numerical data. Q9a, Q9b, Q9c, Q9g, Q9i, Q9k contain the discrete value of 1, 

2, 3, 4, and 5. Q18f is either 0 or 1 indicating whether or not to contact. And Q21c/Q21b 
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value is continuous from 0 to 1, calculated from the preprocessing step. Both algorithms 

require the input of k – number of clusters. We choose the value of 3, since we are trying 

to cluster the respondents into three level of free riding: high, medium and low. 

 We will compare and evaluate the results in order to find the more accurate 

clusters that represent the level of free riding behaviors. The clusters will be labeled 

based on their characteristics, for example, the mean values of each questions, so that 

these labels can be used as the new attribute for the association rule analysis. External 

measures are used to evaluate the resulting clusters. First, use the cluster labels as the 

new class names, and apply the classification analysis to compare the accuracy of the two 

methods. We use C4.5, one of the most popular classification methods to evaluate the 

results. It is a decision tree induction algorithm. A decision tree is a simple structure 

where non-terminal nodes represent tests on one or more attributes and terminal nodes 

reflect decision outcomes. The classification accuracy is simply the percentage of 

instances that are correctly classified by the decision tree. The classification analysis can 

not only generate the accuracy for comparison, but also provide the decision tree to help 

us better interpret the clusters. 

In addition to the accuracy measurement, we will conduct the regression analysis. 

The purpose is to validate the generated clusters by comparing the regression model with 

the actual relationships between each question and free riding that are shown in table 3.1. 

If the signs of the coefficients match the relationship, we can conclude that clusters can 

be used to represent the free riding levels.  
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3.5 Association Rule Extraction and Selection 

When clusters of free riding behaviors have been identified from the previous 

step, the Apriori algorithm will be used to generate the association rules. 

The initial input data set contains a total of 117 attributes (questions), which were 

selected from the 235 original survey questions. The reduction of the data size is mainly 

from the data selection and preprocessing steps. The data set has also excluded the free 

riding related questions that have been analyzed in the clustering process, since they have 

already been generalized into the new attribute - level of free riding. Name this attribute 

as Q99FR, and the values for this attribute include: Low, Medium and High. 

We start from the basic support-confidence framework, which means given the 

minimum support value, selecting and ranking the rules by the value of confidence. The 

minimum support and confidence threshold can be adjusted based on the size of the rules 

generated. The results from the first iteration may not be perfect, and corresponding 

adjustment should be made for the next iteration. Possible unsatisfied outcomes include:  

1) Too many rules generated. It can be solved by increase the threshold of 

support or confidence. Or we can apply the objective measures to prune the 

results, e.g. have the significant test using the chi-squared analysis. 

2) Generated rules do not include desired attributes. For our study, we are mostly 

interested in the free riding related rules, which are the rules having the new 

attribute Q99FR in the consequent. Therefore if only few such rules obtained, 

we may have to further select the attributes in the input itemsets by removing 

the questions that are not related or not desired. 
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This step does not have a strict defined procedure; it heavily depends on what was 

discovered during the previous process, and what is expected to occur. 

The objective measures mentioned in Chapter 2 are applied separately or 

complementarily based on the situation. 

 

3.6 Interpretation and Evaluation 

The interpretation and evaluation of the discovered pattern should best been done 

by the domain expert. We will explain the rules with our understanding of the problem 

and the knowledge gained from Olson’s study. They can also be evaluated and compared 

with the statistics model to determine their surprisingness and novelty. 
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Chapter 4 Analysis of Results 
 

The analysis of results is focused on the clustering and association rule mining 

steps, which were introduced in 3.4 and 3.5.  

 

4.1 Clusters of Free Riding Behaviors 

As stated before, we use two different clustering methods to analyze the potential 

free riding behaviors: k-means and EM. 

4.1.1 K-means Results 

Three clusters are generated after 23 iterations within the k-means algorithm. The 

cluster centroids, which are represented by the mean values of each attribute, are shown 

in table 4.1. For more results from k-means analysis, refer to appendix B for details. 

Cluster Q9a Q9b Q9c Q9g Q9i Q9k Q18f Q21 
No. of 

Instances 

0 3.5218 4.2086 3.6669 3.4381 2.6631 2.43 1 0.6944 139 ( 24%) 

1 3.5162 4.073 3.7495 3.5386 2.4561 2.3989 0.0604 0.5775 187 ( 33%) 

2 4.2672 4.5944 3.3102 4.1195 3.6953 3.6341 0.0173 0.8163 249 ( 43%) 

Table 4.1 Cluster Means from K-means Method 

 

Typically, the resulting clusters are described or labeled in terms of small sets of 

parameters, such as the mean values and the covariance matrix. For data set that contains 

only a few attributes, e.g., less or equal to 3, it is possible to visualize the clustering 

assignment for a better understanding and direct observation of results. While for our 
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analysis, it is difficult to plot the clustering results in a simple graph. Therefore we will 

examine the mean values to label the clusters. Figure 4.1 displays the cluster means for 

each attributes within every cluster. 

 

Figure 4.1 Cluster Means from K-means Method 
 

The horizontal axis is the cluster number, and the vertical axis is the mean value. 

We can easily find from the figure that that cluster 2 has the significantly high values on 

Q9a, Q9b, Q9g, Q9i, Q9k, Q21, and relatively low values on Q9c and Q18f, compared 

with other two clusters. Considering the relationship between these attributes and free 

riding behaviors that was discussed in 3.4, we can describe the cluster 2 as a low level of 

free riding. For cluster 0 and 1, there is no significant difference regarding the values of 

Q9a, Q9b, Q9c, Q9g, Q9i, Q9k and Q21. However, we can distinguish these two clusters 

by the value of Q18f. In cluster 0, the mean value of Q18f is 1, while it is 0 in cluster 1. 

Since the Q18f is positively related with free riding, we can label the cluster 0 as high 

level of free riding, and cluster 1 as medium level of free riding. 
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4.1.2 EM Results 

EM algorithm is conducted on the same data set that is used for the k-means 

method. The algorithm assumes the data set is a mixture of normal distribution with 

different means and standard deviations. Three clusters are found. Table 4.2 listed the 

mean values of clustering results. And same results are also displayed in Figure 4.2. 

Detailed results from k-means analysis are provided in Appendix C. 

Cluster Q9a Q9b Q9c Q9g Q9i Q9k Q18f Q21 
No. of 

Instances 

0 3.5227 4.2133 3.6596 3.4411 2.676 2.4425 0.9885 0.692 134 ( 23%) 

1 3.4381 4.0171 3.6443 3.4829 2.4299 2.4026 0.0943 0.6332 179 ( 31%) 

2 4.2417 4.5745 3.4166 4.0967 3.5863 3.5097 0 0.762 262 ( 46%) 

Table 4.2 Cluster Means from EM Algorithm 

 

 

Figure 4.2 Cluster Means from EM Algorithm 
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We can find that results from EM algorithm are very similar with k-means results. 

Therefore same analysis of cluster description can be applied here based on the 

differences of mean values and the relationships with free riding. Clusters are labeled as: 

cluster 0 – high level of free riding; cluster 1 – medium level of free riding; and cluster 2 

– low level of free riding. 

 

4.1.3 Methods Comparison and Validation 

Although the two cluster analysis methods generated similar results in terms of 

the cluster means, there are still differences existed. An apparent one is the number of 

instances within each cluster.  EM algorithm assigned slightly more instances to the low 

level of free riding group (cluster 2). When examining more closely, we can find there 

are 55 out of 575 instances have different cluster assignments in two methods, which 

represents a 9.57% discrepancy. This may cause the non-ignorable differences on the 

association rule extraction if we set a relatively low threshold of support/confidence 

value. Therefore we have to compare the two methods in terms of the accuracy. The 

results are shown in table 4.3.  And we can find that EM has a relatively higher accuracy 

than k-means. 

Methods 
Correctly Classified 

Instances 
Incorrectly 

Classified Instances Accuracy 

K-Means 514 61 89.39% 
EM 528 47 91.83% 

Table 4.3 Accuracy of Methods Comparison 
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The differences of accuracy may not be significant for us to choose one of the 

methods, while the regression analysis may provide more information for decision.  

The multivariate regression model is described as: 

Free Riding Score = β0 + β1 Q9a + β2 Q9b + β3 Q9c + β4 Q9g + β5 Q9i + β6 Q9k 

+ β7 Q18f + β8 Q21 

Since regression analysis requires all the attributes to be numeric, we use the 

cluster numbers as the Free Riding Score, e.g., the members in cluster 0 have the value as 

0, and etc. When mapping with the cluster characteristic – level of free riding, we can 

find value 0 means high level of free riding, value 1 is medium, and value 2 is low. 

Therefore, the higher value of the score is, the lower level of free riding is represented. 

So if the attribute has a positive relationship with free riding, a negative coefficient 

should be derived from the regression model, and if the relationship is negative, the 

coefficient should have positive value. The regression analysis results for k-means and 

EM are shown in Table 4.4 and Table 4.5 respectively. 

 

Predictor Coefficient t-test p value 

Constant 0.448 4.05 0.000 
Q9a 0.070 3.43 0.001 
Q9b 0.016 0.81 0.419 
Q9c -0.047 -3.59 0.000 
Q9g 0.006 0.33 0.739 
Q9i 0.108 6.83 0.000 
Q9k 0.116 7.78 0.000 
Q18f -1.413 -42.23 0.000 
Q21 0.372 8.49 0.000 

 

Table 4.4 Regression Analysis for K-means Results 
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Predictor Coefficient t-test p value 

Constant 0.076 0.62 0.537 
Q9a 0.121 5.33 0.000 
Q9b 0.046 2.11 0.035 
Q9c -0.025 -1.7 0.089 
Q9g 0.046 2.34 0.020 
Q9i 0.098 5.57 0.000 
Q9k 0.123 7.35 0.000 
Q18f -1.313 -35.07 0.000 
Q21 0.127 2.58 0.010 

Table 4.5 Regression Analysis for EM Results 

 

From the above results, we can find the coefficients in both models match the 

relationship with free riding correctly. The differences can be found by examining the p 

values. For k-means result, Q9b and Q9g are not considered significantly correlated with 

free riding, while the constant value is relatively high and has a significant impact on the 

result which is not desired for our model. For EM result, only Q9c is not considered as a 

significant variable, and the constant value does not impact the result. Therefore the EM 

result is more general and less biased than that from k-means. 

In conclusion, clusters from EM algorithm provide more accurate and valid 

generalization of the free riding behaviors. So the cluster labels from EM are taken for 

the association rule analysis. 

 

4.2 Association Rules Extraction 

The association rule extraction started from the basic support-confidence 

framework with Apriori algorithm. The minimum support is 0.1 and the minimum 
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confidence is 0.6. We also set the upper limit for the total number of rules generated as 

10000, since it is not easy to deal with so many rules even they can be further pruned 

with other measures. Table 4.6 listed the detailed information for each iteration during 

our analysis. In this table, we can find the support and confidence threshold values, as 

well as number of rules generated. “Significant Test” indicates whether or not to apply 

the chi-squared analysis on the rules. If the p value of the significant test is greater than 

0.05, the rule is removed from the results. “Number of Free Riding Rules” means the 

rules that include the free riding attribute (Q99FR) in the consequent. This number has to 

achieve appropriate value, e.g., around 100, for us to conduct the following analysis.  

Iteration Support Confidence 
Significant 

Test? 

No. of 
Rules 

Extracted 
No. of Free 

Riding Rules  
Adjustment for next 

iteration 

1 0.1 0.6 No 
Over 

10000 - 
Increase support and 
confidence threshold 

2 0.2 0.7 No 5829 0 Add significant test 

3 0.2 0.7 Yes 2656 0 
Remove attributes 
Q2, Q8, Q14a, Q15a 

4 0.2 0.7 No 175 0 Add significant test 

5 0.2 0.7 Yes 98 0 
Decrease support and 
confidence threshold 

6 0.1 0.6 No 9152 124 Add significant test 

7 0.1 0.6 Yes 6366 124 - 

Table 4.6 Association rule extraction iterations 

 

A total of 7 iterations were conducted. The first iteration generated over 10000 

rules, which led us to increase the threshold of support and confidence and add the 

significant test during the next two iterations. But the results from iteration 2 and 3 do not 

have any free riding rules. When we study the results, we can find most of the rules have 

the consequent of the following attributes: Q2, Q8, Q14a and Q15a. For instance, in 
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results from iteration 2, out of the total 5829 rules, 4960 rules have the consequent 

containing one or more of these four attributes. But are these rules really important?   

Q2 is asking whether or not sell livestock through UPI, and only 3% answers are 

“no”. As we discussed in the literature review, for the rule X = > Y, high frequency of Y 

will ensure a higher confidence value even if there is not true relationship between X and 

Y. Therefore the high percentage of “yes” answers for Q2 results a huge number of rules 

with this attributes, while those rules may not be true. Moreover, this question is about 

the members’ patronage to UPI, which has been asked in more detail in Q21 and 

evaluated in Q9b. So we can remove the questions for the association rule analysis. Same 

thing happens on Q8. It is asking whether the respondent is a district delegate, and has a 

high percentage of “no” responses. And this information can be found in another attribute 

– “Survey Color”, since the survey color indicates different survey groups, one of which 

is the district delegates. For Q14a and Q15a, both have high frequencies of “no”, and the 

main purpose for these two questions should the following opening questions Q14b and 

Q15b, which have already been excluded from the very beginning. Therefore, we can 

conclude that all of these four attributes can be removed from the data sets without 

significant impact on our final results. 

The following iterations attempt to obtain appropriate value of free riding related 

rules by adjusting the support / confidence value as well as the significant test. We 

stopped after the 7th iteration, where totally 6366 rules generated, and 124 of them are 

free riding related. Appendix D provided the full list of these 124 rules as well as the 

interest measures for each rule. 
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4.3 Analysis of Free Riding Related Rules 

Now we take a close look at the free riding related rules. All of these rules have 

the consequent as Q99FR=Low, which means the antecedents of the rules play a role to 

mitigate the free riding problem. These rules are grouped by the antecedents from same 

or related questions for analysis. For example, to examine how farm business strategies 

affect free riding, we will check the rules that contain Q22 in the antecedent. The 

interactions between groups are also analyzed for better understanding of the 

relationships. 

 

4.3.1 Importance of the Cooperative’s By-Laws and Polices 

The cooperative’s by-laws and polices (CBP) are evaluated in questions 17. The 

association rules between Q17 and Q99FR are: 

Q17c=4 => Q99FR=Low Support=0.12 Confidence=0.63 

Q17d=4 => Q99FR=Low Support=0.13 Confidence=0.62 

Q17f=4 => Q99FR=Low Support=0.14 Confidence=0.67 

Q17g=5 => Q99FR=Low Support=0.1 Confidence=0.78 

Q17h=5 => Q99FR=Low Support=0.11 Confidence=0.8 

Not all CBPs are considered having direct impacts on mitigating free riding 

behaviors. But indirect relationship may be found by examining rules that not direct lead 

to free riding. For instance, Q17m ($2,500 equity cap on total investment/retains) does 

not appear in any of the 124 free riding rules. But when we check all the rules with Q17a 

in antecedent, we can find the rule:  

Q17m=4 => Q16e=4 
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And a free riding rule can be found:  

Q16e=4 Q19c=1 => Q99FR=Low 

Therefore, we can conclude that although the equity cap does not directly mitigate 

free riding behaviors, it may have the potential impact, especially when the retained 

investment is to be used for reinvest in farm (Q19c=1). 

 

4.3.2 Provision of Desired Collective Goods 

Q10 and Q11 evaluate the importance and effectiveness of desired services/goods 

from UPI. Rules that only include Q10 or Q11 in the antecedents are:  

Q10b2=4 => Q99FR=Low 

Q10d2=4 => Q99FR=Low 

Q10i2=4 => Q99FR=Low 

Q10d2=4 Q11d1=5 => Q99FR=Low 

Q10c2=4 Q10d2=4 => Q99FR=Low 

Other provision of desired goods can mitigate free riding only when more 

conditions satisfied. For example, rule is found:  

Q6=High Q11d2=5 => Q99FR=Low,  

indicating that for a long-time farmer (Q6=High), ensuring a reliable output 

market (Q11d2=5), can reduce his tendency of free riding. 
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4.3.3 Member’s Patronage Horizon 

The member’s patronage horizon is represented by Q5 (current age), Q6 (years of 

farming), and Q7 (years of UPI member). The rules we find are: 

Q6=High Q11d2=5  =>  Q99FR=Low 

Q1=1 Q7=High Q16e=4 => Q99FR=Low 

Q6=High Q9h=3  => Q99FR=Low 

Q7=High Q16e=4  => Q99FR=Low 

Q1=1 Q6=High Q13=Increase => Q99FR=Low 

Q1=1 Q6=High Q16e=4 => Q99FR=Low 

Q1=1 Q6=Low Q9d=4 => Q99FR=Low 

It can found that there is no direct relationship only between Q5, Q6, Q7 and 

Q99FR, which means that it is hard to predict whether free riding behaviors is less likely 

to happen only with the information of age, farming years and time of membership. But 

when additional information available, the relationship can be established. For example, 

the second rule above can be interpreted as: for a long time UPI member (Q7=High) and 

currently a preferred member (Q1=1), when member networking is important to him, he 

is less likely to free ride. 

 

4.3.4 Set of Farm Business Strategies 

The information about current farm business strategies can be acquired from Q22. 

The related rules include: 

Q13=Increase Q22f=1 => Q99FR=Low 

Q9h=3 Q22a=1 => Q99FR=Low 
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Q16e=4 Q22f=1 => Q99FR=Low 

Q22d=1 Q22f=1 => Q99FR=Low 

Q9d=4 Q22f=1 => Q99FR=Low 

Q9f=2 Q22f=1  => Q99FR=Low 

Therefore, we can conclude that the strategy of maintaining current farm 

(Q22a=1) and increasing efficiency (Q22f=1) may help to mitigate free riding. But they 

cannot do it alone. More condition has to be satisfied. 

 

4.3.5 Current Net Worth 

Same as the business strategies, the current net worth (Q26) does not impact the 

level of free riding alone, but it does have impact when combined with other antecedents. 

The related rules are: 

Q9h=3 Q26=5    => Q99FR=Low 

Q1=1 Q11d1=5 Q24=Sole Q26=5 => Q99FR=Low 

Q16d=4 Q26=5   => Q99FR=Low 

Q1=1 Q13=Increase Q26=5  => Q99FR=Low 

Q9f=2 Q24=Sole Q26=5  => Q99FR=Low 

Q11d1=5 Q24=Sole Q26=5  => Q99FR=Low 

Q1=1 Q16e=4 Q26=5   => Q99FR=Low 

Q10h1=5 Q11d1=5 Q26=5  => Q99FR=Low 

Q4=Low Q13=Increase Q26=5 => Q99FR=Low 

Q13=Increase Q24=Sole Q26=5 => Q99FR=Low 

Q1=1 Q11d1=5 Q26=5  => Q99FR=Low 
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Q1=1 Q9e=4 Q26=5   => Q99FR=Low 

Q1=1 Q22f=1 Q26=5   => Q99FR=Low 

From these rules, we can find high net worth (Q26=5) can be part of the reason 

for low level of free riding.  
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Chapter 5 Model Evaluation 
 
 

 

5.1 Comparison with Statistics Based Model 

As we mentioned in the previous chapters, the UPI survey were developed by 

Olson, and has been studied using the statistics based model. His study is focused on 

solving two research questions: 

Question 1: Are there multiple member free riding actions and/or behaviors that 

coexist within UPI? 

Question 2: Can member free riding be influenced by the by-laws and policies of 

UPI? 

A structural model with latent variable, member free riding, was build under 

hypothesis, and tested with statistics methods. Figure 5.1 is the model from Olson’s 

study. 
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Figure 5.1 Statistics Based Model [Olson, 2007, Figure 4] 

 
In our study, these two questions are solved with data mining tools.  

The first question can be answered with the cluster analysis result. The clustering 

results have been evaluated in chapter 4.1.3. Classification and Regression model are 

used for comparison and validation. We can compare the result from Olson’s 

confirmatory factor analysis with the regression model that was used for validation in 

Table 4.5 (we are here only use the EM result for comparison). 
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Table 5.1 Member Free Riding Confirmatory Factor Analysis Model [Olson, 2007] 

 
 Olson’s analysis results are shown in Table 5.1, in which the standardized factor 

loadings can be interpreted as standardized regression coefficients. The two models have 

the same positive/negative relationship between the response and variables. The 

differences are significance level for variables of Q9c and Q21. In EM results, Q9c is not 

considered having significant impact on free riding, while Q21 is rejected from Olson’s 

model. The reasons could be the dealing with missing data. Since Q21 has a high level of 

missing values. We replace it with the mean value for the cluster analysis, while Olson’s 

model may play a different way. Another possible reason is that we assign the value 0,1,2 

for three clusters labeled as high, medium and low level of free riding respectively. This 

is under the assumption that the difference between two adjacent clusters is equal, which 

may not be true. Therefore the regression model derived from the cluster analysis may 

not be accurate, but it can be used for validation purpose, and to generate the approximate 

model for the free riding behaviors. 
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 For question 2, answers can be found in chapter 4.3. Unlike the strict model in 

Olson’s analysis, the question is answered with a more loosely way by examining the 

related association rules. 

 

5.2 Evaluation of Rule Measures 

 Both objective and subjective measures have been applied during the association 

rule analysis.  

Chi-square significant test is used as the objective measures to reduce the total 

number of rules generated. Table 4.6 can be viewed as a sensitivity analysis for 

significant test.  Three pair of iterations can be compared in terms of the number of 

generated rules: iteration 2 and 3, 4 and 5, 6 and 7. The parameter settings in each pair 

are identical except the significant test. The differences between pairs are either threshold 

of support and confidence, or number of attributes included in the data sets. We can find 

that after adding the significant test, the number of rules has decreased 54%, 44% and 

30% for the three pairs respectively. The results indicate that the significant test can 

effectively reduce the number of rules. 

To further evaluate the use of significant test, an example can be illustrated here. 

In iteration 6, where significant test is not applied, the following two rules are extracted: 

Q24=Sole => Q1=1  S1=0.48 C1=0.7 

Q1=1  => Q24=Sole S2=0.48 C2=0.69 

Without significant test, we may consider to evaluate the two rules with the 

measure conviction, which can represent the direction of the rule. The values can be 

calculated using the definition: 
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Conviction (Q24=Sole => Q1=1)  

= P(Q24=Sole) P(Q1≠1) / P (Q24=Sole and Q1≠1) = 0.995 

Conviction (Q1=1 => Q24=Sole)  

= P(Q1=1) P(Q24≠Sole) / P (Q1=1 and Q24≠Sole) = 0.996 

 The two values are too close to draw a conclusion on the selection. While after the 

significant test applied in iteration 7, both rules are pruned because the two attributes do 

not have a significant relationship with each other. 

Lift can be used in this case as well. The rules have a same lift value: 

Lift (Q24=Sole => Q1=1) = Lift (Q1=1 => Q24=Sole)  

 = P(Q24=Sole and Q1=1) / P(Q24=Sole) P(Q1=1) = 1.002 

The value is only slightly greater than 1, which also indicates a weak relationship 

between the two item sets. 

We did not use the objective measures except significant test in the free riding 

related association rule selection, because all measure values seems acceptable for these 

rules, (refer to Appendix D for details) But from the above example, we can find these 

objective measures can be effectively used for the rule selection when decisions have to 

be made. 

The subjective rule selection method we use in the analysis is just simply 

selecting the free riding related rules. By putting constrains on the consequent, the rules 

that we are mostly interested in can be extracted. The subjective method requires 

additional expert knowledge or input, which is not available during our study. 

Improvement and further analysis can be made in this area. 
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Chapter 6 Conclusions and Future Work 
 
 

 

6.1 Conclusions 

From the results analysis and model evaluation, we can conclude that data mining 

methods are applicable for the cooperative research.  

In this study, the two research questions are solved by the cluster analysis and 

association rule mining. Cluster analysis is applied under the situation that no clear 

indication is available for the key problem - free riding. Valid clusters can be derived 

from the analysis. With the clusters information, association rule mining can be 

effectively conducted to find the relationships between different factors and free riding 

behaviors. 

To ensure the interesting rules can be selected from a large number of rule 

extracted, one of the biggest challenges for data mining application in economics 

research, rule measurement and selection step play an important role in the process. 

Combination of objective and subjective methods can generate quality results as well as 

desired rules. 
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6.2 Future Work 

Although meaningful results were generated from our analysis, room for 

improvement still exists. Considerations for future work include 

6.2.1 Complement with Expert Opinions 

Although data mining is considered as an exploration process, where the 

knowledge of domain is not as important as that in the statistics based analysis, the input 

of expert opinions or external information can still be an effective complementary to 

ensure the quality of results. 

For example, in our study, classification accuracy and regression model were used 

to evaluate and validate the clustering results. If external information can be obtained, 

e.g., correct assignment for a sample set of data, a more accurate model may be selected. 

The expert input if even more important for the association rule mining. We 

focused our study on the free riding related rules only, mainly because we are not sure 

which rules are interesting to the economists. If an expert can be brought to interactively 

put his opinion during the process, the analysis can be conducted on a larger number of 

rules. For example, Sahar’s method can be applied with input from expert. 

 

6.2.2 Extension of Processing Data Type 

We only dealt with numeric or categorical data in our study. An advantage of data 

mining technique, compared with statistics is that data mining can process a wider range 

of data type. For example, text mining has been well studied and applied recently. For our 



52 
 

study, we can consider to develop a method that includes the text mining into the 

analysis. 
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Appendix A United Producer, Inc. Membership Survey 
 

 United Producers, Inc. (UPI) Member Survey  
This survey is concerned with how United Producers, Inc. (UPI) currently creates value for 
you and your farming/ranching operation. Our objective is to understand what types of 
services you desire, the relative emphasis you place on these services, and how well the 
cooperative is currently providing these services. The survey is a joint project between UPI 
and the University of Missouri’s Graduate Institute of Cooperative Leadership.  
The survey will take approximately 25 minutes to complete. All information that you provide 
is confidential, and will be aggregated with other survey respondents. Your participation is 
voluntary, and by completing and submitting this survey you are providing consent to include 
your information into the aggregate survey results. We hope you have the time to complete 
the survey and help UPI better serve your needs.  
If you have questions or comments regarding this survey please call:  
Michael L. Cook 573-882-0140 
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Appendix B Cluster Analysis with K-means 
=== Run information === 

 

Scheme:       weka.clusterers.SimpleKMeans -N 3 -S 100 

Relation:     FreeRiding 

Instances:    575 

Attributes:   8 

              Q9a 

              Q9b 

              Q9c 

              Q9g 

              Q9i 

              Q9k 

              Q18f 

              Q21 

Test mode:    evaluate on training data 

 

=== Model and evaluation on training set === 

 

 

kMeans 

====== 
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Number of iterations: 23 

Within cluster sum of squared errors: 212.96507327003206 

 

Cluster centroids: 

 

Cluster 0 

 Mean/Mode:  4.2672 4.5944 3.3102 4.1195 3.6953 3.6341 0.0173 0.8163 

 Std Devs:   0.6639 0.5585 1.0735 0.6302 0.6916 0.6836 0.0661 0.2395 

Cluster 1 

 Mean/Mode:  3.5218 4.2086 3.6669 3.4381 2.6631 2.43   1      0.6944 

 Std Devs:   0.7722 0.8525 1.062  1.0307 1.1772 1.1974 0      0.3058 

Cluster 2 

 Mean/Mode:  3.5162 4.073  3.7495 3.5386 2.4561 2.3989 0.0604 0.5775 

 Std Devs:   0.837  0.9204 0.9278 0.8294 0.9353 0.946  0.1125 0.3349 

 

Clustered Instances 

 

0      249 ( 43%) 

1      139 ( 24%) 

2      187 ( 33%)  
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Appendix CCluster Analysis with EM 
 

=== Run information === 

 

Scheme:       weka.clusterers.EM -I 100 -N 3 -S 100 -M 1.0E-6 

Relation:     FreeRiding 

Instances:    575 

Attributes:   8 

              Q9a 

              Q9b 

              Q9c 

              Q9g 

              Q9i 

              Q9k 

              Q18f 

              Q21 

Test mode:    evaluate on training data 

 

=== Model and evaluation on training set === 

 

 

EM 

== 
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Number of clusters: 3 

 

Cluster: 0 Prior probability: 0.2242 

 

Attribute: Q9a 

Normal Distribution. Mean = 3.5227 StdDev = 0.7687 

Attribute: Q9b 

Normal Distribution. Mean = 4.2133 StdDev = 0.8481 

Attribute: Q9c 

Normal Distribution. Mean = 3.6596 StdDev = 1.0656 

Attribute: Q9g 

Normal Distribution. Mean = 3.4411 StdDev = 1.0237 

Attribute: Q9i 

Normal Distribution. Mean = 2.676 StdDev = 1.179 

Attribute: Q9k 

Normal Distribution. Mean = 2.4425 StdDev = 1.2006 

Attribute: Q18f 

Normal Distribution. Mean = 0.9885 StdDev = 0.091 

Attribute: Q21 

Normal Distribution. Mean = 0.692 StdDev = 0.3069 

 

Cluster: 1 Prior probability: 0.3224 
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Attribute: Q9a 

Normal Distribution. Mean = 3.4381 StdDev = 0.864 

Attribute: Q9b 

Normal Distribution. Mean = 4.0171 StdDev = 0.9895 

Attribute: Q9c 

Normal Distribution. Mean = 3.6443 StdDev = 0.9158 

Attribute: Q9g 

Normal Distribution. Mean = 3.4829 StdDev = 0.8807 

Attribute: Q9i 

Normal Distribution. Mean = 2.4299 StdDev = 1.0349 

Attribute: Q9k 

Normal Distribution. Mean = 2.4026 StdDev = 1.0374 

Attribute: Q18f 

Normal Distribution. Mean = 0.0943 StdDev = 0.1283 

Attribute: Q21 

Normal Distribution. Mean = 0.6332 StdDev = 0.3332 

 

Cluster: 2 Prior probability: 0.4533 

 

Attribute: Q9a 

Normal Distribution. Mean = 4.2417 StdDev = 0.6458 

Attribute: Q9b 



70 
 

Normal Distribution. Mean = 4.5745 StdDev = 0.5251 

Attribute: Q9c 

Normal Distribution. Mean = 3.4166 StdDev = 1.0851 

Attribute: Q9g 

Normal Distribution. Mean = 4.0967 StdDev = 0.6025 

Attribute: Q9i 

Normal Distribution. Mean = 3.5863 StdDev = 0.7047 

Attribute: Q9k 

Normal Distribution. Mean = 3.5097 StdDev = 0.7296 

Attribute: Q18f 

Normal Distribution. Mean = 0 StdDev = 0.4208 

Attribute: Q21 

Normal Distribution. Mean = 0.762 StdDev = 0.2793 

Clustered Instances 

 

0      134 ( 23%) 

1      179 ( 31%) 

2      262 ( 46%) 

 

 

Log likelihood: -7.86587 
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Appendix DFree Riding Related Association Rules 
LHS(X)    RHS(Y) Support Confidence Lift Leverage n(lev) Conviction 

Q10b2=4 => Q99FR=Low 0.12 0.6 1.32 0.03 16 1.33 

Q10d2=4 => Q99FR=Low 0.15 0.62 1.37 0.04 23 1.42 
Q1=1 Q4=Low 
Q11d1=5 
Q13=Increase => Q99FR=Low 0.11 0.74 1.62 0.04 23 1.99 

Q9h=3 Q26=5 => Q99FR=Low 0.1 0.71 1.56 0.04 21 1.81 

Q1=1 Q10d2=4 => Q99FR=Low 0.12 0.7 1.54 0.04 24 1.76 

Q9f=2 Q9h=3 => Q99FR=Low 0.11 0.7 1.54 0.04 21 1.75 
Q1=1 
Q13=Increase 
Q22f=1 => Q99FR=Low 0.1 0.7 1.53 0.04 20 1.74 

Q16e=4 Q17f=4 => Q99FR=Low 0.1 0.7 1.53 0.04 20 1.74 
Q10d2=4 
Q11d1=5 => Q99FR=Low 0.1 0.69 1.52 0.04 20 1.71 
Q1=1 Q16e=4 
Q22f=1 => Q99FR=Low 0.1 0.69 1.51 0.04 20 1.69 

Q6=High Q11d2=5 => Q99FR=Low 0.1 0.69 1.51 0.03 19 1.67 

Q1=1 Q11g2=4 => Q99FR=Low 0.11 0.69 1.5 0.04 20 1.67 
Q1=1 Q9h=3 
Q24=Sole => Q99FR=Low 0.11 0.68 1.5 0.04 21 1.67 
Q1=1 Q11d1=5 
Q13=Increase => Q99FR=Low 0.13 0.68 1.5 0.04 25 1.68 

Q10i2=4 => Q99FR=Low 0.11 0.65 1.43 0.03 18 1.51 

Q1=1 Q10d1=4 => Q99FR=Low 0.12 0.68 1.48 0.04 23 1.63 
Q1=1 Q7=High 
Q16e=4 => Q99FR=Low 0.1 0.67 1.48 0.03 19 1.61 
Q1=1 Q16e=4 
Q19c=1 => Q99FR=Low 0.11 0.67 1.48 0.04 20 1.62 

Q1=1 Q17f=4 => Q99FR=Low 0.11 0.67 1.48 0.04 21 1.62 

Q17c=4 => Q99FR=Low 0.12 0.63 1.37 0.03 18 1.42 
Q11d2=5 
Q13=Increase => Q99FR=Low 0.1 0.67 1.47 0.03 18 1.6 
Q11d1=5 
Q11g1=5 
Q13=Increase => Q99FR=Low 0.1 0.67 1.47 0.03 18 1.6 

Q1=1 Q17c=4 => Q99FR=Low 0.1 0.67 1.46 0.03 18 1.58 

Q9e=4 Q9h=3 => Q99FR=Low 0.1 0.66 1.45 0.03 18 1.56 

Q6=High Q9h=3 => Q99FR=Low 0.1 0.66 1.45 0.03 17 1.56 

Q1=1 Q17d=4 => Q99FR=Low 0.11 0.66 1.45 0.03 19 1.55 
Q1=1 Q22d=1 
Q22f=1 => Q99FR=Low 0.1 0.66 1.45 0.03 18 1.55 
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Q1=1 Q9h=3 => Q99FR=Low 0.15 0.66 1.45 0.05 26 1.56 

Q1=1 Q10h2=4 => Q99FR=Low 0.1 0.66 1.44 0.03 17 1.53 
Q4=Low Q11d1=5 
Q13=Increase => Q99FR=Low 0.12 0.65 1.43 0.04 20 1.53 
Q13=Increase 
Q22f=1 => Q99FR=Low 0.12 0.65 1.43 0.04 20 1.53 
Q1=1 Q11d1=5 
Q16e=4 => Q99FR=Low 0.13 0.65 1.43 0.04 22 1.53 
Q11g1=5 
Q13=Increase => Q99FR=Low 0.1 0.65 1.43 0.03 18 1.52 
Q10d2=4 
Q24=Sole => Q99FR=Low 0.1 0.65 1.43 0.03 17 1.51 

Q17d=4 => Q99FR=Low 0.13 0.62 1.35 0.03 20 1.39 

Q9h=3 Q22a=1 => Q99FR=Low 0.11 0.65 1.43 0.03 18 1.51 

Q17f=4 => Q99FR=Low 0.14 0.67 1.48 0.04 25 1.62 
Q10h1=5 
Q11d1=5 
Q13=Increase => Q99FR=Low 0.11 0.65 1.42 0.03 18 1.5 

Q17f=4 Q17h=4 => Q99FR=Low 0.1 0.65 1.42 0.03 16 1.5 

Q1=1 Q22d=1 => Q99FR=Low 0.11 0.65 1.42 0.03 19 1.5 
Q1=1 Q11d1=5 
Q24=Sole Q26=5 => Q99FR=Low 0.1 0.64 1.41 0.03 16 1.48 

Q1=1 Q10c2=4 => Q99FR=Low 0.12 0.64 1.4 0.04 20 1.47 

Q9d=4 Q16d=4 => Q99FR=Low 0.1 0.64 1.4 0.03 17 1.46 

Q1=1 Q10c1=4 => Q99FR=Low 0.12 0.64 1.4 0.03 19 1.47 

Q1=1 Q11d2=5 => Q99FR=Low 0.13 0.64 1.4 0.04 21 1.47 
Q11a1=5 
Q13=Increase => Q99FR=Low 0.1 0.64 1.4 0.03 16 1.46 

Q9d=4 Q9h=3 => Q99FR=Low 0.11 0.64 1.4 0.03 17 1.46 
Q1=1 Q9d=4 
Q16e=4 => Q99FR=Low 0.11 0.63 1.39 0.03 18 1.45 
Q1=1 Q11d1=5 
Q11d2=5 => Q99FR=Low 0.1 0.63 1.39 0.03 16 1.45 

Q16d=4 Q26=5 => Q99FR=Low 0.1 0.63 1.39 0.03 16 1.45 
Q1=1 Q17g=4 
Q17h=4 => Q99FR=Low 0.1 0.63 1.39 0.03 15 1.44 

Q9j=3 Q11d1=5 => Q99FR=Low 0.1 0.63 1.39 0.03 15 1.44 
Q1=1 
Q13=Increase 
Q26=5 => Q99FR=Low 0.11 0.63 1.39 0.03 17 1.44 

Q7=High Q16e=4 => Q99FR=Low 0.12 0.63 1.38 0.03 19 1.44 

Q9h=3 Q24=Sole => Q99FR=Low 0.14 0.63 1.38 0.04 22 1.44 
Q1=1 Q16e=4 
Q23=Greater than => Q99FR=Low 0.11 0.63 1.38 0.03 16 1.43 
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60 pct. 

Q1=1 Q16d=4 => Q99FR=Low 0.14 0.63 1.38 0.04 22 1.43 
Q9f=2 Q24=Sole 
Q26=5 => Q99FR=Low 0.1 0.63 1.38 0.03 16 1.42 
Q1=1 Q10h1=5 
Q11g1=5 => Q99FR=Low 0.1 0.63 1.37 0.03 15 1.42 

Q17f=4 Q17g=4 => Q99FR=Low 0.1 0.63 1.37 0.03 15 1.42 

Q9f=2 Q9j=3 => Q99FR=Low 0.1 0.63 1.37 0.03 15 1.42 

Q17g=5 => Q99FR=Low 0.1 0.78 1.71 0.04 23 2.34 
Q1=1 Q4=Low 
Q13=Increase => Q99FR=Low 0.15 0.63 1.37 0.04 23 1.43 
Q11d1=5 
Q13=Increase 
Q24=Sole => Q99FR=Low 0.12 0.63 1.37 0.03 18 1.42 
Q1=1 Q16d=4 
Q16e=4 => Q99FR=Low 0.11 0.63 1.37 0.03 17 1.42 

Q1=1 Q17g=4 => Q99FR=Low 0.11 0.62 1.37 0.03 16 1.41 
Q1=1 Q16e=4 
Q22a=1 => Q99FR=Low 0.1 0.62 1.37 0.03 15 1.41 

Q10c2=4 Q16e=4 => Q99FR=Low 0.1 0.62 1.37 0.03 15 1.41 

Q1=1 Q9j=3 => Q99FR=Low 0.15 0.62 1.37 0.04 23 1.42 

Q17h=5 => Q99FR=Low 0.11 0.8 1.76 0.05 27 2.56 

Q16e=4 Q19c=1 => Q99FR=Low 0.13 0.62 1.37 0.04 20 1.41 
Q11d1=5 
Q24=Sole Q26=5 => Q99FR=Low 0.12 0.62 1.37 0.03 19 1.41 

Q16e=4 Q22f=1 => Q99FR=Low 0.12 0.62 1.37 0.03 19 1.41 
Q1=1 Q16e=4 
Q26=5 => Q99FR=Low 0.11 0.62 1.37 0.03 17 1.41 

Q10h1=5 Q16e=4 => Q99FR=Low 0.11 0.62 1.37 0.03 16 1.4 

Q1=1 Q17h=4 => Q99FR=Low 0.11 0.62 1.36 0.03 17 1.4 
Q1=1 
Q13=Increase 
Q16e=4 => Q99FR=Low 0.1 0.62 1.36 0.03 15 1.4 
Q1=1 Q6=High 
Q13=Increase => Q99FR=Low 0.1 0.62 1.36 0.03 15 1.4 
Q1=1 Q10h1=5 
Q11d1=5 
Q24=Sole => Q99FR=Low 0.1 0.62 1.36 0.03 15 1.39 
Q1=1 Q4=Low 
Q11d1=5 
Q24=Sole => Q99FR=Low 0.1 0.62 1.36 0.03 15 1.39 
Q10h1=5 
Q11d1=5 Q26=5 => Q99FR=Low 0.1 0.62 1.36 0.03 15 1.39 

Q9e=4 Q16d=4 => Q99FR=Low 0.1 0.62 1.36 0.03 15 1.39 
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Q1=1 Q9e=4 
Q16e=4 => Q99FR=Low 0.11 0.62 1.36 0.03 17 1.39 
Q1=1 Q4=Low 
Q11d1=5 => Q99FR=Low 0.14 0.62 1.35 0.04 21 1.39 

Q9d=5 => Q99FR=Low 0.11 0.68 1.49 0.04 21 1.65 
Q1=1 Q11d1=5 
Q23=Greater than 
60 pct. => Q99FR=Low 0.11 0.62 1.35 0.03 16 1.38 
Q1=1 Q10h1=5 
Q24=Sole => Q99FR=Low 0.12 0.61 1.35 0.03 17 1.38 

Q10c2=4 Q10d2=4 => Q99FR=Low 0.12 0.61 1.35 0.03 17 1.38 
Q1=1 Q6=High 
Q16e=4 => Q99FR=Low 0.1 0.61 1.35 0.03 15 1.38 

Q22d=1 Q22f=1 => Q99FR=Low 0.13 0.61 1.35 0.03 18 1.38 

Q1=1 Q16e=4 => Q99FR=Low 0.19 0.61 1.35 0.05 28 1.39 
Q10h1=5 
Q13=Increase => Q99FR=Low 0.11 0.61 1.35 0.03 16 1.37 

Q4=Low Q9h=3 => Q99FR=Low 0.1 0.61 1.35 0.03 14 1.37 
Q1=1 Q4=Low 
Q13=Increase 
Q24=Sole => Q99FR=Low 0.11 0.61 1.34 0.03 16 1.37 
Q1=1 Q9j=3 
Q24=Sole => Q99FR=Low 0.11 0.61 1.34 0.03 16 1.37 
Q4=Low 
Q13=Increase 
Q26=5 => Q99FR=Low 0.1 0.61 1.34 0.03 14 1.36 

Q9f=1 => Q99FR=Low 0.1 0.65 1.43 0.03 17 1.51 
Q13=Increase 
Q24=Sole Q26=5 => Q99FR=Low 0.11 0.61 1.34 0.03 15 1.36 

Q9d=4 Q22f=1 => Q99FR=Low 0.12 0.61 1.34 0.03 16 1.36 
Q1=1 Q22f=1 
Q24=Sole => Q99FR=Low 0.12 0.61 1.34 0.03 17 1.36 
Q1=1 Q11d1=5 
Q22f=1 => Q99FR=Low 0.11 0.61 1.33 0.03 16 1.35 
Q1=1 Q11a1=5 
Q11d1=5 => Q99FR=Low 0.12 0.61 1.33 0.03 16 1.35 

Q9e=4 Q10h1=5 => Q99FR=Low 0.1 0.61 1.33 0.02 14 1.35 
Q1=1 Q10h1=5 
Q11d1=5 => Q99FR=Low 0.13 0.61 1.33 0.03 19 1.36 
Q1=1 
Q13=Increase 
Q23=Greater than 
60 pct. => Q99FR=Low 0.1 0.61 1.33 0.03 14 1.35 
Q1=1 Q9d=4 
Q20=Low => Q99FR=Low 0.1 0.61 1.33 0.03 14 1.35 
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Q1=1 Q9e=4 
Q11d1=5 => Q99FR=Low 0.11 0.61 1.33 0.03 16 1.35 

Q1=1 Q11a1=5 => Q99FR=Low 0.13 0.6 1.33 0.03 18 1.35 

Q9e=4 Q9j=3 => Q99FR=Low 0.1 0.6 1.33 0.02 14 1.34 
Q11d1=5 
Q13=Increase => Q99FR=Low 0.16 0.6 1.33 0.04 22 1.35 
Q1=1 Q4=Low 
Q22f=1 => Q99FR=Low 0.11 0.6 1.33 0.03 15 1.34 
Q13=Increase 
Q16e=4 => Q99FR=Low 0.12 0.6 1.32 0.03 17 1.34 
Q1=1 Q6=Low 
Q9d=4 => Q99FR=Low 0.1 0.6 1.32 0.02 14 1.33 

Q9d=4 Q10h1=5 => Q99FR=Low 0.1 0.6 1.32 0.02 14 1.33 
Q1=1 Q11d1=5 
Q22a=1 => Q99FR=Low 0.11 0.6 1.32 0.03 15 1.33 

Q17g=4 Q17h=4 => Q99FR=Low 0.12 0.6 1.32 0.03 16 1.34 
Q1=1 Q11d1=5 
Q26=5 => Q99FR=Low 0.13 0.6 1.32 0.03 17 1.34 

Q9h=3 => Q99FR=Low 0.18 0.61 1.34 0.05 26 1.38 
Q1=1 Q9e=4 
Q26=5 => Q99FR=Low 0.11 0.6 1.32 0.03 15 1.33 
Q1=1 Q9d=4 
Q19c=1 => Q99FR=Low 0.11 0.6 1.32 0.03 15 1.33 
Q10d1=5 
Q24=Sole => Q99FR=Low 0.11 0.6 1.32 0.03 15 1.33 
Q1=1 Q22f=1 
Q26=5 => Q99FR=Low 0.1 0.6 1.32 0.03 14 1.33 

Q9f=2 Q22f=1 => Q99FR=Low 0.1 0.6 1.32 0.03 14 1.33 
Q1=1 Q11d1=5 
Q11g1=5 
Q24=Sole => Q99FR=Low 0.1 0.6 1.32 0.02 13 1.33 
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