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ABSTRACT
The thesis study presents the effort of using the Lens Model framework, originally
conceived by Brunswik, to investigate judgment behaviors so that contingent decisions
can be incorporated. Specifically, we seek to establish a Rule-based Lens Model to model
the judgment of a human who selects a criterion value based on a set of probabilistic
cues.
To build RLM, we developed a noncompensatory policy capturing technique to
infer judgment rules (represented in disjunctive normal form) from available human data.
The rule induction algorithm RLM-RI employs multiobjective Genetic Algorithm as its
central search mechanism to enhance the induction and classification process. The quality
of the induced rule set is measured by two criteria, fidelity (the degree to which the rule
set reflects the judgment data they have been extracted from) and compactness (the
simplicity of the rule set). An experimental study is conducted to demonstrate the
effectiveness of RLM-RI as a supervised machine learning algorithm on a number of
benchmark datasets. In RLM, the direct use of rule-based modeling within the Lens
Model framework is explored and a new computational scheme based on match
frequency is developed to define the Lens Model parameters.
In order to evaluate the fit of RLM on actual human data, a laboratory study is
designed and conducted using an aircraft identification task. The performance of the
participants is evaluated by the Lens Model approach to determine the degree to which
the judgments adapt to the situated task environment. Through the results of the study,
the strengths and limitations of RLM are identified and evaluated.
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Chapter 1
Introduction

1.1 Brunswik’s Lens Model
The use of the Lens Model as a tool for Judgment Analysis traces its genesis to the
theoretical contribution of Egon Brunswik’s Probabilistic Functionalism (Brunswik,
1943; Brunswik; 1952, Brunswik, 1955a; Brunswik, 1955b), which specifies a functional
relationship between an organism and its environment, mediated through the probabilistic
relations among a set of environmental cues. As a conceptual vehicle, the Lens Model
integrates the main principles of Probabilistic Functionalism into one unified system
(Brunswik, 1952). A common representation of the conceptual Lens Model is given in
Figure 1-1 where the task ecology is represented in the left half and human judgment
system is represented in the right half. The subjects make judgment Ys on an
environmental variable measured by criterion Ye , by utilizing a set of cues X .Hammond
(1966) later summarized the inherent mechanism of the Lens Model as follows:
Because the data received via the various intersubstitutable receptor
functions must be combined, or “recollected” by the organism, the entire
process from distal causes to central effect can be represented by the
manner in which a convex lens function. As a result Brunswik referred to
his theory as a “lens model” of behavior….The distal cause in the
environment scatters its effects and the organism “re-combines” them.
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Brunswik’s work was further developed from the domain of psychology to the
area of studying human judgments. More specifically, the linear models were used in the
Lens Model formulation to describe both ecological and human cognitive systems. The
symmetrical structure of the Lens Model provides a means for evaluating judgment
behaviors as the relationship between the judgment and its situated task ecology. Since
1960s, the Lens Model has been applied to study a variety of behaviors and conceptual
problems (Koele, 1980; Rothstein, 1986; Bisantz et al., 2000).

Figure 1-1: Brunswik’s Lens Model.

1.2 Decision Making Strategies
Two types of decision making strategies are often discussed in the judgment and
decision making research (Einhorn, 1970; Payne, 1976; Svenson, 1979). Under a
compensatory mode of decision making, information is processed exhaustively and tradeoffs need to be made between attribute cues. Therefore attributes with high values can
compensate for attributes with low values; cues having positive weights can compensate
for cues with negative weights. The influence of any attribute on the choice of the
alternatives may be offset by other attributes. Common compensatory strategies include:
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Weighted additive – attributes have different weights; and



Equal weight – a special case of weighted additive strategy. All attributes have

equal weights.
Noncompensatory strategies, on the other hand, generally do not make use of all
available information and trade-offs are often ignored. Decision determined by some
attributes cannot be reversed by other attributes. Typically, noncompensatory decisions
shortcut the compensatory process and make decision-making easier. People usually do
not systematically collect all relevant information and often ignore the relative
importance of various attributes when they make noncompensatory decisions (Straub and
Gaddy, 2003). Strategies that are noncompensatory in nature include:


Conjunctive – alternatives which fail to meet a minimum value requirement on

each attribute will be eliminated from the choice set (Timmermans, 1983);


Disjunctive – alternatives are evaluated on the basis of maximum values for each

attribute (Timmermans, 1983);


Elimination by Aspects – during a sequential process, the decision maker selects

an attribute according to its relative importance and eliminates all alternatives that do
not meet a specific criterion (i.e., attribute value) until only one alternative remains
(Tversky, 1972);


Lexicographic – alternatives are ranked on the basis of the most important

attribute. In the case of ties, the process proceeds sequentially to the next important
attribute until only one alternative remains; and
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Take the Best – the decision maker uses a sequence of rules to choose an

alternative in the face of uncertain knowledge (Gigerenzer and Goldstein, 1996).
Von Neumann and Morgenstern (1947) developed the classic Utility Theory
which offers an idealized representation of decision outcomes that can be easily extended
to the evaluation of objects with multiple attributes. In their theory, it is assumed that
people are rational decision makers who are capable of selecting the alternative with the
maximum utility value by using compensatory strategies, and in case of uncertainties,
they are able to estimate the probabilistic outcomes. Though the classic Utility Theory
dominates the literature for building normative decision models, critics argued that the
Utility model had serious shortcomings (Mosteller and Nogee, 1951; Simon, 1955; Luce,
1956). Typically, when people make everyday decisions, they are not completely rational
and consistent. They are not even aware of lots of cue information that are readily
available in the environment. In addition, people have difficulties in using probabilities
since they are better at estimating the relative frequencies of events. Therefore,
alternative models are needed to describe human decision making that requires less
information processing.
Simon (1955) proposed an alternative model based on the idea of satisficing,
which suggests that people tend to select the first option that works for the situation
rather than the optimal alternative. He later proposed the notion of bounded rationality
(Simon, 1957) and stated that property of an agent that behaves in a manner that is nearly
optimal with respect to its goals as its resources will allow. Noncompensatory decision
models are developed to describe decision making behaviors that are consistent with the
concept of bounded rationality. Noncompensatory strategies can be used to reduce the
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number of alternatives to be carefully evaluated and therefore improve the processing
efficiency (Payne, 1976; Beach, 1993; Payne et al., 1993; Payne et al., 1998).
Several researchers (Wright, 1974; Payne, 1976; Maule, 1997; Maule et al., 2000)
have shown that people intelligently use limited cognitively resources to make decisions
under time stressed and information rich environment. Research on contingent decision
making suggest that decision makers solve tasks and respond adaptively to the variation
of the environment by using different judgment strategies (Einhorn, 1970; Einhorn, 1971;
Payne, 1982; Payne et al., 1993; Abelson and Levi, 1985). Studies show that time
pressure and problem size are the two factors that could potentially promote the use of
different decision strategies. Usually, when the task environment does not pose severe
constraints, people tend to use compensatory strategies that are cognitively more
demanding to obtain high decision accuracy (Beach and Mitchell, 1978; Payne et al.,
1993). However, decision makers are sensitive to the increase of problem size or time
constraint and they generally shift to noncompensatory strategies to save cognitive effort
and improve processing efficiency (Payne et al., 1993). Since the number of alternatives
and attributes that can be considered is severely constrained by human working memory
capacity and computational ability (Miller, 1956), decision makers use relatively simple
strategies to cope with the constraints in the complex task environment (Payne, 1976). In
a more general sense, people are more likely to react to the inconsistency between
information-processing demands and capacity by selectively processing only a subset of
the available information that is easier to perform (Chu and Spires, 2003). However,
sometimes, the simplified noncompensatory strategies can maintain reasonably high
levels of accuracy while saving cognitive effort (Einhorn and Hogarth, 1975). Decision
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makers may use both compensatory and noncompensatory strategies on different tasks or
even at different stages of the same task (Payne, 1976; Beach, 1993; Payne et al., 1998).

1.3 Research Objectives
While the existing analytical Lens Model framework for the Judgment Analysis
focuses on using linear models (i.e., regression) to determine the fitness of human
judgment relative to the environment constraints, its power is tempered by occasions in
which the nature of judgments is driven by noncompensatory strategies. The proposed
research aims to develop a new approach called Rule-based Lens Model (RLM) to
characterize noncompensatory mode of decision makings (Yin and Rothrock, 2006). The
development of RLM can provide better understanding of the strengths and limitations of
human judgment behavior under dynamic and uncertain environment. The primary
research objectives include:
1.

Develop policy capturing model of noncompensatory behavioral decision
making through the use of an inductive inference system. Extend and advance
the current approach for inferring noncompensatory decision rules from
human judgment data in judgment and decision tasks.

2.

Explore the direct use of rule-based models within Brunswik’s Lens Model
framework to accommodate for noncompensatory decision behaviors.
Develop mathematical formulation for RLM to define Lens Model
parameters.
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3.

Evaluate

the

strength

and

robustness

of

RLM

in

characterizing

noncompensatory decision behaviors through an empirical study using a
simulated aircraft identification task.

1.4 Thesis Overview
We now provide an overview for the reminder of this thesis. In Chapter 2, we
briefly review the traditional regression-based Lens Model framework. The mathematical
formulation is presented and we discuss why it falls short when used to characterize
noncompensatory decisions. This serves as our motivation to develop RLM which uses
rule-based formulation to model both human judgment and task ecology. Some existing
work on the RLM development is explored and our proposed study serves as the
advancement of the current methods.
In Chapter 3, we propose the general research hypotheses. The problem is
quantitatively defined and the key components in building RLM are identified.
Chapter 4 presents the detailed solution methodology to the rule induction
problem and defines the computational framework for RLM parameter calculations. A
literature review is given at the beginning focusing on a set of methodologies to solve the
classification problem, primarily stemmed from the machine learning community. The
detailed algorithm is then described, based on a Genetic Algorithm (GA) approach to
solve the multiobjective optimization problem. The performance of the algorithm is
tested on a set of benchmark datasets and the results are compared with a number of
state-of-the-art algorithms. For RLM parameter calculation, a framework based on
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Boolean algebra is used and we show how to integrate this framework with rule induction
to build a complete RLM formulation.
Chapter 5 presents the effort of evaluation of the proposed RLM framework
through empirical laboratory studies. Specifically we use an aircraft identification task to
test the robustness of RLM in characterizing noncompensatory judgment behaviors. We
describe a coherent experimentation strategy that can be employed to investigate human
decision making behaviors with regard to environmental variations. We compare the
modeling power of RLM with the traditional Lens Model formulation and their strengths
and limitations are illustrated.
Chapter 6 provides summary remarks and directions for future research.

Chapter 2
Lens Model Formulation

2.1 Traditional Formulation of the Lens Model
Over the centuries, numerous research efforts have been done with the aim to
understand human decision making behaviors. One of the approaches, policy capturing
refers to the technique for clustering judges based on their judgment policies. The goal of
this approach is to understand an individual’s decision-making strategy by observing the
relationship between the cues given to the individual, and the decisions made. Up to date,
statistical regression analysis has been the most commonly used method to capture the
judgment policies of an individual decision maker (Cooksey, 1996). It has been
successfully applied to study problems in a wide variety of domains. Research showed
that a great amount of valuable information can be obtained through the use of
regression. However, they also argued that yet the linear models are useful, they do not
provide a complete depiction of decision process features (Hoffman, 1960).
Traditional development of the Lens Model focused on the use of multiple
regressions to capture the judge’s policy as well as the relationship in the task
environment. Such a model framework is appropriate when used to evaluate and
characterize compensatory decision behaviors. As such, we term the traditional model as
the Compensatory version of the Lens Model (CLM).
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Figure 2-1: Traditional Lens Model (CLM) with Labeled Statistical Parameters.
A standard representation of CLM is given in Figure 2-1 where x1 , x2 , xk denote
the environmental cues, Ys represents the judge’s decision, and Ye represents the criterion.
The general form of the linear judgment model is given in Eq. 2.1.
k

Ys  b0   bi X i  e

(2.1)

i 1

b0 is the regression constant and bi is the regression coefficient for each cue. The

regression coefficient represents the change on the dependent variable when the
independent predictor increments by one unit while all other predictors hold as constant.

e is an error term. The weights represent the weighting strategy that people used to make
decisions as a result of the regression modeling that best fits the available judgment data.
The most commonly used criterion to determine the optimal fit between the linear model
and the actual data is the least square approach.
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In Figure 2-1, Ŷs represents the predicted judgment produced by the linear model
2.1. The predicted criterion Ŷe can be produced in the same way by generating a linear
model for the ecology side.
In CLM, the Lens Model parameters are calculated as statistical correlations
which deal with the problem of finding a linear relationship between two sets of sampled
data. The CLM parameters are defined as:

 
 corrY , Yˆ 

Re  corr Ye , Yˆe

(2.2)

Rs

(2.3)

s

s

ra  corr Ye , Ys 



G  corr Yˆe , Yˆs





(2.4)



C  corr Ye  Yˆe , Ys  Yˆs

(2.5)



(2.6)

ra represents how human decisions adapt to the actual value of the environmental
criterion. Re, the environmental predictability measures how well the environmental
model predicts the actual criterion value. Rs labeled as human control indicates how the
linear policy model captures the actual human judgments. Linear knowledge G is
designed to estimate how well the linear prediction model of the environment maps onto
the policy model of the human judgment. Unmodeled knowledge C measures how well
the two models (one for the environment and the other for the human judgment) share the
common points that are not captured in the corresponding linear modeling.
Mathematical formulation for the relations between components of the model was
introduced by Hursch et al. (1964). Tucker (1964) made important modifications of their
work and the Lens Model Equation (LME) is given as follows,
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ra  GRe Rs  C 1  Re2 1  Rs2

(2.7)

It decomposes a judge’s achievement into two multiplicative components. GReRs is the
linear component and its contribution to the achievement is attributed to the linear models
of the ecology and human judgment system. The second component C 1  Re2 1  Rs2
represents the contribution of unmodeled aspects of judgment and ecology to the overall
achievement. LME can be viewed as a coherent modeling methodology which links the
regression-based policy capturing model with the regression-based criterion model for
comparison between human judgment and ecological systems (Cooksey, 1996). Since its
conception, the Lens Model Equation has been applied to study problems across a variety
of domains (Rothstein, 1986; Mear and Firth, 1987; Wigton et al., 1990; Horiguchi et al.,
2000).
Although linear additive models can often approximate nonlinear strategies, they
are sometimes inadequate to represent rule-based behaviors, e.g., the XOR problem that
is naturally arisen in real-world data (Page and Ray, 2003) cannot be modeled by the
weighting-and-summing formula (Yin and Rothrock, 2006) – it yields a set of zero
regression coefficients for the predictor variables. Given that the formulation of the Lens
Model relies heavily on multiple linear regression models to determine the fitness of
human judgments relative to constraints in the task environment, its success is tempered
by occasions in which judgment is driven by noncompensatory strategies. Although some
have attempted to extend the CLM to account for noncompensatory strategies (Cooksey,
1996), a Lens Model framework which is able to fully model noncompensatory decisions
has not been developed.
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2.2 The Development of RLM
Given the aforementioned evidence from psychological theory and empirical
research, using linear regressions to infer judgment strategies for performers in a complex
and dynamic environment may be inappropriate. The model may provide a misleading
understanding of the underlying decision making behavior. A need exists to develop a
noncompensatory policy capturing model which can elicit heuristic rules from judgment
data and does not rely on the linear compensatory assumption. The development of such
systems is also of practical importance because it allows investigators to infer unobserved
decision strategies from judgment profiles (Elrod et al., 2004). Research has shown that
self-reported protocol data is not reliable because subjects may not be able to be aware of
their decision strategies and therefore fail to report them correctly (Nisbett and Wilson,
1977). The process of protocol data collection may also interfere with subjects’ decision
process (Billings and Marcus, 1983; Brucks, 1985; Ford et al., 1989), e.g., it may bias the
decision process by directing subjects’ attention towards some attributes that would be
ignored in a naturalistic setting, or it may cause information overload. Therefore, the
approach of automatic rule induction eliminates the reliance on self-reports and protocol
data. Although some attempts have been made to model noncompensatory decision
strategies from human data (Einhorn, 1970; Einhorn, 1971; Brannick and Brannick, 1989;
Ganzach and Czaczkes, 1995; Abe, 1999), the proposed models inherently only represent
the approximation of noncompensatory process by the use of nonlinear compensatory
models. Hence, these models are not desirable in terms of depicting the simple cognitive
process that they seek to represent (Elrod et al., 2004).
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Rothrock and Kirlik (2003) proposed that in a time-stressed, information-rich task
environment, performers tend to develop heuristic rule-based strategies to cope with the
increased cognitive workload. Therefore, rule-based modeling would be more appropriate
than the tradition linear models in terms of describing the heuristic-based judgment
behaviors. They thus presented a technique, called Genetics-Based Policy Capturing
(GBPC), for inferring noncompensatory rule-based heuristics from judgment data, as an
alternative to regression. The first step towards building such a system is to select a good
representation of the solution search space. It requires the inference system to be able to
represent the concept descriptions that could be mapped onto the string representation
which is used in the traditional Genetic Algorithm (GA) approach (DeJong et al., 1993).
Research show that the rule language expressed in the disjunctive normal form has a
sufficient express power for representing complex concept descriptions in a succinct
manner. In disjunctive normal form, a set of conjunctive rules is combined disjunctively
to form a rule set. Hence, the mechanism will generate the rule set that potentially reflects
the use of fast and frugal heuristics (Gigerenzer and Goldstein, 1996), which can be
described as logical strategy consisting of AND, OR, or NOT operators.
In GBPC, the fitness of a rule set was taken to be the ability to classify a set of
exemplars (i.e., human judgment data). Therefore, a rule set should not only match a set
of exemplars, but it should also resemble economical, noncompensatory judgment
strategies. This is done in GBPC by a multi-objective function that evaluates fitness along
three dimensions: a) completeness (all human judgments are represented); b) specificity
(maximal concreteness); and c) parsimony (no unnecessary rules are used). The ideal
rule set, therefore, will match all behavioral data, will be maximally specific, and

15

maximally parsimonious. GA is used to guide the search process in GBPC. The rule
inference technique can be readily extended to model the task ecology as well. Hence the
same type rule-based structure can be used to describe the cue-criterion relationships for
both ecology and human judgment system, which serves as the fundamental prediction
mechanism in RLM.
In Yin and Rothrock (2006), we further refined the formulation of RLM to
describe the functional relationship between the environment in which the decision is
made and the decision maker. Given that RLM was built on the idea that people use rules
or heuristics to make decisions to cope with the constraints posed in the environment, it is
specifically designed to capture and evaluate noncompensatory decision makings.
Therefore the integration of rule-based models into the Lens Model framework becomes
necessary to explore the human judgment behaviors under contingent conditions.
However, since the nature of different judgment strategies requires that the decision
making process operates on different scales (Hursch et al., 1964; Tucker, 1964; Rothrock
and Kirlik, 2003), the notable difference between building a functional model of the
human-ecology system in compensatory, versus non-compensatory, terms lies not only
on the mechanisms of induction, but also on the types of data to be analyzed. Standard
linear regression methods are used to study compensatory strategies and ecologies which
require dependent variables to be measured on interval scale (Schneider and Selling,
1996). However, as shown in the modeling of non-compensatory judgment strategies
(Rothrock and Kirlik, 2003), the rule-based formulation is built upon the assumption that
human judgments, ecological cues, and the ecological criterion take on categorical or
discrete values. Therefore different framework is needed to operate on the nominal scaled
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numbers. A new computational framework based on match frequency was developed to
serve as the complement for statistical correlation analysis used in CLM. The main
justification for the match frequency approach lies on the difference of distance measures
for continuous data and discrete data. In general for discrete data, there is no meaning of
subtracting one number from another number. Therefore, if the human predicts the wrong
category, there is no difference for which category he/she selects, in other words, there is
only right or wrong type of answers.
In Yin and Rothrock (2006), the RLM parameters Re , Rs , G, ra were calculated as
match frequencies. Regarding C or “unmodeled knowledge” term, since subtraction
operations cannot be applied to nominal data, the Boolean algebra relationships were
introduced in the formulation. The interpretation of RLM parameters is analogous to the
linear case. Achievement ra represents the correspondence between human judgments
and the actual value of the environmental criterion. Re, the environmental predictability,
measures how well the rule-based environmental model can be used to predict the
criterion value; while Rs, labeled as human control, indicates how well the rule-based
cognitive model captures actual human judgments. However, instead of being labeled as
linear knowledge in CLM, the parameter G now represents how well the rule-based
model of the environment maps onto the rule-based model of the human judgments
strategy. The unmodeled knowledge C measures the degree of mapping of systems’
irregularities between the rule-based ecological and judgment models. The integrated
RLM framework that accounts for non-compensatory strategies is depicted in Figure 2-2.
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Figure 2-2: The Rule-based Lens Model (RLM) with Labeled Parameters.
In RLM, the range of parameters ra, Re, Rs, G, and C is [0, 1]. The closer these
value are to 1, the better achievement, environmental predictability, human control, and
modeled knowledge they represent, respectively. As for C, higher value reveals higher
degree of unmodeled knowledge usage. Indeed, a high value of C revealed through RLM
analysis may indicate a high degree of cue usage that is not readily available to be
captured by the rule-based modeling.
A simulation analysis has been conducted to compare the performance of CLM
and RLM under a hypothetical continuum ranging from purely linear judgments to purely
rule-based judgments (Yin and Rothrock, 2006). Results suggested that RLM can be used
to differentiate judgment strategies. Specifically, the values of Rs and C under RLM
analysis found in the study (Yin and Rothrock, 2006) suggest that they may serve as
indicators for the strategy shifts. However, the model has not been validated through the
use of real human data.
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2.3 Research Motivation
In Rothrock and Kirlik (2003), the utility of GBPC was illustrated using
behavioral data from the highest and lowest performing operators in a laboratory
simulation task. By comparing with the regression-based approach, it has been shown
that GBPC provided a representation of judgment strategy consistent with the operators’
judgment patterns and could help to resolve difficulties in interpreting the regression
based representations. Although the results were encouraging, the use of GBPC as a rule
induction algorithm has not been formally validated yet. The proposed research presented
in this thesis serves as an advancement of the GBPC method and we intend to develop a
technique that is more effective and efficient than GBPC. The RLM framework is then a
synthesis of the newly developed induction algorithm with the rule-based parameter
defining scheme. Moreover we provide a set of coherent validation experimentations to
test the effectiveness of the rule induction algorithm as well as the entire RLM modeling
framework.

Chapter 3
Problem Statement

3.1 General Research Hypotheses
Based on our research objective to develop a modeling approach within which the
noncompensatory decision-making behaviors can be captured and evaluated. We develop
general research hypotheses as follows:
Hypothesis 1: An inductive rule inference process which is characterized as a
multi-objective optimization problem where quality solutions can be found within an
acceptable time frame.
Hypothesis 2: In terms of the fit of the Lens Model, RLM provides a better fit in
conditions which are believed to prompt the use of noncompensatory strategies. More
specifically, in these conditions, the fit between the policy models to the actual judgment
profiles is significant better for RLM than do CLM; in addition, the judgment
performance can be better characterized by RLM evaluation than by CLM.
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3.2 Problem Statement

3.2.1 Rule Inference System

The proposed model uses inductive inference principles to generate rules in
disjunctive normal form that are consistent with human decision behaviors. The current
formulation of the problem builds on the existing work of GBPC (Rothrock and Kirlik,
2003; Rothrock et al., 2003) and extend it to accommodate discrete values with multiple
categories. In general, the problem could be formulated as a multi-objective optimization
problem.

3.2.1.1 General Problem Information
In the proposed research, the general problem is that the decision-maker selects
among Q alternatives Y 1 , Y 2 ,..., Y Q  (Q is finite and the alternatives are unordered)
regarding the states of the environmental criterion Ye based on a set of environment cues
x1 , x2 ,..., x p . For the scope of the current study, we assume that all the cues take on

discrete values from finite categorical sets. The ith categorical cue, xi can take values from
the domain set X i1 , X i2 ,..., X icI , where C i represents the number of categories for the ith
cue and we assume that C i is finite for i = 1,2,…,p. We specify that the rule-based model
which is inferred from the judgment data is stated in the disjunctive normal form which is
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consistent with the findings from Gigerenzer and Goldstein (1996). Generally, it is
expressed as the disjunction of M zero order conjunctive production rules,
Rule 1: IF (CUE 1 = VALUE 11) AND (CUE 2 = VALUE 12) AND ... AND (CUE P
= VALUE 1P) THEN (SELECT ALTERNATIVE J1)
OR
Rule 2: IF (CUE 1 = VALUE 21) AND (CUE 2 = VALUE 22) AND ... AND (CUE P
= VALUE 2P) THEN (SELECT ALTERNATIVE J2)
OR

(3.1)

...
OR
Rule M: IF (CUE 1 = VALUE M1) AND (CUE 2 = VALUE M2) AND ... AND
(CUE P = VALUE MP) THEN (SELECT ALTERNATIVE JM)

To infer such rule-based model from the judgment data, we assume the learning is
based on N actual judgment instance profiles, which are shown in 3.2,
Profile 1: (CUE 1 = VALUE 11) AND (CUE 2 = VALUE 12) AND ... AND (CUE P
= VALUE 1P) AND (SELECT ALTERNATIVE A1)
Profile 2: (CUE 1 = VALUE 21) AND (CUE 2 = VALUE 22) AND ... AND (CUE P
= VALUE 2P) AND (SELECT ALTERNATIVE A2)

(3.2)

...
Profile N: (CUE 1 = VALUE N1) AND (CUE 2 = VALUE N2) AND ... AND (CUE
P = VALUE NP) AND (SELECT ALTERNATIVE AN)

The exemplar matrix, E, summarizes the information of N judgment profiles.
Each judgment profile is also called an exemplar, which is represented by ei , for i =
1,2,…,N. E is a two-dimensional matrix of size N   p  1 in the form of:
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 e11
e
21
E
 

e N 1

e12
e22


 e1 p
 e2 p




e N 2  e Np

a1 
a 2 
 

a N 

(3.3)

The element in the exemplar matrix eij for i = 1,2,…,N, j = 1,2,…,p represents



the value of the jth cue in the ith exemplar, obviously eij  X 1j , X 2j ,..., X j j
c

 .The element
1

a i for i = 1,2,…,N represents the judgment value of the ith exemplar, and





ai  Y 1 , Y 2 ,..., Y Q .

Similarly, the rule set which consists of the disjunction of M conjunctive rules can
be summarized via a two-dimensional matrix of size M   p  1 . We call it the rule set
matrix, S, where each conjunctive rule is represented by s k  .

 s11
s
21
S
 

 s M 1

s12
s 22


 s1 p
 s2 p




s M 2  s Mp

j1 
j 2 
 

j M 

(3.4)

The element of the rule set matrix s kj for k = 1,2,…,M, j = 1,2,…,p represents the
constraint posed on the jth cue in the kth rule. s kj can take any one value from the set

0, X

1
j,



X 2j ,..., X j j where 0 is a match all character. When s kj  0 , the j cue can take any
c

th



c



value from the set X 1j , X 2j ,..., X j j for its condition to be met in the kth rule. In other
words, the kth rule does not pose any constraints on the values of the jth cue. In terms of
judgment strategies, this represents that the jth cue is excluded from the decision making

1

eij could be set as 0 if the value of the jth cue is unknown or missing in the ith judgment profile.
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process2. In addition, the element of the rule set matrix j k for k = 1,2,…,M represents the
decision value for the kth rule where j k  Y 1 , Y 2 ,..., Y Q .

3.2.1.2 Evaluation of the Rule Set
As we recall in the regression-based policy capturing approach, the fitness of the
linear-additive model is determined by the least squares criterion. In moving to the
noncompensatory policy capturing approach, we define an alternative set of measures to
evaluate the quality of the rule set. Fitness of a rule set represents values of these quality
measures.
The objective of the rule inference system is to elicit noncompensatory rules from
judgment data. Therefore the quality of the rule set is determined based on its ability to
represent noncompensatory decision making behaviors. The evaluation of rule sets is
performed in two aspects, namely fidelity and compactness. First, fidelity stands for the
degree to which the rule set reflects the judgment profiles from which they have been
extracted. On the one hand, we want to generate accurate rule set to correctly classify the
exemplar set. On the other hand, we want to minimize the classification error. Hence,
accuracy and error are developed as two measures which correspond to fidelity and they
are used to determine to which extent the extracted rule set represents the original
judgment data. Second, compactness measures the simplicity of the rule sets. Rule set
with fewer and simpler rules reflects a satisticing mode of decision making which is
better suited to represent the noncompensatory decision strategies where less information
2

Only applies when using the kth rule only, not the entire rule set.
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is considered, integrated, and combined to make a judgment. The compactness of the rule
set is measured by its size and parsimony. Specificity is introduced to the measure the
compactness of a single rule.
An ideal rule set, therefore will accurately classify the entire exemplar set with a
zero error rate to achieve the maximum fidelity, while at the same time has a minimum
number of rules and each rule is as short as possible, yielding a minimum compactness.
In general, fidelity and compactness tend to be contradictory with each other. The least
complex rule sets, may cover only a few patterns of the exemplar set. To improve the
fidelity of a give rule set, we may need to insert new rules to cover the remaining
patterns. The introduction of the additional rule will increase the complexity of the rule
set. Therefore, when a simultaneous optimization is infeasible and unachievable, a
compromise is needed to balance between these criteria.
All evaluation criteria are introduced in an attempt to improve the psychological
plausibility of the induced rule set. We submit that the proposed approach does not aim to
generate rule set to exactly mimic the decision making process but rather the goal is to
generate a plausible hypothesis that is relevant to the use of noncompensatory decision
strategies. In the next section we present the detailed mathematical representation of the
fitness dimensions for the rule set.

3.2.1.3 Mathematical Representation of Fitness Dimensions
To compare the match between an exemplar ei with a rule s k  , we define a
number of indictor variables. First, consider for the jth cue, its value is eij in exemplar ei
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and s kj in rule s k  . Table 3-1 lists all possible cases for the values of eij and s kj , also the
match indictor  ikj is defined as 1 if the value of the jth cue in the exemplar is compatible
with the value in the rule and 0 otherwise.
Table 3-1: Match between eij and skj.
s kj  0
s kj  0

eij  s kj

compatible

 ikj  1

eij  s kj

compatible

 ikj  1

eij  s kj

compatible

 ikj  1

eij  s kj

incompatible

 ikj  0

The relationship between  ikj , eij , and s kj illustrated in Table 3-1 can be formulated by the
following constraints:

 ikj s kj eij  s kj   0
eij  s kj   ikj  1

(3.5)

s kj   ikj  1

 ikj  0,1
Similarly, for the decision value a i in exemplar ei and j k in rule s k  , Table 3-2 defines
the match indictor  ik . It is 1 if the decision values in the exemplar and the rule are the
same and 0 otherwise.
Table 3-2: Match between ai and jk.
ai  j k

same

ai  j k

different

 ik  1
 ik  0

The relationship between  ik , a i , and j k is summarized by constraint set 3.6:
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 ik a i  j k   0
a i  j k   ik  1

(3.6)

 ik  0,1
Therefore, the matching vector of exemplar ei with respect to a rule s k  is defined
as:



 ik   ik1  ik 2

  ikp

 ik 

(3.7)

3.2.1.3.1 Accuracy
The accuracy dimension is based on work by DeJong et al. (1993). It measures
the percentage of exemplars that are correctly classified by a rule set. The accuracy of
using a single rule s k  to classify an individual exemplar ei is defined based on the element
of  ik :
auik   ik



p
j 1

 ikj

(3.8)

Based on the definition in Eq. 3.8, the accuracy score is 1 if and only if each element in
the exemplar matches the corresponding element in the rule, and 0 otherwise. Therefore,
au ik  0,1 . auik = 1 indicates the exemplar completely satisfies the antecedent part of the

rule and the rule predicts the same class label with the exemplar. The accuracy of using
the entire rule set S to classify exemplar e i  is the maximum accuracy of using any rule
within rule set S to classify exemplar e i  :
aui  max auik 
k 1, 2 ,..., M

Alternatively au i  0,1 can be written as:

(3.9)
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au i  au ik for k = 1,2,…,M

(3.10)

Then the accuracy score au ( 0  au  1 ) of using rule set S to classify the exemplar set E
is:


au 

N

i 1

aui

(3.11)

N

3.2.1.3.2 Error
Error dimension measures the percentage of exemplars that are wrong classified
by a rule set. To determine the error rate, we first need to define the coverage of an
exemplar ei matched by a rule s k  , which is based on the element of  ik :
cik 



p
j 1

 ikj

(3.12)

cik  0,1 measures the degree of matching between the antecedent part of ei  and s k  . A

rule is said to completely cover an exemplar if all conditions for the rule are true for the
exemplar. For an individual exemplar ei , its coverage with respect to the entire rule set S
is defined as the maximum coverage by any rule within the rule set:
c i  max c ik 
k 1, 2 ,..., M

(3.13)

ci  cik for k = 1,2,…,M

(3.14)

Equivalently c i  0,1can be written as:
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An exemplar is said to be wrongly classified by a rule set if there exists rules that can
completely cover the exemplar but no rule can be used to correctly classify it. As such,
we define the error rate of using a rule set S to classify an exemplar ei as
eri  1  ci  1  au i  0

(3.15)

eri  0,1can be alternatively expressed as:
eri  ci (1  au i )

(3.16)

A classification error occurs if and only if the rule set covers the exemplar but fails to
correctly classify it. To extend the error rate measure to the entire exemplar set, we define
the error of using rule set S to classify exemplar set E as:


er 

N

i 1

eri

(3.17)

N

er ( 0  er  1 ) is the error rate and it measures the percentage of exemplars that are
wrongly classify by rule set S.
3.2.1.3.3 Size
The size of a rule set is simply the number of rules it contains. For a rule set S, its
size is defined as
sz  M

(3.18)

Generally, a rule set with smaller size is preferred as we believe they represent strategies
that are more consistent with the notion of bounded rationality. When the size of the rule
set is large or even close to the size of the exemplar set, it portrays a over perplex
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behavior. The use of such strategies should be practically prohibited in a complex and
dynamic environment.
3.2.1.3.4 Specificity
The specificity dimension was first suggested by Holland et al. (1986), and
reflects how specific a rule set is with respect to the number of match-all conditions it
contains. Rule sets with less match-all characters are classified as more specific
(Rothrock and Kirlik, 2003; Rothrock et al., 2003). For rule set S, specificity measures
the average proportion of cues that take specific values in the left hand side of the rules.
For the kth rule represented by s k   [s k1 s k 2  s kp

j k ] , if we have r cues specified

that they can take any values, then the specificity for rule s k  is 1 – r/p. Mathematically,
by introducing another indictor variable y kj , we can represent the specificity of s k  as,

sp k




p
j 1

y kj

(3.19)

p

where y kj is defined as:

1 if s kj  0
y kj  
0 if s kj  0

(3.20)

Alternatively, the relationship between y kj and s kj can be expressed by the following
constraints:
s kj 1  y kj   0

s kj  1  y kj   1
y ij  0,1

(3.21)
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The specificity sp for rule set S is the average specificity across the M rules. It is defined
as:


sp 

M
k 1

sp k

(3.22)

M

From the formulation we know 0  sp  1 . Although in general we want to
minimize the specificity of the rule set to generate simpler and more general rules, we
keep in mind that an over generalized strategy3 should be avoided at all times since it
represents a complete blind and random judgment behavior which provides zero
information to our subject of interest. Therefore we would not want to incur such types of
rules in the candidate rule sets and they should be of minimum use.
3.2.1.3.5 Parsimony
The parsimony dimension reflects the goodness of a rule set in terms of the
necessity of each rule (Rothrock and Kirlik, 2003). More specifically, it measures the
strength of each rule in the rule set in terms of its utility to classify the exemplars. The
utility of using s k  to classify the entire set of exemplars E is defined as:

psk




N
i 1

auik

(3.23)

N

The parsimony level ps ( 0  ps  1 ) of a rule set S is the maximum utility scores found
across the M rules:
ps  max

k 1, 2 ,..., M

3

psk 

(3.24)

An over generalized strategy is exhibited by the inclusion of a rule in the form of IF (CUE 1 =
ANYTHING) AND (CUE 2 = ANYTHING) AND … AND (CUE P = ANYTHING) THEN
(SELECT ALTERNATIVE J). This translates to the vector representation of having zeros values
for all cues.
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Alternatively Eq. 3.24 can be written as:
ps  ps k for k = 1,2,…,M

(3.25)

Therefore rule sets with high parsimony scores will contain no rules that do not
contribute to the classification process of the exemplars. In other words, it contains no
irrelevant rules.

3.2.1.4 Multi-objective Optimization Formulation
The purpose of the rule extraction is to produce one or more sets of rules,
presented in the disjunctive normal form that would meet the criteria defined in the
previous section. The problem is then transferred to a five-objective optimization
problem. The first two objectives guarantee that we solve the problem accurately, while
the last three introduce pressure towards compact solutions. Given that we have finite
numbers of rule sets S whose length varies from 1 to M 4, we want to find the set of rule
sets that are Pareto optimal with respect to the five dimensions (au, er, sz, sp, ps). The
search process can be formulated as a multi-objective optimization problem (Rothrock et
al., 2003) where we have decision variable as bounded integer numbers and objectives as
continuous numbers on all five dimensions. The ideal rule set, therefore, will match all
behavioral data with no misclassification; will be minimally compact in size and
specificity, and will be maximally parsimonious. The detailed formulation is presented as
follows.
4

M is the maximum number of rules that is allowed to be included in a rule set (M ≤ N). It could
be a psychologically relevant variable that defines the capacity of a human in terms of the number
of rules he/she can manipulate for his/her judgment strategy.
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3.2.1.4.1 Decision Variables
The decision variables for the multi-objective optimization problem include the
rule set matrix S, and M.

3.2.1.4.2 Objective Function

Minimize z  (1  au ), er , sz , sp , (1  ps )

(3.26)

3.2.1.4.3 Constraints
Other than the constraint sets we have specified in Section 3.2.1.3 (Eq. 3.5-3.25),
another constraint must be posed on the rule set that S cannot contain duplicated rules. To
do this, we first create a number of indictor variables to compare the match between two
rules s g  and s h . Define
1 if s gj  s hj
for j = 1,2,…,p
0 otherwise

 ghj  

1 if j g  j h
0 otherwise

 gh( p 1)  

(3.27)
(3.28)

Eq. 3.27 and Eq. 3.28 can be alternatively expressed as constraint sets 3.29 and 3.30.
 ghj s gj  s hj   0
s gj  s hj   ghj  1 for j = 1,2,…,p

(3.29)

 ghj  0,1
 gh( p 1)  j g  j h   0
j g  j h   gh( p 1)  1

 gh( p 1)  0,1

(3.30)
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Therefore, rule s g  and rule s h represent the same rule if and only if  ghj  1 for j =
1,2,…,p+1. Define
 gh 



p 1
j 1

 ghj

(3.31)

rule s g  is the same as rule s h if and only if  gh  1 . In our problem, the following
constraints must be included in the problem formulation.
 gh  0 for g, h = 1,2,…,M and g  h

(3.32)

Finally, all decision variables are restricted to take discrete values from their
corresponding domain sets and the number of rules with the rule set cannot exceed the
number of exemplars in the exemplar set:





s kj  0, X 1j , X 2j ,..., X j j for k = 1,2,…,M and j = 1,2,…,p



c



(3.33)

j k  Y 1 , Y 2 ,..., Y Q for k = 1,2,…,M
M N

3.2.2 RLM Formulation
The rule inference technique can be readily extended to model the task ecology as
well. Hence we can use the same type rule-based structure (represented in the disjunctive
normal form) to describe the cue-criterion relationships for both ecology and human
judgment system, which serves as the fundamental prediction mechanism in RLM.
Another key component for the formulation of RLM is to define the Lens Model
parameters and build the functional relationship between them based on the associations
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among categorical data. Let Ysi represent the value for the decision in the ith judgment
profile and Ŷsi represent the predicted decision value for the corresponding profile based
on the rule-based inductive inference model of human judgment system. Let Yei represent
the environmental criterion value in the ith judgment profile, and Ŷei represent the
corresponding

predicted



values

from

the

environmental

rule-based

model,



Ysi , Yˆsi , Yei , Yˆei  Y 1 , Y 2 ,..., Y Q . The proposed research aims to develop framework to
mathematically define the Lens Model parameters for the analysis of noncompensatory
decisions.

Chapter 4
Development of RLM

4.1 The Development of the Rule Inference System

4.1.1 General Discussion
In Rothrock et al., 2003, the inductive rule inference problem was formalized as a
three-objective mixed 0-1 integer programming (MOLP) problem 5. It has been shown
that the problem solving time through exhaustive search increased exponentially with the
rule length and maximum number of rules. The computational complexity of the problem
was illustrated through a simple example, in the case of a rule set consisting of maximum
four rules of length four, the objective function must be computed 1,663,740 times. It
consumed over seven hours of processing time for a Pentium-IV class PC. Similarly, to
solve the MOLP defined in Section 3.2.1.4 through iterative search, the number of times
𝑝

𝑄 𝑖=1 (𝐶𝑖 +1)

the multi-dimensional fitness must be evaluated is 𝐶𝑟

, where r is the maximum

number of rules per rule set. As such, the iterative search technique is not
computationally feasible for solving problems in complex decision tasks. In addition, the
number of efficient solutions for such MOLP problem grows exponentially with problem
size therefore the use of any effective method is prohibited. As such, they suggest
approximation methods, such as metaheuristic algorithms, would be more appropriate for
5

Their problem is formulated based on the GBPC technique and therefore are different from our
formulation.
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finding solutions for their problems. We propose that the rule inference problem could be
alternatively viewed as a classification problem and can be solved using approaches
developed in the arena of data mining and machine learning.

4.1.2 Literature Review
The proposed solution methodology explores solving the optimization problem
presented in Section 3.2.1.4 through the use of effective rule induction method. The work
is concerned in particular with developing technique that can handle the multiobjective
nature of the problem. To that end, we begin our discussion with a review of some related
data mining and machine learning techniques, and then provide a brief introduction to the
multiobjective optimization problems.

4.1.2.1 Data Mining and Machine Learning
Data mining is an area in computer science in recent decades, primarily due to the
massive quantities of data collected and stored in fields such as business (credit risk
assessment, customer segmentation, fraud analysis, stock analysis, etc.) and research
(medicine, image process, etc.). The ultimate goal of data mining is to find useful
information from the processed dataset. Specifically, it refers to the process of
discovering and enumerating patterns over the data, so based on that any valid and useful
relations and trends could be identified (Fayyad et al, 1996b; Markowsha-Kaczmar and
Mularczyk, 2006). Literature shows that the goal of data mining is to discover knowledge
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that is not only correct, but also comprehensible and useful to the user (Fayyad et al.,
1996a; Freitas and Lavington, 1997; Parpinelli et al., 2002). In literature, numerous
mining algorithms have been developed to achieve specific goals for data with different
structures. One type of data mining algorithms addresses a particular class of problems
called classification. Classification refers to the problem of building model to describe
the relationship between the target concept and a set of attribute features. Essentially, the
task aims to associate each instance case to one class, out of a set of predefined classes,
based on their attribute values (Parpinelli et al, 2002). For example, given an applicant’s
credit profile and personal information, the financial specialist can use the policy model
to decide whether to approve or deny the applicant’s home loan application. The model
can be used to explain the hidden structure of the dataset and classify new instance whose
class is unknown. Bernado-Mansilla et al. (2006) claimed that classification can be
considered as a task which aims to achieve multiple objectives. They submit that the
induced model through classification should represent the target concept in a complete,
consistent, and compact manner, whereas the inherent algorithms for building the model
should be computationally efficient. However, these objectives usually tend to be
contradictory, e.g., complete versus compact. The appropriate classification schemes
should try to make balance between them. Classification has been a central area of data
mining. A variety of techniques are available to solve the problem, e.g., artificial neural
networks (McClelland and Rumelhart, 1987; Hertz et al, 1991), decision tree building
algorithms (Breiman et al., 1984; Quinlan, 1993a), etc.
Machine learning, which is under the broader research area of Artificial
Intelligence, is concerned primarily with the development of algorithms and techniques
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that allow computers to learn (Written and Frank, 2005; http://en.wikipedia.org/
wiki/Machine_learning). The review in this section concentrates on the machine learning
research because of its focus on methods that are compatible with human reasoning.
Classification is a task of supervised learning where the induction system generates a
classifier to accurately predict unlabelled instances. A classifier system can map an
instance with attribute values to a class label using an internally stored structure (Kohavi
and Frasca, 1994). This internal structure corresponds to a specific type of knowledge
representations and is generated by an inducer from the training set.
Over the past few decades, the machine learning community has developed a
plethora of techniques for the classification task. Among all of these approaches, some
have proved to be more accurate in particular class of problems; some are more
understandable as they simulate human reasoning, while others have solid theoretical
foundations. In this thesis, we review several current learning algorithms that may relate
to our work. The algorithms are categorized based on their internal hypothesis
representation structures.
–

Instance-based Learning Technique
Instance based learning (IBL) algorithms postpone the task of
classification until the instance that needs to be classified is presented. These
techniques first calculate the similarity between the new instance and the existing
records based on the measure of distance metric, and then select a set of most
similar instances from its knowledge base and make predictions based on the most
common class within this group. The k-nearest neighborhood (k-NN) algorithm is
one of the earliest applications in classification that uses the similarity measure as
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the underlying evaluation mechanism (Cover and Hart, 1967). Since then, a
number of IBL techniques have been developed including the IB family
algorithms (1 though 4), PEBLS, etc. It has been shown that these algorithms
perform well in many classification tasks (Stanfill and Waltz, 1986; Bradshaw,
1987; Moore, 1990). The major advantages of applying IBL algorithm lie in the
fact that it can incrementally take new information at run time and it provides
competitive performance with other modern methods.
However, there are several disadvantages of this technique. The instancebased approach represents the final model in the same language format that is
used to describe the original dataset, i.e., a collection of records. Such
representation makes the model’s prediction rationale hard to interpret and it has
been shown that the prediction accuracy is very sensitive to irrelevant attributes
(Aha et al, 1991; Quinlan, 1993b).
–

Decision Tree Induction Technique
A decision tree is a hierarchical tree structure that sequentially partitions
the attribute feature space into mutually disjoint regions using nodes and branches
(Quinlan, 1993a). Tests are conducted on the internal nodes so that two or more
branches are created which lead to other nodes. The leaf nodes contain the final
class predictions. To classify a new instance, the attribute values of the instance
are passed through the tree structure, starting from the root node and terminate
until reaching a leaf node. The prediction result is based on the class associated
with the leaf node. Such type of knowledge representation makes the decision-tree
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based approach straightforward to be interpreted as the prediction is along the
path of the tree.
Decision tree induction is one of the highly developed methods in
classification and it has been primarily researched in the field of statistical data
analysis (Breiman et al, 1984) and machine learning (Quinlan 1986, 1993a). In
this review, we focus on our discussion from the machine learning perspective of
the problem. Finding a decision tree to accurately represent a dataset is not an
easy task as there are a huge number of candidate trees to choose from (Melli,
1998). Instead of using the brute force type of approaches to search the entire tree
space, tree induction algorithms in machine learning typically use local heuristic
methods to work around the problem. Generally, the use of heuristics can
significantly impact the performance of the generated tree. However when
properly used, it can remarkably reduce the search space and thus a good quality
solution can easily be located. The most commonly used method to guide the
induction of decision trees is known as the entropy function which is based on
information theory (Quinlan, 1986; Smyth and Goodman, 1992). The use of this
function can evaluate the information gain for each possible branching solution on
the current tree. The solution that maximizes the information gain is considered as
the local optimal solution and is selected at each step. The tree induction process
starts from the root node, in a top-down fashion, uses greedy search technique to
add internal nodes and proceeds through the leaf nodes. The process terminates
until the stopping criterion is met and a final leaf node is created. In the end,
either there is no more record available to support further branching or the system
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enforces a stop as no more internal nodes are allowed to be added. Common
decision tree induction algorithms includes ID3 (Quinlan, 1986), C4.5 (Quinlan,
1993a), and CART (Breiman et al., 1984).
Literature (John et al., 1994) suggested that the performance of the stateof-the-art decision tree induction algorithm C4.5 (Quinlan, 1993a) drastically
degrades when used to learn on dataset with noise and irrelevant features. To
counteract the effects of missing, irrelevant attributes and noise, the technique of
pruning was introduced to the tree induction approaches to prevent overfitting. A
tree branch that matches too few records in the dataset is not allowed to be grown
in the tree building process if the pre-pruning technique is used (Quinlan, 1993a).
On the contrary, the approach of post-pruning does not impose any constraint in
the initial tree induction process. Instead, it prunes the generated tree by
converting the internal nodes to leaf nodes if any improvement in prediction
accuracy can be made on the test set (Mingers, 1989; Quinlan, 1993a).
The decision tree induction has been widely used in many machine
learning domains. Nevertheless, there are two notable limitations for using this
type of representation, primary are the problem with replication and
fragmentation (Pagallo and Haussler, 1990). As we can see that a decision tree
can be easily transformed to a set of rules. However, when it is used to describe
disjunctive concepts, it produces duplicated subtrees. In addition, it fragments the
dataset into many small partitions when a tree node is split on an attribute with
excess number of categories. Both of these problems will potentially increase the
size of the tree and reduce its ability of generalization (Tan and Dowe, 2002).
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–

Rule-based Induction Technique
Rule induction is a machine learning technique which deals with the
problem of reasoning from specific cases to general principles that can be
expressed by the “IF-THEN” rules (An, 2003). Research has shown that lower
order “IF-THEN” rules are generally more understandable to human. The
discovered knowledge in this type of system is usually represented in the form of
IF <conditions> THEN <class>. The antecedent part of the rule (“conditions”) is
a conjunction of propositions in the form of (term1 AND term2 AND...AND
termp) where each term is an attribute value pair presented as <Attribute,
Operator, Value>. The consequent part of the rule refers to the class predicted for
those instances that satisfy the antecedent part of the rule. Such representation is
explicit and the classification rules are verifiable. Common rule induction systems
include CN26 (Clark and Niblett, 1989) and a number of evolutionary algorithms.
Rule induction algorithms have been applied to discover knowledge in variety of
applications.
Of particular interest in our study is the use of evolutionary algorithms in
rule induction. Evolutionary algorithms view learning as a process of ongoing
adaptation to the unknown system. In general they tend to cope better with
attribute interactions than other rule induction techniques; therefore they are more
robust and flexible in terms of finding global optimal solutions in the search space
(Greene and Smith, 1993; Dhar et al., 2000; Papagelis and Kalles, 2001; Freitas,

6

The algorithm uses a set covering approach to generate rules based on a training set of positive
and negative examples
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2001; Freitas, 2002a; Freitas, 2002b; Carvalho and Freitas, 2004). A review of the
evolutionary-based methods for rule induction shows that incorporating GA to the
rule inference system is usually robust and adaptive; and the performance of GAembedded system is often superior to others.
The concept of Genetic Algorithm (GA) was developed by Holland and
his colleagues back in 1960s (Holland, 1975). It is based on the idea of
evolutionary theory which states that the strong and fit species in the environment
will have larger possibility of survival, whereas the weak and unfit ones are faced
with extinction by the natural selection. GA works with a population of candidate
solutions. At each generation of the GA cycle, the global fitness values for the
candidate solutions are evaluated and the “survival of the fittest” strategy is
implemented to search for better solutions. The probabilistic GA operators make
it less possible to be trapped into the local optima. The algorithm exhibits an
explicit as well as an implicit parallelism which allows it to explore several
promising regions of the solution space at the same time (Houck et al., 1995). All
these characteristics of GA make it a robust and adaptive search technique in the
field of rule discovery for large and complex problems.
DeJong (DeJong and Spears, 1991; DeJong et al., 1993) presented an
approach of using GA as the central mechanism for designing concept learning
systems. The system was designed to be capable of adaptively shifting the biases
when appropriate. The choice of the concept description language is crucial for
the designing of the learning system because it would introduce some language
biases that make some of the concept easy to describe while others difficult.
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Historically, most of the approaches usually define a concept description space
and select the result from them. Such systems always have a huge and complex
search space that can only count on the heuristics to find the correct concept
descriptions. As a result, such systems can work well on the concepts that match
the biases while perform horribly on others. In their work, the direct use for GA in
building such concept learning systems was explored and the developed system
was called GABIL. The performance of GABIL was empirically tested by
comparing with other classical learning systems like AQ14 (Mozetic, 1985), C4.5,
ID5R (Utgoff, 1988), and IACL (Gordon, 1990) with a set of targets of varying
complexities. The results showed that there was no single system that performed
best on all the concept learning tasks. However, they showed that GABIL can be
easily extended to include the biases which account for the systems’ superiority
on certain class of concepts, thus the system performance can be largely improved
on many classes of concepts. Moreover, they showed that GABIL can be
extended to dynamically adjust its own bias in a natural way, which leads to more
robust system performances. GABIL was proved to be able to improve the overall
robustness and adaptability of the learning system and they can be applied to
situations while there is little known about the concepts to be learned.
–

Black-box Learning Technique
One of the most famous black-box learning techniques is artificial neural
network where the learned knowledge is stored in a complicated network
structure that consists of a large amount of connections. Although it provides
superior classification results in many domains (Cherkauer, 1996; Huang et al.,
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2000; Hansen et al., 1992; Shimshoni and Intrator, 1998), the reasoning process
behind a trained neural network is hard to be interpreted and generally is difficult
to be understood by users.

4.1.2.2 Multiobjective Optimization Problem (MOP)
4.1.2.2.1 Basic Definitions
A solution to a MOP problem can generally be represented by a vector of n
decision variables 𝑥 = (𝑥1 , 𝑥2 , … , 𝑥𝑛 ) ∈ Ω . In such problems, we typically want to
optimize k objectives which are defined as 𝐹 𝑥 = 𝑓1 𝑥 , 𝑓2 𝑥 , … , 𝑓𝑘 𝑥

∈ Λ subject

to a set of constraints 𝑔𝑖 𝑥 ≤ 0, 𝑖 = 1, … , 𝑚. F is the evaluation function which maps
the decision variable spaceΩ to the objective space Λ.
𝐹: Ω → Λ

(4.1)

While the multiple objectives in MOP are always dependent, incommensurable, and
sometimes conflictive, a “perfect” solution may not exist which optimizes all objectives
and satisfies all constraints. Research (Bäck, 1995; Markowsha-Kaczmar and Mularczyk,
2006) has shown that the computational complexity of finding a global optimal solution
to a MOP is NP-complete. For this context, Pareto (1896) introduced Pareto optimality
which is based on the concept of dominance. The key idea behind is that when the global
optimal solution to a MOP does not exist, there are a set of nondominated solutions.
While moving from one such nondominated solution to another, there is always a certain
amount of sacrifice in one objective to achieve a certain amount of gain in another
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objective (Konak et al. 2006). In other words, the nondominated solution set represents
trade-offs in the objective space. Assume u and v are two solutions to the MOP problem,
and their objective values across k dimensions are 𝐹 𝑢 = 𝑓1 𝑢 , 𝑓2 𝑢 , … , 𝑓𝑘 𝑢
and 𝐹 𝑣 = 𝑓1 𝑣 , 𝑓2 𝑣 , … , 𝑓𝑘 𝑣 . Without loss of generality, suppose all k objectives
are to be maximized7, we define u dominates v 𝑢 ≻ 𝑣 if and only if

i  1,2,, k  f i u   f i v   i  1,, k f i u   f i v

(4.2)

. A solution is said to be Pareto optimal if no other solutions in the solution space can
dominate it. All such feasible nondominated solutions form the Pareto optimal set; their
corresponding objective values define the Pareto front.
We use a simple example presented in Figure 4-1 to illustrate the basic idea of
nondominated solutions and Pareto front. In Figure 4-1, we have a problem with two
decision variables and two objectives both to be maximized. The grey zone on the left
represents the Pareto optimal set in the decision variable space. Their corresponding
objective values are depicted in the continuous thick curve in the objective space shown
on the right half of the figure, which defines the Pareto front. Solutions on the Pareto
front represent different tradeoffs between the two objectives.

7

Objectives to be minimized can be transferred to objectives to be maximized using
𝑚𝑎𝑥 𝐹(𝑥) = −𝑚𝑖𝑛 −𝐹(𝑥) .
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Figure 4-1: A Hypothetical Example Illustrating the Idea of Pareto front.

4.1.2.2.2 Solution Methodology for MOP
Solving multiobjective optimization problems often requires the search of high
dimensional problem spaces and generally consumes extensive computational resources
(Van Veldhuizen and Lamont, 2000). General solution methodologies include a single
objective scaling method and Pareto-based techniques. A single objective scaling is a
very popular technique for dealing with multi-objective optimizations. The decision
maker uses methods such as weighted aggregation, utility theory, etc. to combine
multiple objectives into a single composite function which transform the problem into a
single objective optimization problem. However, choosing correct weights or utility
functions to represent the importance of the criteria is not an easy task, and often
determined by intuition. In reality, it is often difficult to precisely determine these
weights, even for someone who is an expert of the problem domain. Unfortunately the
weights can significantly influence the degree to which a particular criterion is optimized
and therefore the results may not always be satisfactory. In addition, if multiple solutions
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on the Pareto front are desired, the algorithm needs to be run multiple times with
different weight combinations, and sometimes it is very difficult to locate such solutions
if the Pareto front is non-convex (Zitzler et al., 2000). Pareto optimization is a better
alternative from this perspective to solve problems with multiple objectives. In Pareto
optimization, all criteria are considered simultaneously and a set of solutions is produced
with different merits and drawbacks, leaving the final choice of the best solution to the
decision maker.
The ultimate goal of any Pareto-based technique is to find the set of solutions
located on the Pareto front. However, for problems with large size and complex
structures, finding the entire Pareto optimal set is not a trivial task and sometimes is
impossible. Under such cases, the goal of the multiobjective optimization is to identify a
set of solutions that represent the actual Pareto optimal set in a best possible manner.
Specifically we want to achieve the following three goals (Konak et al. 2006):
–

The best-known Pareto front we can find by the solution technique should be as
close as possible to the true Pareto front.

–

The best-known Pareto front should capture the whole spectrum of the true
Pareto front.

–

The best-known Pareto optimal solutions should be evenly distributed on the
Pareto front.
A majority of the solution techniques that are used to solve MOP reported in the

literature are based on the use of evolutionary algorithms (Konak et al., 2006).
Evolutionary based methods were originally developed in mid-eighties which attempt to
acquire high quality solutions in acceptable timeframes. Among these methods, GA-
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based approaches are the most popular implementation type by far (Van Veldhuizen,
1999; Van Veldhuizen and Lamont, 2000). It is shown that GA is particularly suitable for
performing multi-objective optimizations. Traditional GA can be easily modified to have
specialized fitness functions and approaches to promote solution diversities for
multiobjective problems. In GA, the multiobjective learning goals can be dealt implicitly
by interacting with several components (DeJong and Spears, 1991; Wilson, 1995) or
explicitly by codifying the objectives into the fitness evaluations (Bernado-Mansilla and
Garrell, 2001; Llora et al., 2003). In either approaches, a set of compromise solutions
locating along the Pareto front can be found in a single run and offers the possibility of
choosing among the alternatives. Commonly used methods for multiobjective GA
include: Multi-objective Genetic Algorithm (MOGA) (Fonseca and Fleming, 1993),
Nondominated Sorting Genetic Algorithm (NSGA) (Srinivas and Deb, 1994), Strength
Pareto Evolutionary Algorithm (SPEA) (Zitzler and Thiele, 1999).
4.1.2.2.3 Choosing Solutions on the Pareto Front
There are several ways for choosing solutions on the Pareto front. One typical
approach “best accuracy” is to choose the solution with maximum accuracy value.
Another approach called “best compromise” chooses a solution which balances equally
with all objectives, e.g., the solution with maximum value of 𝐹(𝑥) =

𝑘
2
𝑖=1 𝑓𝑖 (𝑥) .

The

final choice of the best solution could also be left to the decision makers using their
specific preferences to choose among alternatives.
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4.1.3 Rule Induction Algorithm
Based on the review of the existing techniques, we found that a method that can
explicitly deal with the criteria we have defined in Section 3.2.1.2 and 3.2.1.3 in rule
induction has not been fully developed yet. This brings the necessity of developing an
appropriate rule induction algorithm that can be used in the RLM framework to model
noncompensatory decisions. In this thesis we explore the use of multiobjective GA to
construct a system which can learn noncompensatory rules from human decision data.
The method belongs to the model-based approaches where the constructed model is
described in a pre-defined language, in this case it is a rule set stated in the disjunctive
normal form. The system can also be used to solve a wide variety of machine learning
classification problems with various configurations. The empirical testing results are
provided in the next section to illustrate the system performance in relative to existing
methods.
The algorithm is implemented in Matlab® version 7.0 Release 14. Matlab is a
technical computing environment which integrates numerical analysis, matrix
computation, and graphics. It provides an easy to use platform for constructing
applications of high performance computations (Houck et al., 1995).
Since GA plays a central role in the work presented in this thesis, this section
summarizes some of its relevant issues. First, in section 4.1.3.1 we briefly review the
terminology used in GA and its major components. Then, we summarize the issues
associated with multiobjective GA in section 4.1.3.2. Section 4.1.3.3 describes in detail
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of our proposed algorithm. Finally, the proposed algorithm is tested on several
benchmark datasets and the results are presented in section 4.1.4.

4.1.3.1 GA Overview and Terminology
Figure 4-2 illustrates the basic procedure of a generic GA. It involves the use of
six major components. The rest of this section describes each of these components.

Figure 4-2: A Generic GA.
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–

Solution Representation
In GA, chromosomes 8 which are composed of a sequence of genes are
used to represent solution vectors (candidate solution) for the problem. Each gene
is a discrete unit which controls certain features of the chromosome. Encoding
refers to the process of mapping a solution in the decision variable space to a
chromosome in GA. This is done by using genes to represent decision variable
values. This representation scheme is fundamental to GA since it determines how
the problem is structured and how the genetic operators are applied (Houch et al.,
1995). In the original implementation the genes were limited to take only binary
numbers. Later in the subsequent development of GA, various types of genes
were introduced to accommodate problems with different features, e.g., integers,
floating numbers, matrices, etc. As GA operates on the basis of chromosomes, it
works on the encoding of the problem, instead of the problem itself.

–

Initial Population
In GA, a population refers to a collection of chromosomes. In order for the
algorithm to start, an initial population must be provided and its respective fitness
needs to be evaluated before any subsequent procedure executes. Usually the
initial population is generated randomly.

–

Fitness Evaluation
At each generation of GA, the fitness of each chromosome is evaluated.
The evaluation function may take on different forms and it is independent from
the execution of GA. However, the fitness evaluation plays a central role in the
8

A chromosome is sometimes called an individual.
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algorithm as it assigns “utilities” to the chromosomes. It will explicitly bias the
search to flavor toward certain promising regions in the solution space.
–

Reproduction
Reproduction is the process of selecting a proportion of individuals from
the current population to breed population for successive generation. An
individual can be selected more than once. Under GA’s selection strategy, fittest
individuals tend to have an increased chance of being selected and survive to the
next generation. Inferior individuals, on the other hand, are less likely to be
selected but can still possibly survive and reproduce. Several methods are
available for reproduction in GA (Goldberg, 1989; Michalewicz, 1994). Fitness
proportionate (roulette wheel) method assigns a probability of selection to each
individual in the population, based on their normalized fitness values. A set of
cumulative probability for each individual is calculated which is the sum of its
own and all previous selection probabilities. At each time, a random number
between 0 and 1 is generated and the first individual whose cumulative
probability is greater than this number is selected. Tournament selection method,
on the other hand, does not assign probability of selection to individuals. Instead,
it randomly chooses k individuals from the population with replacement, and
selects the individual with the greatest fitness values to reproduce. The selection
process iterates until enough individuals are selected to breed the population for
next generation.
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–

GA Operator
Crossover and mutation are the two major operators in GA which are used
to create new solutions based on existing individuals in the population. In
crossover, two chromosomes are selected as parents to form two new individuals
as offspring. The rationale is that we select those chromosomes with greater
fitness values to be parents such that the offspring can inherit good genes.
Ultimately, it can lead the population to converge to good quality solutions with
similar chromosomes. The mutation operator, on the other hand, randomly alters
genes of a single chromosome and produces a new chromosome, generally for a
very small portion of the population. The main objective is to maintain the
solution diversity of the population and reduce the possibility of being trapped in
the local optimal.

–

Termination
GA evolves from generation to generation until a termination criterion is
met. The most commonly used criterion is to specify a maximum number of
generations. Besides that, user can specify other stopping criteria based on certain
measures. For example, the termination condition for lack of improvement is a
consecutive sequence of generations that did not generate a solution with a fitness
of at least some kind of improvement from the previous generations. It is noted
that several termination criteria can be used in conjunction with each other at the
same time. At each GA cycle, all stopping criteria are examined and if the
condition for any one of them is met, GA is terminated and the current population
is returned.
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Overall, all features of GA make it a powerful tool to find optimal or good quality
solutions for problems with discontinuous, multi-modal, non-differentiable, and nonconvex solution spaces (Davis, 1991; Goldberg, 1989, Holland, 1975; Michalewicz,
1994).

4.1.3.2 Multiobjective GA
Rank assignment, fitness sharing, and Pareto niching are used in multiobjective
GA to handle the problems associated with multiple objectives. Essentially, we use
methods based on the concept of Pareto dominance to transform a solution’s multiple
objective values into a single fitness value. However, it drastically differs from the
traditional scaling approach since no weighting scheme is imposed on the objectives. We
next describe each of these approaches in detail.
–

Rank Assignment
Pareto-ranking methods utilize the concept of Pareto dominance to assign ranks

to the solution individuals. In general, we assign more desirable rank to a better solution
and verse versa. In this thesis, we use the scheme proposed by Goldberg (1989) to solve
the problem. The process of rank assignment is given in Figure 4-3.
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Figure 4-3: Rank Assignment Scheme by Goldberg (1989).
This process is further illustrated by an example as shown in Figure 4-4.
Assuming we have two objectives z1 and z2 both to be minimized. First we
evaluate the fitness of the current solution set containing all individuals in the
population. The nondominated solution set is identified and assigned to the 1st
nondominated front. Then we remove the solutions on the 1st nondominated front
from the current solution set. Another set of nondominated solutions is identified
for the current solution set and assigned to the 2nd nondominated front. The
process iterates until there is no solution in the current solution set. Solutions on
the ith nondominated front are assigned with a rank equals to i. The rank
assignment procedure is implemented in ndSort.m and checkDominance.m (see
Appendix A.1) which uses a better bookkeeping strategy proposed in (Deb, 2001)
to reduce the overall computational complexity.
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Figure 4-4: A Hypothetic Example to Illustrate Rank Assignment.
–

Pareto Niching and Fitness Sharing
One problem occurs in multiobjective GA is that the solutions tend to
form relative clusters. The phenomenon is termed as genetic drift. Pareto niching
and fitness sharing are the methods used to prevent genetic drift in multiobjective
GA. The objective is to maintain a diverse set of solutions distributed uniformly
across the Pareto front.
Fitness sharing was originally proposed by Goldberg and Richardson
(1987) to find and maintain multiple optima for single objective optimization
problems with multi-modal functions. In multiobjective GA, it is used to guide the
search to exploit unexplored regions of the Pareto front by arbitrarily reducing the
fitness of solutions in densely populated areas (Konak et al., 2006). In our
proposed method, we use the restricted sharing approach (Fonseca and Fleming,
1998) to penalize clustered solutions that locate on the same nondominated front.
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The basic procedure for sharing and niching is given in Figure 4-5 (Srinivas and
Deb, 1994).

Figure 4-5: Pareto Niching and Fitness Sharing Procedure.
In Figure 4-5, d(x, y) is the normalized Euclidean distance between
solution pair x and y calculated using Eq. 4.3 in the phenotypic space (objective
space).
 z k ( x)  z k ( y ) 


d ( x, y ) 
 z max  z min 
k 1 
k
k

K



2

(4.3)

K is the total number of objective functions in the problem and z kmax , z kmin are the
maximum and minimum values of the objective z k . s(x, y) is a sharing function
calculated by comparing d(x, y) and σshare (see Eq. 4.4).

 d ( x, y) 
s( x, y)  max share
,0
 share



(4.4)
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σshare is a sharing parameter which determines the neighborhood solution area in
the objective space. The idea is illustrated in Figure 4-6 by an example in a two
dimensional objective space. For solutions on the same nondominated front, if
they locate within the same neighborhood area, their respective sharing values are
greater than zero. Otherwise, the sharing value is equal to zero.

Figure 4-6: A Hypothetic Example Illustrating Fitness Sharing.
The niche count for a solution is computed by summing up all sharing
values of this solution. The formula is given in Eq. 4.5.
nc( x) 

 s( x, y)

rank( y )  rank( x )

(4.5)

It is noted that only solutions with the same rank and neighbourhood area
contribute to each other’s niche count. The niche count value for any solution is
always greater than or equal to one because the calculation includes the self
referencing point with a sharing value equals to one.
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In the end, the fitness value for each solution is adjusted based on its niche
count.
f ( x) 

f ' ( x)
nc( x)

(4.6)

A solution’s fitness is penalized if it locates in a densely populated area since the
niche count for such solution is larger than that of a solution in a less crowded
area. In this way, sharing and niching limit the proliferation of clustering in the
objective function space. Solutions will be more likely to distribute evenly across
the Pareto front. In Eq. 4.6, f ' ( x) is determined based on the method used in
NSGA (Srinivas and Deb, 1994). It uses a dummy fitness assignment scheme to
ensure that the largest fitness value on each nondominated front is always smaller
than its preceding front’s minimum fitness value which is specified as.
min f ( Front(i))  max f ( Front(i  1))

(4.7)

For detailed Matlab implementation, readers are referred to Appendix A.2,
assignParetoFitness.m, calcFDistance.m, and calcSharing.m.
The use of fitness sharing and Pareto niching has two major
disadvantages. First the user needs to assign an appropriate value to σshare, which
is generally difficult. Fortunately, systematic guidelines have been developed to
determine the appropriate σshare values in literature (details can be found in
Fonseca and Fleming, 1998). Second, the calculation of niche count requires
extensive computational effort and may significantly increase the execution time
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of the multiobjective GA. However, we believe the benefits of niching surpass the
burden of extra computational time.

4.1.3.3 Rule Induction Algorithm
The previous research findings shed light on the development of the proposed
method. We propose a rule induction system which employs multiobjective GA as its
central search mechanism to enhance the induction and classification process. The
proposed method belongs to the non-incremental learning family where the system is
presented with a set of exemplars and the learning process is not affected by the
particular order in which the exemplars are given (Quinlan, 1986). Knowledge in the
proposed system is represented in the disjunctive normal form. Each rule within the rule
set represents a disjunct shown as follows (Markowsha-Kaczmar and Mularczyk, 2006):
IF prem1 AND prem2…AND premp THEN classv

(4.8)

Where premi specifies the constraint imposed on the ith cue. For the scope of the proposed
study, the constraint in premi represents a single value that the ith cue can take. During the
process of rule induction, the influence of some cues may prove to be insignificant,
therefore all values of these cues are accepted by the rule.
Two main approaches are defined under the framework of using GA to search for
the model to represent the target concept. The Michigan approach codifies each
individual of the population representing a single rule, while the whole population is
needed to represent the whole target concept (Goldberg, 1989). The main disadvantage of
using such an approach includes the difficulty of maintaining a balance between the
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achievement of accurate generalization for each rule and the co-evolution between all
individuals (Bernado-Mansilla et al., 2006). The Pittsburgh approach, on the other hand,
codifies each individual as a set of rules (Smith, 1983). Therefore each individual of the
population represents a complete solution to the learning problem as a whole rule set. In
terms of the GA operation, the Pittsburgh approach takes advantage of its representation
so there is no need to coordinate the cooperation among individuals. However, the
Pittsburgh approach also requires larger search spaces than the Michigan approach and
therefore tends to consume more computational resources.
As discussed in previous sections, our proposed method is built on the basis of
GBPC. Empirical testing on GPBC shows that the system performance is very sensitive
to the initial populations and the system can produce drastically different results across
runs. In addition, the solution quality for large size problems is not on par with the
current state-of-the-art rule induction algorithms. In order to improve the effectiveness of
the algorithm, we propose a hierarchical system where GA works on two levels as in
Markowsha-Kaczmar and Mularczyk (2006). The technique essentially performs an
initial partition on the solution search space and divides it into many sub regions. Then
knowledge is learned on each of these sub regions. We expect that the newly developed
technique can greatly improve the performance of the algorithm and produce consistent
results over times. In this proposed system, the lower level of the algorithm uses a
Michigan approach to iteratively evolve a single best rule at one time to cover a partial
set of the exemplars. The results are stored in a best rule set and are passed to the upper
level algorithm which induces rule sets located on the Pareto front. The upper level
algorithm employs the Pittsburg approach. Each individual represents a rule set. As we
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will describe later in this section, variations of the system could be implemented based on
this central framework by adding/removing/modifying some of its components, to cater
for different needs.
We describe the details of the algorithm in this section. The major components of
GA design and implementation will be presented.
4.1.3.3.1 Lower Level Algorithm
The main objective of the lower level algorithm is to search for simple and
accurate rules to correctly classify the complete exemplar set. The main idea is illustrated
in Figure 4-7. In the lower level algorithm, the original exemplar set is divided into
several subsets of learning instances, one for each decision class defined in the problem.
Corresponding to these exemplar subsets, a series of local GAs are applied to learn rules
on each of them and these local GAs evolve independently of each other. The process of
rule induction for each local GA is given in Figure 4-8. Basically, each local GA runs
several times and produces one rule at a time. Each time after a rule is produced, all
instances that are correctly classified by this rule are removed from the exemplar subset
and are not used in successive rule extractions. A new exemplar subset is formed and GA
is rerun to produce another rule. The process of rule extraction for a given class
terminates when there is no more pattern corresponding to this class and the algorithm
proceeds to the next decision class. All the best rules produced by the local GAs are
stored in a set which can be used to form the initial pool of population for the upper level
algorithm. In general, the patterns for a single class cannot be represented by a single
rule; therefore the problem of multimodality could be solved by this sequential induction
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process (Markowsha-Kaczmar and Mularczyk, 2006). Such developed algorithm will
have larger possibility in terms of finding precise rules to represent all classes. However,
it may also induce small disjunct rules that cover too few exemplars. This issue will be
revisited in later discussions.
The major components of GA used in the lower level algorithm will be described
in the next section. The implementation details in Matlab are given in Appedix B.

Figure 4-7: Lower Level Algorithm.
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Figure 4-8: Rule Induction in Local GA.
–

Solution Representation
In the lower level algorithm, each chromosome represents a single rule
which is shown in Figure 4-9. An individual consists of a conjunction of
conditions composing a rule antecedent (premises) and a decision class
composing a rule consequent. In Figure 4-9, the ith premise is represented by a
single integer number belonging to the set of 0,1,2,..., Ci  , i=1,2,…,p. Each
number k (k ≥ 0) corresponds to one category X ik for the ith cue. It confines the
value that the ith cue can take for condition of premise i to be satisfied. This value
can also control the activation status of premise i. If the value is set to zero, then
all the values of the corresponding cue are accepted by the rule. In Matlab
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implementation, we use a vector of size (p +1) to represent a single chromosome
for the lower level algorithm.

Figure 4-9: Chromosomes in the Lower Level Algorithm.
–

Initial Population
The initial population for each GA in the lower level algorithm is
randomly generated. However, the decision class part of the chromosome which
specifies the class predicted by the rule is fixed in each local GA. All individuals
have the same class values which are the value of the decision class
corresponding to the exemplar subset.

–

Fitness Evaluation
The lower level algorithm aims at finding simple rules to correctly
represent each decision class. Criteria proposed in Section 3.2.1.2 and 3.2.1.3 are
used to measure the fitness of each candidate rule. Among these evaluation
criteria, size and parsimony are exclusively designed to measure the compactness
of a rule set consisting of more than one rule, therefore we will not consider these
two criteria in the lower level algorithm. The fitness of each rule is then evaluated
on three dimensions, accuracy, error, and specificity.
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At this stage of the task, we are particularly concerned about the error
dimension. Recall that the lower level algorithm uses exemplar subsets to induce
rules. A rule with large accuracy value on a subset of the exemplars does not
necessarily indicate it can yield a small classification error rate on the original
exemplar set. A rule with a large error rate on the original exemplar set is of
minimum use since it reflects that this rule is not consistent with the target
concept description at the global level. As a result it should be avoided from the
induction process. It is reasonable to generate rules that make zero or very small
classification errors on the entire exemplar set (Markowska-Kaczmar and
Mularczyk, 2006).
In the lower level algorithm, instead of putting the error rate as one of the
evaluation dimensions to measure the effectiveness of a candidate rule, we use an
alternative approach to control the error rate of the rule and link it directly with
the other two fitness dimensions. To do so, we define two step functions 𝜒𝛿 (𝑒𝑟)
and 𝜒0 (𝑠𝑝) in Eq. 4.9 and 4.10.
𝜒𝛿 𝑒𝑟 =

1,
0,

𝑒𝑟 ≥ 𝛿
𝑒𝑟 < 𝛿

(4.9)

𝜒0 𝑠𝑝 =

1,
0,

𝑠𝑝 > 0
𝑠𝑝 ≤ 0

(4.10)

Accuracy and specificity of the rule in the lower level algorithm are then defined
as:
𝑎𝑢𝑳 = 𝑎𝑢 ∗ 𝜒𝛿 𝑒𝑟 ∗ 𝜒0 𝑠𝑝

(4.11)

𝑠𝑝 𝑳 = 𝑠𝑝 ∗ 𝜒𝛿 𝑒𝑟 ∗ 𝜒0 𝑠𝑝

(4.12)
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Eq. 4.9-4.12 indicates if the error rate of a rule is smaller than a predefined
threshold δ and the specificity of the rule is larger than zero9, the rule is accepted
and fitness values on other dimensions remain untouched. Otherwise, we will
abruptly decrease the accuracy and specificity values to zero for this rule. Such
rules will be eliminated from the population in subsequent generations since GA
employs the fitness selection strategy. Note that the error rate is calculated based
on the original exemplar set at the global level, not the current exemplar subset
used in local GA. Matlab implementation of fitness evaluation for lower level
algorithm can be found in Appendix B.1 evaluateGAFitness_ll.m. Method
described in Section 4.1.3.2 is used to assign ranks for all individuals in the
population; fitness sharing and Pareto niching are performed to adjust the fitness
values of each candidate rule.
–

Reproduction
The most commonly used approach for reproduction is to use a roulette
wheel where the slots of the rules are based on fitness values and rank (Goldberg,
1989). In the lower level algorithm, we implement the fitness proportionate
method in reproduce_proportionate_ll.m (see Appendix B.2)

–

GA Operators
Crossover is applied to exchange information between two individuals and
it enables the creation of solutions that locate on the unexplored region of the
Pareto front. The classic two point crossover (illustrated in Figure 4-10) is

9

The specificity constraint is enforced because a rule with a zero specificity value provides no
information, which is discussed in Section 3.2.1.3.4.
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applied and the crossover point can occur anywhere within the rule including the
consequent part. The parents are selected in a random fashion with equal
probabilities. Procedures of crossover in lower level algorithm are given in Figure
4-11.

Figure 4-10: Two Point Crossover.
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Figure 4-11: Procedure of Crossover in Lower Level Algorithm.

Mutation is performed by modifying a premise of a chromosome. It is
done by randomly choosing a different value that the cue can take. At the lower
level algorithm, the mutation operator is not allowed to be applied to the decision
classes. Figure 4-12 gives the pseudo code of lower level mutation.
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Figure 4-12: Mutation in Lower Level Algorithm.
–

Termination
Each local GA is run for a constant number of generations. The algorithm
coevolves rules with different tradeoff between accuracy and specificity. One best
rule is picked from the Pareto Front based on the best accuracy strategy each time
after GA terminates. The best rule is stored in an external rule set and the
corresponding exemplar subset is reformed by removing all exemplars that are
correctly classified by the best rule.
When the lower level algorithm terminates, it produces an external rule set which

is the collection of the best rules evolved by the local GAs. All together these rules
correctly classify the original exemplar set. Furthermore, as we recall that in the lower
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level algorithm the error rate of an individual rule is measured at the global level, which
considers all exemplars in the original exemplar set, therefore, the rules produced yield
consistent concept representation with respect to the whole exemplars. This external rule
set itself can be used to describe the target concept to be learned. If the system terminates
at the lower level, we call it a shorter version. The external rule set is then used as the
final solution and the higher level induction will not be performed. As we will describe
later, the shorter version of the system can be used to effectively solve many
classification problems. However, since each rule generated in the lower level algorithm
is based on learning on the example subset, which is only a partial set of the whole
exemplars, the lower level algorithm may potentially produce many small disjunct rules
which are the conjunction propositions that can classify only few exemplars. The number
of rules produced by the lower level algorithm cannot be known as a prior. If the problem
has imposed explicit constraint on the maximum number of rules can be included in the
rule set or the compactness is of critical concern in problem solving, the system needs
advanced induction. The higher level algorithm is developed based on this need and will
further the optimization process to favor accurate yet compact rule set.
4.1.3.3.2 Upper Level Algorithm
The lower level algorithm provides an initial pool of population for the upper
level algorithm to start. As discussed in the previous section, these rules represent a
relatively accurate and comprehensive presentation of the target concept. The upper level
algorithm takes its advantage by retaining the information and furthering the optimization
process on all five dimensions. The original exemplar set is used for induction. Through
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Pareto optimization, the algorithm selects the most significant rules and produces a set of
non-dominated solutions with different merits and drawbacks. The main objective of the
upper level algorithm is to produce rule sets that are more compact, and in the mean time,
maintain quality on other dimensions. Details of the upper level algorithm are described
as follows. Matlab implementation is given in Appendix C.
–

Solution Representation
The upper level algorithm employs a Pittsburgh approach and therefore,
each individual represents a rule set which is a complete solution to the problem.
The chromosome representation for each rule set is presented in Figure 4-13.
Each chromosome consists of M rules where M is the maximum number of rules
allowed to be included in the rule set. Each rule is accompanied by a binary flag.

Figure 4-13: Chromosomes in Upper Level Algorithm.
The common practice of chromosome representation in Pittsburgh
learning system is to use a variable sized individual which corresponds to rule set
with variable number of rules. Although the use of variable sized individual
allows for increased flexibility, it can also cause excessive rule growth without
the benefit of any fitness improvement. The phenomenon is termed as bloat
(Tackett, 1994). In the proposed method, we introduce flag which is attached to
the rules to control the activation status of the rules within the rule set. Setting a
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flag to false (flag = 0) will result in an exclusion of the corresponding rule from
the rule set. Such manipulation allows us to adjust the number of rules within the
rule set by using a fixed length representation.
–

Initial Population
The external rule set from the lower level is used as “seed” to generate
initial population for the upper level algorithm. The maximum number of rules
contained in a rule set could be a user specified value if the problem itself poses
explicit constraint on it. Otherwise if there is no limit on the size of the rule set, an
individual can contain all rules evolved from the lower level algorithm. Matlab
implementation is given in Appendix C.1 randomizeHLPopulation.m.

–

Fitness Evaluation
The multiobjective fitness evaluation function is the central element of the
rule induction system. At the upper level algorithm, the fitness of a rule set is
evaluated across five dimensions: accuracy, error, size, specificity, and
parsimony. Rule sets that have good fitness values across all five dimensions will
not only match the entire set of exemplars, but also will resemble economical and
noncompensatory judgment strategies. As such, the rule sets learned from the
inductive inference system will be able to represent cognitive plausible judgment
behaviors in a manner that is consistent with the notion of bounded rationality
(Rasmussen, 1983; Rouse, 1983; Kirlik et al., 1996; Klein, 1999).
We reiterate that in our proposed approach, a rule set containing rules with
zero specificity values is not allowed to survive over GA generations. The fitness
of such rule set is penalized as shown in the Matlab implementation
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evaluateGAFitness_hl.m (see Appendix C.2). Fitness sharing and Pareto niching
are used to maintain solution diversity.
–

Reproduction
In the upper level algorithm, reproduction is applied using a roulette
selection which is the same method we used at the lower level. Rule set
containing duplicated rules is identified and we use flags to deactivate the
redundant rules (see removeRepeat.m in Appendix C.3).

–

GA Operators
Compared with the lower level algorithm, the chromosome representations
at the upper level take different forms. As a result, the genetic operators are
applied slightly different in the upper level algorithm. The crossover operator,
exchanges rules between individuals including the flags attached to the rules. The
crossover point in the upper level algorithm is restricted to occur only at the rule
boundaries. Both rules and their corresponding flags are copied into the offspring.
The same procedure listed in Figure 4-11 is used to perform crossover operation
at the upper level algorithm.
The mutation operator at the upper level algorithm can be applied to the
flags attached to the rules as well as the premises within each rule. It could lead to
the adding/deleting of rules from the rule set and also changing the accepted
values inside the condition part of the rules. The procedure is illustrated in Figure
4-14.

76

Figure 4-14: Mutation in Upper Level Algorithm.
–

Termination
Higher level GA stops running after a certain number of generations. Prior
to that, the algorithm can also terminate if the specified fitness threshold is
reached. Users can specify fitness threshold corresponding to the five fitness
dimensions [au, er, sz, sp, ps]. The final solution is a set of rule sets with different
tradeoffs on the fitness dimensions. The choice of the best rule set is left to the
decision maker and could be adjusted for problems with different characteristics.
The higher level algorithm can be used as an optional component in our proposed

method. The design of its framework indicates the fidelity of solutions at the higher level
is not likely to be improved as compared with the lower level. Its primary goal is to
produce a set of nondominated solutions representing different tradeoffs between fidelity
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and compactness so that greater flexibilities are offered to decision makers to choose
among the alternatives. The use of this part of the system becomes necessary under two
cases. The first one is that there is a limit on the maximum number of rules can be
included in a rule set and this number is less than the number of rules contained in the
external rule set produced from the lower level. The second case is that the size of the
rule set is under particular interest of the study and the decision maker would like to
sacrifice on fidelity to get more compact solutions.
4.1.3.3.3 Discussion
As discussed in Section 4.1.3.3.1, the lower level algorithm alone can be used as a
shorter version of the proposed rule induction system. The problem associated with this
system is that it may produce a set of small disjunct rules to overfit the exemplar set.
However, studies suggested that although the small disjuncts are error prone, sometimes a
set of them can cover a large number of exemplars in the exemplar set (Danyluk and
Provost, 1993). Therefore, removing these small disjuncts from the learned rule set is an
unjustified behavior since they may have significant impact on the classification
accuracy. The shorter version of the rule induction algorithm has no explicit mechanism
developed to prune these small disjunct rules. Nevertheless, our system offers the
flexibility of developing an add-in function to eliminate the production of small disjunct
rules. For example, in the lower level algorithm, we could specify a threshold where the
uncovered exemplars in each exemplar subset drop blow this threshold, the local GA
terminates. As such, no rule will be evolved on these small patterns of the data and the
production of small disjuncts is partially restricted.
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Another problem arises concerned about how the algorithm handles the noise
presented in the data. In some cases, the presence of noise may lead to overfitting where
the rule induction algorithm produces complex and misleading rules that generalize
poorly on unseen instances. In our proposed approach, noise is handled by adjusting the
parameter δ used in error rate evaluation at the lower level algorithm. When parameter δ
is set to zero, the system can produce a set of rules that cover the complete exemplar set
with no classification error. This version of the system could be applied when the dataset
is free of noise and all patterns are considered equally important (Liu). On the other hand,
when δ is set to a small value larger than zero, the system essentially allows rules to be
produced whose error rates are less than a predefined threshold. By doing this, the system
can produce more general rules that cover a larger portion of the data and therefore the
effect of noise is mitigated.
In some problems, the original exemplar set may contain some inconsistent
records. Inconsistent records refer to those instances that have same cue values but
different class labels. Such records are susceptible as they represent inconsistent behavior
of the underlying organism. Inclusion of these records may impact the rule induction
process and potentially introduce conflicting rules. In the case that we want to avoid
overfitting, such records should be excluded from the dataset. However, in the judgment
analysis, such records reflect inconsistent reasoning process of the decision maker and
they provide useful information for analyzing decision making strategies. As a result, we
will not delete the inconsistent records in RLM analysis. The GA-based system allows for
conflicting rules to be active simultaneously.

79

With respect to the conflict resolution of the rule set, our proposed approach does
not assign any specific priority order to the extracted rules within the rule set so that no
rule acts as antecedent of other rules. In addition, no default rule is set to accommodate
possible unclassified patterns. When it is tested against the test set, we use the evaluation
function (Eq. 3.8-3.11) to calculate the accuracy value such that the time-consuming
process of conflict check is avoided. It is worth noting that for unseen instances, the
system makes assumption that any instance that is not covered by any rule in the rule set
is misclassified by this rule set. When it is used for RLM analysis, the system generates
an unknown value for the predicted judgment or criterion.
4.1.3.3.4 Computational Complexity
In the lower level algorithm, for each local GA, every time it evolves, the fitness
of all solutions within the current population is evaluated. The computational complexity
of the fitness evaluation is O(pMU), where p is the number of attributes, M is the
exemplar size, and U is the population size. In addition, in each GA cycle, all solutions
within the current population need to be ranked and sorted according to their Pareto
Dominance. The computational complexity involved in the nondominated sorting is
O(kU2), where k is the number of objectives. In the worst case, the lower level algorithm
requires M local GA runs to find rules that can completely cover the whole exemplar set.
Therefore, the computational complexity of the lower level algorithm is O(pM2U) +
O(kMU2).
The upper level algorithm requires only one GA run, therefore the computational
complexity is O(pMU) + O(kU2).
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4.1.3.4 Experimental Study
4.1.3.4.1 Evaluation Criteria
The task of classification is generally divided into two phases. Phase one is called
a learning phase where an inductive algorithm learns knowledge on a training set. In
phase two, the system uses the knowledge learned in phase one to make class predictions
for instances in the test set. The training set and the test set are different set of data but
they share the same attribute features. In the testing phase, the true class labels for the
instances in the test set are compared with the predicted classes, and the proportion of
instances that are correctly classified will be evaluated. The main reason for using a test
set is to test the generalization and predictive ability of the induced model since accuracy
on the training set is not a good indicator of performance on future data (Musicant, 2000).
Two measures used in this study to rank the performance of the learning
algorithms are accuracy and compactness. Almost all types of algorithms developed for
classification share a common goal of improving prediction accuracy. The gauge of
success for prediction accuracy is commonly referred as the percentage of accurate
classifications on the test set. It measures the generalization ability of the model. The
higher the accuracy is, the better the model generalizes from the data. Compactness
measures the simplicity of the model where in our case refers to the size of the rule set.
An ideal rule set will have minimum number of rules and correctly classify all instances
in the test set.
When the training and test sets are not available as a priori, we need to split the
data into a training set and a test set. The holdout procedure refers to the method used for
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splitting. A number of holdout methods are available including one-shot train-and-test,
repeated train-and-test, cross-validation (Weiss and Kulikowski, 1991; Breiman et al.,
1984; Stone, 1974; Salzberg, 1997), and bootstrapping. Among these methods, crossvalidation is the most popular technique for conducting experimental studies in machine
learning community.
Cross validation avoids the use of overlapping test sets. In a k-fold cross
validation, we randomly divide the dataset into k approximately equally sized disjoint
partitions. Each time we run the algorithm, we use the union of k – 1 partitions as the
training set and the remaining 1 fold as the test set. The algorithm is run for exactly k
times so that each partition is used once and only once for testing. The performance
measures are averaged across the k runs to yield an overall score. These performance
estimates are considered as more reliable because the process is repeated with different
subsamples. Stratified cross validation is a technique where the partitions are stratified
before the cross validation is performed. Partitions are considered as stratified if each
class distributes with approximately equal possibilities in all partitioned subsets. The use
of stratification ensures that both training set and test set are representative samples of the
same larger population. Moreover, stratification can also reduce the variances of the
performance estimates. Extensive studies (Zhang 1992; Bouckaert, 2003) have shown
that for moderately sized dataset, stratified ten-fold cross validation (10 CV) is the best
choice for conducting experimental validations and it can provide accurate estimates of
the performance metrics.
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4.1.3.4.2 Test Suite
The purpose of the experimental study is to test the effectiveness of the proposed
rule induction algorithm. In this experiment, we will compare the results of our algorithm
with the results produced from a number of well known learning algorithms including
ID3, C4.5, k-NN, IB1, and naïve Bayes. ID3 is a basic algorithm of top down decision
tree induction. It uses the entropy function as the heuristic measure to select attributes
and it does not apply any pruning on the tree. C4.5 – an extension of ID3, is a state-ofthe-art algorithm which adds features to deal with missing values and multi way splitting;
also it adopts the pessimistic post-pruning technique to prune the tree. k-NN and IB1 are
among the simplest methods used in IBL. These algorithms classify an instance based on
the closest training examples in the feature space by using a majority vote of its
neighbor’s classes. IB1 is very similar to k-NN except that it uses the normalized attribute
values, processes instances incrementally, and tolerates missing values (Aha, 1991). A
naïve Bayes classifier is a simple probabilistic classifier which combines the naïve Bayes
probability model with a decision rule to assign class values that are most probable to the
exemplars. The naïve Bayes probability model is based on applying Bayes’s theorem and
it assumes independence of the attribute features (http://en.wikipedia.org/wiki/
Naive_bayes).
In this study we use the shorter version of our proposed method to perform the
classification tasks since in these tasks, no explicit constraint has posed on the maximum
number of rules can be included in the rule set. We argue that if the shorter version of the
system performs well on the tasks, extend it with the high level will also produce
competitive results. As our rule induction algorithm is originally designed to suit the
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RLM framework, we call it RLM rule induction algorithm which is abbreviated as RLMRI. We will use RLM-RI to refer to our method for the rest of this thesis. The parameter
values of RLM-RI used in the experiment are summarized in Table 4-1. We use common
setting to assign values for these parameters. Parameter optimization is beyond the scope
of the current study.

Table 4-1: Parameter Setting of RLM-RI in Experimental Study.
Parameter

Value

crossover rate
mutation rate
population size
maximum no. of generations
σshare
δ
epsilon

0.5
0.05
100
300
0.2
0
0.02

To empirically determine which algorithm generally performs better than other
algorithms, it is the common practice to gather a substantial number of datasets with
different characteristics and compare the performances of the algorithms on these
datasets based on some performance metrics (Melli, 1998). In the machine learning
community, a significant number of benchmark datasets have been collected over time.
The UCI (University of California Irvine) machine learning repository is a collection of
databases, domain theories, and data generators used by practitioners and researchers
from all over the world to conduct empirical analysis of machine learning algorithms
(Blake et al., 1998). In our study, the testing results on ten UCI datasets including
balance scale, car evaluation, congressional voting records, hayes-roth, lenses, monk-I,
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monk-II, monk-III, SPECT heart, and tic-tac-toe endgame are reported. As mentioned
previously, the current development of RLM-RI can only work with categorical data.
Therefore all datasets chosen contain no continuous attributes. Other than that, for the
scope of this thesis, we do not intend to test the ability of RLM-RI in dealing with
missing values. Hence the datasets chosen have no missing values or incomplete
information. These datasets are originated from a wide range of domains and the main
characteristics are summarized in Table 4-2.
Table 4-2: Data Set Information. (The first column describes the name of the data sets.
The next three columns list the number of instances, the number of categorical attributes,
and the number of classes of the datasets. The last column gives the validation technique
used in the experimental study).
Name

#instances

#categorical
attributes

#classes

Validation

balance scale

625

4

3

10 CV

car evaluation

1728

6

4

10 CV

congressional voting records

435

16

2

10 CV

hayes-roth

160

4

3

10 CV

lenses

24

4

3

10 CV

monk-I

124

6

2

Fixed Test Set

monk-II

169

6

2

Fixed Test Set

monk-III

122

6

2

Fixed Test Set

SPECT heart

267

22

2

Fixed Test Set

tic-tac-toe endgame

958

9

2

10 CV

Brief descriptions of the datasets are given below.
Balance scale was generated to model psychological experimental results. The
four attributes include the left weight, the left distance, the right weight, and the
right distance. Each instance is classified as having the balance scale tip to the
right, tip to the left, or balanced.
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Car evaluation was generated from an underlying decision tree model to evaluate
cars based on the price and technical characteristics. Six attribute features
represent

functional decompositions of the car’s price and technical

characteristics.
Congressional voting uses voting records on sixteen key issues such as education
spending and immigration to classify the party affiliation of a congressman as
democrat or republican. All attributes are binary.
Hayes-roth uses four attributes hobby, age, educational level, and marital status to
classify an instance as either belonging to class 1, class 2, or neither.
Lenses describes whether the patients should be prescribed for soft contact lenses,
hard contact lenses, or no contact lenses based on their age, spectacle prescription,
astigmatism, and tear production rate.
Monk’s problems contain instances of robots described by six nominal attributes:
head shape, body shape, facial expression, object being held, jacket color, and
whether or not the robot is wearing a tie. The robots are classified to positive or
negative classes based on these attribute features. The monk’s problems have
three artificially constructed datasets. They are all binary classification problems
each with 432 instances in total. For each problem there is a standard training set
and a test set. The sizes of the training sets for the three monk’s problems are
shown in Table 4-2. For the test set, each problem uses their complete set of data
which contains 432 instances. The monk’s problems have been used to compare a
broad spectrum of machine learning algorithms (Thrun et al., 1991).
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SPECT diagnoses each patient as normal or abnormal based on 22 binary feature
patterns obtained from the cardiac Single Proton Emission Computed
Tomography (SPECT) images.
Tic-tac-toe has 958 instances representing the complete set of possible board
configurations at the end of tic-tac-toe games. The target concept is “a win for x”
(x creates a three in the row). The dataset has 9 attributes which correspond to the
board configuration at 9 locations. Each attribute can take the value from set of
{x, o, blank}.
For dataset with a standard training set and test set, the algorithm was executed
once. For the rest of the datasets, ten-fold cross validation with stratification was
performed. We use prediction accuracy and compactness as the two criteria to compare
the performances of these algorithms. Details are described in the next section.
4.1.3.4.3 Results and Discussion
Results reported regarding the performance of the benchmark algorithms on the
UCI datasets are those that have been found in the existing machine learning literature.
These results were generated using the same validation technique as we used for all the
datasets and therefore the comparison is valid. However, only partial results are available
for some of the datasets.
The results comparing the prediction accuracy of RLM-RI and other algorithms
are tabulated in Table 4-3. For dataset that a 10 fold cross validation was performed, the
results are given in the form of mean ±standard deviation.
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Table 4-3: Prediction accuracy for RLM-RI, ID3, C4.5, k-NN, IB1, and Naïve Bayes on
tested datasets. The numbers represent the average and standard deviation over the
individual runs.
RLM-RI

ID3

C4.5

k-NN

IB1

Naïve Bayes

balance scale

61.9±9.5

68.7±5.2

64.1±3.8

82.3

**

90.7

car evaluation

91.2±1.2

**

91.5±2.4

96.0

**

86.6±1. 8

voting

94.9±3.7

93.1±2.7

95.6±0.5

93.1

91.8±0.4

90.3±2.0

hayes-roth

99.4±2.0

68.8±8.3

74.4±4.2

**

67.7±2.3

40.6

91.7±18.0

87.8±3.4

83.3±7.0

**

**

**

monk-I

94.4

83.2

75.7

85.9

76.7

72.6

monk-II

74.8

69.1

65

76.6

79.1

62.8

monk-III

90.3

95.6

97.2

90.1

79.4

97.2

SPECT

88.2

**

**

**

**

71.7

99.1±1.0

85.5±3.7

83.2±1.7

75.3

98.2±0.5

70.7±1.9

Data Set

lenses

tic-tac-toe
** Data not available

As Table 4-3 shows, RLM-RI achieved better prediction accuracy in five out of
ten datasets, namely hayes-roth, lenses, monk-I, SPECT, and tic-tac-toe. In these datasets,
we particularly noticed that the prediction accuracy achieved by RLM-RI was remarkably
larger than the accuracy achieved by the state-of-the-art decision tree induction algorithm
C4.5, which is the most commonly used benchmark algorithm in machine learning
community to conduct experimental studies. If we transfer the absolute values of these
differences into relative values, we found that RLM-RI achieved a 33.6%, 10.1%, 24.7%,
and 19.1% of improvement on prediction accuracy as compared with C4.5 on the datasets
of hayes-roth, lenses, monk-I and tic-tac-toe, respectively. On the SPECT dataset,
literature reported a best accuracy of 84% which was achieved by the CLIP3 algorithm
(Cios et al., 1997; Kurgan et al., 2001). RLM-RI outperformed CLIP3 on this dataset and
it yielded a relative improvement of 5% on prediction accuracy. The standard deviations
of prediction accuracy for RLM-RI on these four datasets were comparable with other
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algorithms expect for the lenses data. We noticed that lenses is a small dataset containing
24 instances. In each fold of the cross validation, only 2 or 3 instances were used as the
test set. If any of these instances was not covered or misclassified by the induced rule set,
the prediction accuracy on that fold would be largely deteriorated. We consider this as the
primary reason of why RLM-RI produced a large variance on this dataset. Using multiple
runs of cross validation could be a better choice for these small datasets as it may produce
more stable outcomes.
We use tic-tac-toe as an example to illustrate that the rules produced by RLM-RI
are consistent with the underlying concept description of the data. As mentioned in
Section 4.1.3.4.2, the attributes in the tic-tac-toe dataset correspond to the board
configurations at 9 locations which are shown in Figure 4-15. It is assumed that x plays
first and if x throws a three in the row then we will have “a win for x”. A rule set
produced by RLM-RI in one fold of the cross validation is shown in Table 4-4.

Figure 4-15: Tic-tac-toe Endgame Board Configuration.
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Table 4-4: A rule set produced by RLM-RI for tic-tac-toe dataset.
Rule No. Rule
1 𝑏13 = 𝑥 ∧ 𝑏22 = 𝑥
2 𝑏13 = 𝑥 ∧ 𝑏23 = 𝑥
3 𝑏11 = 𝑥 ∧ 𝑏21 = 𝑥
4 𝑏31 = 𝑥 ∧ 𝑏32 = 𝑥
5 𝑏11 = 𝑥 ∧ 𝑏22 = 𝑥
6 𝑏11 = 𝑥 ∧ 𝑏12 = 𝑥
7 𝑏12 = 𝑥 ∧ 𝑏22 = 𝑥
8 𝑏21 = 𝑥 ∧ 𝑏22 = 𝑥
9 𝑏11 = 𝑜 ∧ 𝑏22 = 𝑜
10 𝑏31 = 𝑜 ∧ 𝑏32 = 𝑜
11 𝑏13 = 𝑜 ∧ 𝑏22 = 𝑜
12 𝑏12 = 𝑜 ∧ 𝑏22 = 𝑜
13 𝑏13 = 𝑜 ∧ 𝑏23 = 𝑜
14 𝑏11 = 𝑜 ∧ 𝑏21 = 𝑜
15 𝑏11 = 𝑜 ∧ 𝑏12 = 𝑜
16 𝑏21 = 𝑜 ∧ 𝑏22 = 𝑜
17 𝑏11 = 𝑥 ∧ 𝑏13 = 𝑜
18 𝑏11 = 𝑥 ∧ 𝑏12 = 𝑜
19 𝑏11 = 𝑜 ∧ 𝑏12 = 𝑥
𝑤𝑖𝑛 𝑓𝑜𝑟 𝑜
20 𝑏12 = 𝑜 ∧ 𝑏13 = 𝑥
21 𝑏11 = 𝑥 ∧ 𝑏12 = 𝑥
22 𝑏21 = 𝑥 ∧ 𝑏23 = 𝑥
23 𝑏11 = 𝑜 ∧ 𝑏13 = 𝑜

∧
∧
∧
∧
∧
∧
∧
∧
∧
∧
∧
∧
∧
∧
∧
∧
∧
∧
∧

𝑏31 = 𝑥
𝑏33 = 𝑥
𝑏31 = 𝑥
𝑏33 = 𝑥
𝑏33 = 𝑥
𝑏13 = 𝑥
𝑏32 = 𝑥
𝑏23 = 𝑥
𝑏33 = 𝑜
𝑏33 = 𝑜
𝑏31 = 𝑜
𝑏32 = 𝑜
𝑏33 = 𝑜
𝑏31 = 𝑜
𝑏13 = 𝑜
𝑏23 = 𝑜
𝑏21 = 𝑜
𝑏13 = 𝑥
𝑏13 = 𝑥

→ 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑥
→ 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑥
→ 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑥
→ 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑥
→ 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑥
→ 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑥
→ 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑥
→ 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑥
→ 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑜
→ 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑜
→ 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑜
→ 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑜
→ 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑜
→ 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑜
→ 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑜
→ 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑜
∧ 𝑏31 = 𝑥 ∧ 𝑏33 = 𝑜 → 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑜
∧ 𝑏23 = 𝑥 ∧ 𝑏33 = 𝑜 → 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑜
∧ 𝑏21 = 𝑥 ∧ 𝑏23 = 𝑜 ∧ 𝑏33 = 𝑥 →

∧
∧
∧
∧

𝑏23 = 𝑜
𝑏23 = 𝑥
𝑏31 = 𝑥
𝑏31 = 𝑥

∧
∧
∧
∧

𝑏31 = 𝑜
𝑏31 = 𝑥
𝑏33 = 𝑥
𝑏32 = 𝑜

∧ 𝑏32 = 𝑥 → 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑜
∧ 𝑏33 = 𝑥 → 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑜
→ 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑜
∧ 𝑏33 = 𝑥 → 𝑤𝑖𝑛 𝑓𝑜𝑟 𝑜

As we can see from Table 4-4, the first eight rules correspond to the cases that x creates a
three in the row and the rules classify them as “a win for x”. The rest of the rules include
the cases that either o creates a three in the row or neither of them creates a three in the
row, and they are classified as “a win for o”. These rules are completely consistent with
the concept description of the tic-tac-toe dataset. Another example given in Appendix D
for monk-I problem also illustrates that RLM-RI generates accurate rules that are
consistent with the rules used to generate the data.
Back to the results presented in Table 4-3, for the rest five datasets, other
algorithms discovered rules with better prediction accuracy than RLM-RI. In three of
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these datasets, namely car evaluation, voting, and monk-II, the differences were quite
small. Specifically, RLM-RI performed approximately equally with C4.5 on car
evaluation and voting, and outperformed C4.5 on monk-II. Of these results, we
particularly noticed that almost all algorithms performed poorly on the monk-II
problem10, and the results of the decision tree and rule-based algorithms were inferior to
the results of the instance based learning algorithms. A close examination of the problem
nature reveals that in monk-II problem, the attributes are combined in a way that makes it
hard to be described by disjunctive normal form or conjunctive normal form. Not only
that all six attributes are relevant to the concept description, but also these attributes
exhibit pairwise interactions. Quinlan (1993a) wrote “[The monk-II problem] is just plain
difficult to express either as trees or as rules… all classifiers generated by the programs
are very poor.” Therefore, we lay the blame for the poor performance of RLM-RI on the
knowledge description language used in the algorithm since it simply does not serve well
for this problem.
On the other two datasets balance scale and monk-III, RLM-RI produced lower
prediction accuracy as compared with other algorithms and the differences were
considered as more magnificent. On the balance scale dataset, RLM-RI performed 31.8%
worse than the naïve Bayes approach which achieved best accuracy on this dataset. The
result again is due to the fact that the knowledge description language used in RLM-RI is
not appropriate for the underlying problem. The attributes in balance scale are highly

10

The concept description for monk-II positive instance is that any two attributes that take values
on their first categories.
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interacted11 in the target concept description12. As a result, we found the performances
were poor for both RLM-RI and ID3, C4.5. On the monk-III problem, C4.5 discovered
rules with a better prediction accuracy of 7.6% than RLM-RI. It is worth noting that the
standard training set for monk-III problem can be represented by the disjunctive normal
form 13 but it has 5% classification noise added, which means 5% of the training
exemplars have reversed class labels. Monk-III is the only monk’s problem that is not
noise free and it was intentionally created to test algorithms’ noise handling abilities. As
specified in Table 4-1, the δ value was set to zero in this experiment for RLM-RI which
enforced that the rules produced by the algorithm make no classification error on the
training set. Therefore when the algorithm was presented to learning on a training set
with classification noise, the produced model tended to overfit the training data and
generalized poorly on the test data. Relaxing the constraint by setting δ to a small value
larger than zero can equip the system with the ability to cope with noise. In order to test
that, we run RLM-RI with different δ settings on the monk-III dataset and compared their
generalization ability in terms of prediction accuracy. The results are given in Table 4-5.
Table 4-5: Prediction accuracy of RLM-RI on monk-III dataset with different δ settings.
monk-III

11

RLM-RI (δ = 0)

RLM-RI (δ = 0.05)

RLM-RI (δ = 0.08)

90.3

96.7

98.6

In this context, attributes are said to be interacted if the direction or magnitude of the
relationship between the target class and one attribute is irreducibly dependent on the values of
other attributes (Freitas, 2001).
12
The concept description for balance scale is having the scale tip to the right if (left distance ×
left weight) < (right distance × right weight), tip to the left if (left distance × left weight) > (right
distance × right weight), or balanced if (left distance × left weight) = (right distance × right
weight)
13
The concept description for monk-III is [(jacket color = green) ∧ (holding = sword) → (class =
positive)] ∨ [(body shape = octagon) ∧ (jacket color = blue) → (class = positive)]
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From Table 4-5, we see that the prediction accuracy was improved when setting δ to
values larger than zero on the same monk-III dataset. The performances of RLM-RI with
δ set to 0.05 and 0.08 were comparable to the best accuracy achieved by C4.5 (with post
pruning to handle noise).
Overall we conclude that RLM-RI is competitive with other benchmark
algorithms in terms of prediction accuracy. It performed especially well on datasets
generated using disjunctive functions and by proper configuration, the learning algorithm
can handle noise presented in the data.
We next turn to the results concerning the compactness of the models generated
by the learning algorithms. Compactness in this experiment specifically refers to the
number of rules in the rule set. Table 4-6 shows results comparing compactness of the
discovered rule set by RLM-RI, ID3, and C4.514.
Table 4-6: Rule set size for RLM-RI, ID3, and C4.5 on tested datasets. The numbers
represent the average and standard deviation over the individual runs.
Data Set
balance scale
car evaluation
voting
hayes-roth
lenses
monk-I
monk-II
monk-III
SPECT
tic-tac-toe

RLM-RI
276.0±16.2
231.1±7.6
29.1±2.7
14.4±1.0
8.1±1.4
24
66
24
12
25.4±1.4

C4.5
33.7±4.5
**
21.9
**
9.7
28
4
13
**
83.0±14.1

ID3
354.1±6.9
**
**
**
9
62
110
31
**
188.5±15.3

** Data not available

14

Compactness measure does not apply to k-NN, IB1, and naï
ve Bayes since they use different
forms of knowledge representations.
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As Table 4-6 indicates the data for comparison are only available for seven out of
ten datasets. Among the seven datasets, RLM-RI generated rules that were more compact
than ID3 and C4.5 on three datasets, namely, lenses, monk-I, and tic-tac-toe. The rule sets
produced by RLM-RI contain 10%, 14.3%, and 69.4% less number of rules on each of
these three datasets, as compared with the best of ID3 and C4.5. When performing the
comparisons, we keep in mind that reducing the size of the rule set is only beneficial
when the prediction accuracy is not sacrificed. As shown in Table 4-3, the prediction
accuracy of RLM-RI for these three datasets was also higher than that of ID3 and C4.5.
For example, in tic-tac-toe, C4.5 and ID3 produced rule sets containing 83 and 188.5
rules whereas RLM-RI produced a much simpler rule set with only 25.4 rules on average.
For the same dataset, RLM-RI also achieved remarkably higher prediction accuracy than
the other two algorithms. Therefore, combining the criteria of accuracy and compactness,
we conclude that RLM-RI outperformed the benchmark algorithms on lenses, monk-I and
tic-tac-toe dataset.
For monk-II problem, RLM-RI discovered a rule set containing 66 rules, whereas
C4.5 discovered only 3 rules. However, RLM-RI achieved better prediction accuracy
than C4.5 on this dataset. It basically represents a tradeoff between accuracy and
compactness, RLM-RI sacrificed on compactness to achieve a greater level of accuracy.
For monk-III problem, as far as the noise is concerned, we present the size of the
rule sets produced by RLM-RI with different δ settings in Table 4-7. It shows that RLMRI produced equally compact rule set with C4.5 when it was configured to be able to
handle noise.
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Table 4-7: Rule set size of RLM-RI on monk-III dataset with different δ settings.
RLM-RI (δ = 0)

RLM-RI (δ = 0.05)

RLM-RI (δ = 0.08)

24

12

9

monk-III

On the final two datasets, C4.5 discovered rules that were both more accurate and
compact. The difference was quite small on voting data in a way that the results were still
comparable. However, on balance scale dataset, the number of rules produced by RLM –
RI appeared to be significantly larger than that produced by C4.5. C4.5 discovered 33.7
rules whereas RLM generated 276 rules. C4.5 also achieved higher prediction accuracy.
As we recall the concept description of this dataset reflects a great amount of attribute
interactions, as a result, the target concept is difficult to be described by the disjunction of
conjunctive rules. We attribute this as the primary reason for the poor performance of
RLM-RI on the balance scale dataset.
Overall, results shown in Table 4-3 and 4-6 indicated that RLM-RI generated
simple yet accurate rules as compared with other benchmark algorithms on many of the
tested datasets if not most. It suited particularly well on datasets generated using
disjunctive functions. However, as literature suggested that no algorithm outperforms
others in all settings and domains (Schaffer, 1994), RLM-RI did produce inferior results
on a small portion of the tested datasets. In conclusion of the experimental study, we
submit that RLM-RI is an effective rule induction algorithm which performs comparably
well with many state-of-the-art machine learning algorithms.
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4.2 Define RLM Parameters
Using RLM-RI to infer rule-based models to describe the cue-criterion
relationships for both human judgment and task ecology builds up the basis of the rulebased Lens Model. Another key component of this framework is the parameter defining
scheme. In Yin and Rothrock (2006), we developed a percentage match approach based
on Boolean algebra as the underlying computational mechanism for calculation of the
Lens Model parameters. To describe how it works, we define
1
I ei  
0
1
I si  
0

if Yei  Yˆei
otherwise

(4.13)

if Ysi  Yˆsi
otherwise

(4.14)

1 if Yei  Ysi
I ri  
0 otherwise

(4.15)

1 if Yˆei  Yˆsi
I Gi  
0 otherwise

(4.16)

1 if I ei  I si  0
I Ci  
0 otherwise

(4.17)

Using these binary variables, the RLM parameters are defined as follows,
N

Re




N

Rs




ra




I

i 1 ei

I

i 1 si


G

(4.18)

N

(4.19)

N

N

I

i 1 ri

(4.20)

N

N
i 1 Gi

I

N

(4.21)
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C

N

I

i 1 Ci

(4.22)

N

It is worth noting that the definition of I Ci differs from other indicators. It is
defined as 1 if both environmental criterion and human judgment are not captured by the
corresponding rule-based model. In such cases, mapping exists between the irregularities
of the two sides (environment and human judgment systems). On the contrary, if either
human judgment or environmental criterion can be correctly predicted by their respective
rule-based model, the mapping does not exist in the sense that the irregularities do not
occur simultaneously. Detailed interpretation is given in Table 4-8.
Table 4-8: Interpretation of relationship between Iei, Isi, and ICi.
Iei

Isi

ICi

Interpretation

0

1

0

Either environmental criterion or human judgment is correctly

1

0

0

captured by the corresponding rule-based model. System

1

1

0

irregularities do not occur simultaneously; no mapping exists
Both environmental criterion and human judgment are not

0

0

1

captured by the corresponding rule-based model. Mapping
exists between the irregularities of the two systems (ecology
and human judgment system)

4.3 RLM and CLM Summary
The work presented in this chapter represents an effort of developing a Rulebased Lens Model to account for noncompensatory mode of decision-makings. In RLM,
the direct use of rule-based modeling within the Lens Model framework was explored and
the computational framework based on match frequency was adopted to serve as the
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complement for statistical correlation analysis used in CLM. The two model frameworks
also use different types of inference mechanisms to generate prediction models. For
CLM, multiple regressions analysis is used to generate linear models for both sides of the
system whereas in RLM, the underlying inductive system for building the rule-based
models is RLM-RI. The characteristics of CLM and RLM are summarized in Table 4-9.
Table 4-9: CLM and RLM.
Modeling Technique

Parameter Calculation

CLM

Multiple Regressions

Statistical Correlation

RLM

Rule Induction

Match Frequency

Chapter 5
Empirical Evaluation – A Laboratory Experimental Study
In this section we propose a coherent experimentation framework to investigate human
decision making behaviors with regard to environmental variations. Of particular interest
is the possible manipulation of task ecology on the change of decision strategies in a
dynamic human-in-the-loop simulation experiment. The study is guided by the objective
of evaluating RLM framework in terms of its ability to characterize judgment
performance driven by noncompensatory strategies.

5.1 Overview
As discussed in Section 1.2, a rich body of literature suggested that the nature of
judgment strategies human uses to make decisions is influenced by the nature of the task
ecology as well as the demands posed in the environment. We further hypothesize when
the environment does not pose severe constraints in terms of time and task load, people
tend to adopt compensatory strategies so that high decision accuracy can be achieved. On
the other hand, we assume that people are more likely to use heuristic, noncompensatory
strategies to cope with time-pressure and high task load.
An experimentation plan is proposed which aims to evaluate if RLM provides a
better model fit in conditions which are believed to prompt the use of noncompensatory
strategies. In addition, the proposed empirical study has the dual goal of investigating the
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influence of environmental conditions on the judgment strategies acquired and used in the
laboratory task.
The apparatus used in our experiment is called the Aegis Simulation Platform
(ASP). ASP is a real-time interactive laboratory simulation environment where the
participant plays the role of a naval air traffic controller in the Aegis Combat Information
Center (CIC). We reduced the scope of the role to include an aircraft identification task
only. This task has been used to investigate dynamic decision-making behaviors by
several researchers (Bisantz et al., 2000; Campbell et al., 2001; Rothrock and Kirlik,
2003). The test bed is based on the modification of the existing simulation environment
developed by the investigators (Kirlik et al., 1998; Bhandarkar et al., 2004). The primary
task responsibility for the participant is to make judgments regarding the identities of the
tracks that fly around the own ship, based on the perceptual information available through
a simulated radar scope (see Figure 5-1). In the task, three cues (Speed, Altitude, and
Range) are directly displayed on the screen while the participant needs to change the
track identities (to either type X or type Y) through the main menu options.
A script maker tool is used to generate task scenarios in ASP. It allows
researchers to develop a simulation environment that is representative of the operational
environment. During the simulation, the truth maintenance system automatically logs all
data pertaining to dynamic environmental states and user activities. The logged data can
further be converted into a relational database to provide insights on metrics relating to
the future result analysis.

100

Figure 5-1: ASP Main Interface.
The aircraft identification task enables us to manipulate the ecological structure
by varying the relationship between the cue values and the true identities of the aircrafts
from a linear-additive to a rule-based form. We can also introduce levels of time pressure
through manipulating the time allocated to each trial. Based on the research hypothesis,
we predict that RLM is better suited than CLM in terms of diagnosing judgment
performance and characterizing decision-making policies in rule-based ecologies and in
time-stressed environment. To test this claim, we developed an experiment design which
will be presented later in this section.
For the experiment, we assume that the data are collected when participants have
reached steady-state levels of performance. Therefore, the results should not be
contaminated by any variance due to the subjects’ unfamiliarity with the test bed or
misunderstanding of the basic principles for the aircraft identification. To ensure the
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achievement of steady state performance, the experiment was designed to be conducted
in two phases. In phase I, we focused on assessing the time period required for people to
acquire proficiency in the tasks. In phase II, all the aforementioned task manipulations
were conducted. These two sets of experiment shared a same task domain and employed
similar designs. Details are given in the following sections.

5.2 Phase I Experiment

5.2.1 Objective
The primary objective of phase I experiment is to determine the learning curve on
the aircraft identification task so that phase II experiment can be designed and conducted.
To estimate the number of trials needed to sufficiently train subjects on the experimental
task, we rely on the existing learning curve literature to guide us towards an empirical
investigation. To date, learning has been characterized as a process by which correct
response tendencies in a specified task increase steadily with practice and compete with
incorrect response tendencies. Numerous research efforts have concentrated on the
development of mathematical models to estimate the learning process. Newell and
Rosenbloom (1981) have shown quantitative law of practice seems to follow a power law
where the relationship between the logarithm of the time to perform a task and the
logarithm of the trial number is linear. They provided numerous examples to illustrate the
empirical reality of the power law. Moreover, they claimed that the law holds for practice
of learning of all kinds. We therefore used the corresponding mathematical model of the
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power law to explore various characteristics of the learning curve. The general formula of
the power model is (Newell and Rosenbloom, 1981):
T  A  B N  E 



(5.1)

T is the time to perform the Nth trial. A is the time to perform the task when
learning approaches the asymptote as N increases indefinitely. B is the time on the first
trial and 𝛼 is the learning rate. Positive number of 𝛼 indicates a decreasing curve. E is the
number of learning trials that occurred prior to the first measured trial. The primary focus
of the phase I experiment is to examine the impacts of experimental conditions on
participants’ learning on the experimental task. Ultimately, we characterize the learning
process for the aircraft identification task and therefore a baseline is established for the
design of the Phase II experiment.

5.2.2 Experimental Design
The phase I experiment employed a 22 factorial design where we have two factors
– ecological organizing principle and cue presentation, each set at two levels (see Table
5-1). We used a between-subjects design (N = 10) with four groups of participants
performing task sessions on each of these factor combinations. The primary research
hypothesis is that the ecological organizing principle (i.e., linear versus rule-based) and
cue presentation (i.e., continuous versus categorical) affect the time required to learn the
task. We next elaborate on each of these independent variables. As we will describe in
Section 5.3, phase II experiment used the same between-subjects design.
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Table 5-1: Factor Structures of the Phase I Experiment.
FACTORS
Ecological Organizing Principle
Cue Presentation

LEVELS
Linear-additive Ecology
Rule-based Ecology
Continuous Presentation Categorical Presentation

5.2.2.1 Ecological Organizing Principle
Ecological organizing principle reflects the inherent structure of the cue-criterion
relationship for the task environment. For the present study, we focused on two types of
ecological organizing principles, linear-additive and rule-based. For both types of
ecologies, the testing scenarios were created based on probabilistic relationships. The
concept of probabilistic relationship was derived from a major principle of Brunswik’s
(1955a) Probabilistic Functionalism, which is termed as ecological validity. It states that
the distal criteria would never be perfectly predicted by the environmental cues, and the
cues are only probabilistically related to the distal criteria. Therefore, for all testing
scenarios of our experiment, some small amount of random uncertainties was inserted
into the underlying cue-criterion relationship. In the same time we make sure that the
inherent structure (linear-additive or rule-based) is maintained for all scenarios. These
scenarios were created to represent the probabilistic environment.
The cue-criterion relationship for the linear-additive ecology can generally be
written in the form of,
p

Ye  b0   bi xi
i 1

(5.2)
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where bi is the weight for the ith cue. Different from the linear representation, the cuecriterion relationship for the rule-based ecology is expressed by a set of rules described in
the disjunctive normal form which is given as below.
Ye    xi 
M p


(5.3)

The testing scenarios for linear-additive ecology with probabilistic cue-criterion
relationships were created based on Eq. 5.4,
𝐼𝑑𝑒𝑛𝑡𝑖𝑡𝑦 𝑆𝑐𝑜𝑟𝑒 = 0.5 × 𝑆𝑝𝑒𝑒𝑑 + 0.33 × 𝐴𝑙𝑡𝑖𝑡𝑢𝑑𝑒 + 0.17 × 𝑅𝑎𝑛𝑔𝑒 + 𝜀1

(5.4)

where 𝜀1 is a random error term with mean zero and standard deviation of 0.2. The cue
values used to calculate the identity scores were the binary values corresponding to the
categorical cue presentation. The aircraft is regarded as type X if its identity score is less
than 0.5, and type Y otherwise. Linear regressions were used to test the linear
relationships between the cues and the criterion for the created scenarios, results showed
that R2 values ranged from 0.5 to 1.
On the other side, the testing scenarios for rule-based ecology with probabilistic
cue-criterion relationships were created based on Eq. 5.5. The set of logical rules are
inconsistent with a regression formulation and therefore are noncompensatory in nature.

∧
∧
∧
∧

𝑠𝑝𝑒𝑒𝑑 = 𝑠𝑙𝑜𝑤 ∧ 𝑎𝑙𝑡𝑖𝑡𝑢𝑑𝑒 = 𝑙𝑜𝑤 ∧ 𝑟𝑎𝑛𝑔𝑒 = 𝑐𝑙𝑜𝑠𝑒 → 𝑡𝑦𝑝𝑒 = 𝑌 + 𝜀2
𝑠𝑝𝑒𝑒𝑑 = 𝑠𝑙𝑜𝑤 ∧ 𝑎𝑙𝑡𝑖𝑡𝑢𝑑𝑒 = 𝑙𝑜𝑤 ∧ 𝑟𝑎𝑛𝑔𝑒 = 𝑓𝑎𝑟 → 𝑡𝑦𝑝𝑒 = 𝑋 + 𝜀2
𝑠𝑝𝑒𝑒𝑑 = 𝑓𝑎𝑠𝑡 ∧ 𝑎𝑙𝑡𝑖𝑡𝑢𝑑𝑒 = 𝑖𝑔 → 𝑡𝑦𝑝𝑒 = 𝑌 + 𝜀2
𝑠𝑝𝑒𝑒𝑑 = 𝑠𝑙𝑜𝑤 ∧ 𝑎𝑙𝑡𝑖𝑡𝑢𝑑𝑒 = 𝑖𝑔 → 𝑡𝑦𝑝𝑒 = 𝑋 + 𝜀2
𝑠𝑝𝑒𝑒𝑑 = 𝑓𝑎𝑠𝑡 ∧ 𝑎𝑙𝑡𝑖𝑡𝑢𝑑𝑒 = 𝑙𝑜𝑤 → 𝑡𝑦𝑝𝑒 = 𝑋 + 𝜀2

(5.5)
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𝜀2 is a random error term. Again, we tested the linear relationships between the cues and
the criterion for these created scenarios, R2 values of regression analysis ranged from 0 to
0.25.

5.2.2.2 Cue Presentation
In addition to ecological organizing principle, there is reason to suspect that
subjects may treat the cues differently when the task is a discrete versus a continuous one
(Einhorn, 1971). To examine the effects due to task representation, our study primarily
focused on two types of cue presentations, continuous and categorical. For continuous
presentation, the values of the environmental cues were given as continuous numbers in
their original scale. In contrast, cues were displayed as binary values for categorical
presentation. The transformation mechanism of the cue values used in the experiment is
given in Table 5-2.
Table 5-2: Transformation of cue values between continuous and categorical
presentation.
Speed
<350mph
Slow
≥350mph
Fast

Altitude
<15000ft
Low
≥15000ft
High

Range
<100nm
Close
≥100nm
Far

5.2.3 Performance Measurement
Primarily, two direct measures – accuracy and completion time, were evaluated
for each task trial. Accuracy measures the percentage of correct identifications whereas
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completion time represents the actual time taken for participant to finish evaluation of all
unknown tracks. Dependent measures of performance were developed from the learning
curves based on these direct measures (see Appendix E).

5.2.4 Task Procedure
Each experimental session consisted of two tasks. The experiment began with a
general orientation briefing which covered the information including a detailed
description of ASP and its graphical user interface. Participants proceeded to task I after
they finished the briefing session. Task I provided a test case through which the
participants can exercise how to use the main menu options to change the identities of the
unknown tracks. In this part, participants were asked to perform in 2 training trials. In
each trial, subjects were instructed to change the identities of 20 unknown tracks. These
tracks appeared on the screen in a sequential manner and each one lasted for a short
period of time (12 seconds for the first trial and 8 seconds for the second trial). Prior to
the start of task II, another briefing session was given to the subjects to introduce the two
types of ecological organizing principles. The general concept was illustrated by
examples. Participants were given a packet of instruction which roughly described the
relationship between the environmental cues and aircraft identities when they were
performing task II. This session of the experiment consisted of 16 experimental trials.
Each trial lasted for 10 minutes but the participants can terminate anytime if they finished
early. 8 unknown tracks were pending for evaluation during each trial while the tracks
were either type X aircraft or type Y aircraft. Each time after the participants made their
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identification, the feedback information was given in the message box on the main
interface showing whether the identification was correct or not. In order to make
decisions, the participants needed to rely on the cue information (Speed, Altitude, and
Range from the center) which were displayed on the information panel of the radar scope
(see Figure 5-1). Participants were instructed to perform under the goal of making correct
identifications in the shortest time possible.
The scenarios in the 16 experimental trials were divided into 8 groups where in
each group the two scenarios have the same discrete values of cues and criterion. The
continuous values of the cues were slightly different within the group which can allow us
to promote different physical dispersion of the tracks. In each session of the experiment,
the orders for the 16 scenarios were completely randomized.
40 participants (35 men and 5 women) were recruited from the student population
of Pennsylvania State University. Each participant was paid $20 upon completion of the
entire experimental session. The experiment took approximately 1-1.5 hours to finish.
The informed consent form of phase I experiment is given in Appendix F.

5.2.5 Results and Discussion
The detailed analysis of phase I experiment is given in Appendix E which
includes performance extrapolation from the learning curve and hypothesis testing
through ANOVA. Based on the results, we found that subjects learned rapidly and early
in terms of understanding the ecological structures. They were capable of using the
correct relationships to make their judgments throughout the experiment. Learning
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primarily occurred from the perspective of time needed to complete the tasks. For the
completion time to reach a steady state, continuous cue presentation required more
training trials than categorical cue presentation. Based on the results, it is reasonable to
assume that under all conditions, subjects were well trained on the tasks after 12 trials.
Performance data collected after the 12th trial represented their steady state performance
and thus could be used for results analysis to test the effects of factor conditions.

5.3 Phase II Experiment

5.3.1 Objective
The main focus of the phase II experiment is to investigate the influence of task
ecology, cue presentation, and time pressure on the judgment strategies acquired and used
in the aircraft identification task. In addition, we want to evaluate if RLM provides a
better model fit in conditions which are believed to prompt the use of noncompensatory
strategies than do CLM.

5.3.2 Experimental Design
Phase II experiment employed a mixed design where we have two betweensubjects factors ecological organizing principle, cue presentation and one within-subjects
factor time stress. The conditions for the between-subjects factors were the same as of
those in phase I experiment. To implement the mixed design, for each between-subjects
group, we collected subjects’ performance under two stress conditions. Subjects
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performing under the low stress condition were given plenty of time to identify the
unknown tracks in each task trial. In contrast, under high stress condition, subjects
needed to perform the same task under time pressure, which implies they might not be
able to finish the task trail under the assigned timeframe by using the normal paces.
Results of the phase I experiment were used as a guideline to assign the
appropriate stress levels for task scenarios in phase II. In this study, the time duration of
each task trial under high stress condition was determined as 80% of the asymptote task
completion time for each between-subjects group. We assume such manipulation could
introduce a relative amount of time pressure in the task environment and we are
interested in the change of decision behaviors induced by the time stress.

5.3.3 Task Procedure
Subjects underwent through similar task procedures as of those described in
Section 5.2.4. The experimental protocol used in phase II experiment is given in Figure
5-2. For second part of the experiment, task II, we used results from the phase I
experiment to develop appropriate training programs. Specifically, we used 12 training
trials to train the subjects. We expect that the amount of practice during the training
sessions would lead to stable levels of performance in the experimental sessions. When
proceeding to the experimental sessions where the performance data were collected,
participants were randomly assigned to perform under one stress condition for 5 trials and
then performed another 5 trials under the reversed stress condition. Of each task trial, the
task duration for the low stress condition was 5 minutes whereas for high stress
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condition, the duration varied across the between-subjects groups as discussed in Section
5.3.2. During the experiment, a short break was scheduled after the training session to
mitigate subjects’ frustration and fatigue.
The informed consent form of the phase II experiment is given in Appendix G. A
total of 60 students from Pennsylvania State University participated in the experiment. Of
the total, 35 were male and 25 were female. Participants were randomly assigned to one
of the task conditions. The entire procedure took approximately 1-1.5 hours and each
participant was paid $15 upon completion of all assigned tasks.
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Figure 5-2: Phase II Experimental Protocol.
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5.3.4 Results and Discussion
In the results analysis, the performance of the participants was evaluated through
both CLM and RLM. They were used to determine the degree to which the ecological
structure, linear versus rule-based, was reflected in the judgment strategies we inferred
from the behavioral data. Although both models build on the same conceptual
framework, the different modeling techniques adopted dictates that they capture different
aspects of performance characteristics. A primary goal of this analysis was to compare
the results of the two models to examine if they revealed similarities or differences in
representing decision strategies and in characterizing judgment performance under
different environmental settings. In this analysis, we first use CLM evaluation to test the
influences of task ecology, cue presentation, and time pressure on the change of judgment
strategies, and then we compare the evaluation results of CLM and RLM on conditions
that have been shown to induce noncompensatory behaviors.

5.3.4.1 CLM Evaluation
CLM represents the traditional formulation of the Lens Model where both human
judgment policy and environmental structure in terms of cue-criterion relationships are
described as linear additive models. CLM parameters allow us to measure the fitness
between the linear modeling of an individual’s judgments and the structure of the
environment. In addition, it can be used to assess the extent to which an individual’s
judgments are consistent with the linear judgment policy model.
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For each participant, CLM was performed on each trial of the experimental
session. Linear regression was used to identify the weights by which the cues were
combined to predict the judgments and intents of the aircrafts. Relationships between
different components of the Lens Model were captured through statistical correlations. By
this way, raw data collected for the experiment were collapsed into a set of Lens Model
parameters. Results were analyzed through general linear model with repeated measures.
Significant levels of type III test of fixed effects are summarized in Table 5-3.

Table 5-3: Significance Levels of Type III Test of Fixed Effects (CLM Analysis).
CLM Parameters
Re
Rs
ra
G
C

E
0.000***
0.000***
0.005***
0.000***
0.000***

C
0.086
0.003***
0.001***
0.028**
0.003***

E×C
0.002***
0.000***
0.019**
0.104
0.008***

S
0.472
0.000***
0.103
0.117
0.028**

S×E
0.841
0.008***
0.051
0.408
0.462

S×C
0.100
0.725
0.858
0.608
0.499

E stands for Ecological Organizing Principle; C stands for Cue Presentation; S stands for Time Stress
× stands for interaction effect
** stands for p < 0.05; *** stands for p < 0.01

Results on environmental predictability Re show that the main effect of ecological
structure (p = 0.000) as well as the interaction effect of ecological structure and cue
presentation (p = 0.002) were significant. Re was higher for the linear-additive ecology
(mean = 0.836) than the rule-based ecology (mean = 0.443). Due to the interaction effect,
Re was highest in the linear-additive ecology with binary cue presentation (mean = 0.854)
while lowest in rule-based ecology with binary cue presentation (mean = 0.387). Figure
5-3 summarizes the estimated marginal means for each of the between-subjects groups.
The results indicate that in our aircraft identification task, the aircraft’s identity is more
linearly predictable for the linear-additive ecology than the rule-based ecology. This
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statement is consistent with the task nature as the scenario profiles of the linear-additive
ecology were generated using linear equations while the scenarios of the rule-based
ecology were created using rules that cannot be well represented by linear formulations.
The results reiterate the fact that the task ecology we were using to test among the
subjects differed in terms of its cue-criterion structure.

Figure 5-3: Estimated Marginal Means of Re.
For human control Rs, the main effects of all between-subjects factors and withinsubject factor were significant. The interaction effects between ecological structure, cue
presentation and ecological structure, time stress were also found to be significant.
Results of Rs corresponding to different task conditions are summarized in Figure 5-4.
The estimated marginal means of Rs was higher for the linear-additive ecology (mean =
0.866) than the rule-based ecology (mean = 0.520) which indicate participant was making
judgments more consistently with a linear policy in the linear-additive ecology. Lower Rs
value in the rule-based ecology suggest that there was a lack of fit between the strategies
applied by the participants and the policies captured by linear models; participants’
behaviors in rule-based ecology were not well predicted by the linear combination of
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environmental cues. The same explanation applied to the other two factors where the
estimated Rs was higher for groups performing with a continuous cue presentation than a
categorical cue presentation; participants under low stress conditions were having a
higher Rs value than they were under high stress condition. Based on the results, we
suspect for groups that low Rs values were yielded, the underlying judgment behaviors
might be driven by strategies that were noncompensatory in nature.

Figure 5-4: Estimated Marginal Means of Rs.
Achievement ra in the aircraft identification task measures how well the
participants judge the actual identities of the aircrafts. Results on Table 5-3 show that
both the main effects and interaction effect of ecological structure and cue presentation
were significant. An examination of the estimated marginal means (see Figure 5-5) on
each between-subjects group revealed that ra was comparable on all conditions expect for
the performance in rule-based ecology with continuous cue presentation. It implies that
the subjects were not able to use the continuous environmental cues to make effective
decisions regarding the identities of the aircraft in rule-based ecological environment and
therefore the overall performance as evaluated by ra was poor.
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Figure 5-5: Estimated Marginal Means of ra.
Tests on linear knowledge G revealed that the main effects of ecological structure
and cue presentation were significant. CLM modeled a greater amount of linear
knowledge for participants performed in the linear-additive ecology (mean = 0.761) than
participants performed in the rule based ecology (mean = 0.240). A greater estimated G
value was also achieved on environment with categorical cue presentation than
environment (mean = 0.561) with continuous cue presentation (mean = 0.440). The
estimated marginal means of G are graphically illustrated in Figure 5-6. Generally,
greater values on G in CLM represent better agreement between the linear models of the
judgments and the linear models of the environment. The differences on G could be
attributed to the differences of participant’s linear knowledge of the task environment.
Combining the results of G, Re, and Rs, we see that performance of participant in linearadditive ecology can be described using linear model which well captured the linear
component of the environment. On the contrary, participant’s judgments in the rule-based
ecology as represented by a linear policy model reflected less consistency with the linear
model of the task environment.
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Figure 5-6: Estimated Marginal Means of G.
Analysis on unmodeled knowledge C revealed that the effects of ecological
structure, cue presentation, and time stress were significant. In addition, Table 5-3 shows
significant interaction effect existed between ecological structure and cue presentation.
The estimated marginal means of C are summarized in Figure 5-7. Generally, C was
higher for conditions either the ecological cue-criterion relationship was characterized by
rules, or cues were presented in the binary form, or participants performed under high
time pressure. In these cases, participants’ judgment behaviors reflected the nonlinear
relationships existed between the environmental cues and the intents of the aircrafts, and
high values of C imply their judgments were appropriately adjusted to utilize the
nonlinear relationships. Results on C further confirm our suspicion that performers in
these task environments developed nonlinear knowledge to perform on the tasks. Since
their strategies cannot be well captured by the linear additive modeling as indicated by
the low Rs values, the judgments were noncompensatory in nature.
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Figure 5-7: Estimated Marginal Means of C.
Overall, results on CLM analysis indicate that participants performed in the
linear-additive ecology consistently executed their linear policy models to make
judgments regarding the identities of the aircrafts and their judgment policy models were
well adapted to the structure of the environment. In the rule-based ecology, CLM analysis
exhibited a lack of fit between the linear policy model and the actual judgments. This
lack of fit was also reflected in CLM measurement as the results showed the amount of
unmodeled knowledge was high whereas the modeled knowledge (linear knowledge) was
low. As we assume they were having similar levels of achievement, the participants in the
rule-based ecology have developed strategies that cannot be well captured by the linear
modeling and thus were noncompensatory in nature. In addition, results through CLM
evaluation also showed that the use of nonlinear knowledge became more prevalent when
the cues were presented in the categorical form or the task environment was time
stressed.
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5.3.4.2 Comparison of CLM and RLM
From the results of previous Section 5.3.4.1 we see that CLM provided good
description for participants’ performance in the linear-additive ecology. However when
moving to the rule-based ecology, CLM exhibited lack of fit in terms of representing the
judgment behaviors using a linear policy model. Especially, the analysis revealed that
performers in the rule-based ecology relied on a significant amount of nonlinear
knowledge that were consistent with the nonlinear knowledge existed in the task
environment to execute their judgment strategies. Analysis through CLM, however failed
to uncover the “face” of these nonlinear knowledge which reflected the use of
noncompensatory strategies. We suspect that moving towards a rule-based formulation
would achieve greater success in terms of characterizing the judgment behaviors in the
rule-based ecological environment. As a consequence, we compared the results of CLM
evaluation and RLM evaluation and intended to provide evidence that RLM is better
suited to describe judgment behaviors than do CLM under conditions that prompted the
use of noncompensatory strategies. Specifically for these conditions, we developed the
following hypotheses: 1) the rule-based policy model in RLM provides a better fit to the
actual judgments than the linear additive model used in CLM; 2) RLM provides a better
model fit in characterizing the overall judgment performance than do CLM.
As a first step, we compare CLM and RLM on their evaluation of performance for
participants in the rule-based ecology. For RLM evaluation, the rule induction algorithm
RLM-RI was applied to infer the rule set used by participant to make the identification
judgments. We used the full version of RLM-RI (both lower level and upper level
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algorithm were executed) to train on the judgment data with no explicit constraint posing
on the maximum number of rules can be included per rule set. The final best rule was
selected using the best compromise criterion. RLM-RI was applied to infer the
environmental rules in the same manner as it was used to infer judgment strategies.
Finally, the Lens Model parameters were calculated using Eq. 4.13-4.22 based on match
frequencies. Figure 5-8 provides a comparison of results in terms of Lens Model
measurement of Re, Rs, ra, G, and C produced by CLM and RLM for participants in rulebased ecology.

Figure 5-8: Performance Evaluation for Participants in Rule-based Ecology by CLM and
RLM.
From Figure 5-8, we see there is a remarkable improvement in terms of Lens
Model measurement evaluated through RLM than CLM for participants in the rule-based
ecology. To further test if the results produced by the two models were truly different, we
performed a series of paired t-tests. The statistical analysis results revealed that the
differences between CLM and RLM on all these five measurements were significant at
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the p < 0.01 level. For the rest of this chapter, we use 𝑅𝑒𝐶 , 𝑅𝑠𝐶 , 𝑟𝑎𝐶 , 𝐺 𝐶 , 𝐶 𝐶 to represent the
Lens Model measurement by CLM, and 𝑅𝑒𝑅 , 𝑅𝑠𝑅 , 𝑟𝑎𝑅 , 𝐺 𝑅 , 𝐶 𝑅 to represent the Lens Model
measurement by RLM.
For this empirical study, environmental predictability Re measures the match
between the environmental model to the true identity of the aircraft. Human control Rs
represents the fit of the inferred judgment policy model to the actual identification
judgments. These two measurements essentially picture the suitability of using the
proposed modeling work to represent the behaviors for both sides of the system (see
Figure 1.1). As we see from Figure 5-8, 𝑅𝑒𝑅 and 𝑅𝑠𝑅 were significantly higher than 𝑅𝑒𝐶 and
𝑅𝑠𝐶 for performance in the rule-based ecology. Higher value of 𝑅𝑒𝑅 is consistent with the
fact that scenarios in rule-based ecology were generated by rules that cannot be well
represented by linear model. For Rs, as the results from CLM evaluation show
participants adopt noncompensatory strategies when performed in the rule based ecology,
𝑅𝑠𝑅 was higher than 𝑅𝑠𝐶 proved our hypothesis that when used to describe
noncompensatory strategies, rule-based policy model provides a better fit to the actual
judgments than the linear-additive policy model. 𝑅𝑠𝑅 close to 1 also indicates the
performers were able to consistently execute their noncompensatory strategies throughout
the tasks. Overall, results show that for participants in the rule-based ecology, while CLM
linear models had difficulty in describing the behavior of task ecology as well as human
judgments, rule-based models used in RLM provided a good description in terms of the
cue-criterion relationships for both sides of the system.
Results on Figure 5-8 also show that RLM achieved a greater amount of modeled
knowledge than do CLM for performance in the rule-based ecological environment. This
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suggests that the rule-based policy model of participant’s judgments well captured the
rule component of the environment. High values of GR indicate performers in the rulebased ecology had adequate rule-based knowledge that were also well adapted to the
structure of the ecology. Low values of GC further confirm that under the same task
condition, the contribution of linear knowledge to the overall performance was trivial. On
the other side, the unmodeled knowledge in RLM analysis was significantly lower than
the unmodeled knowledge of CLM. The results well respond to the findings through
CLM evaluation that performers in rule-based ecology developed accurate yet systematic
nonlinear knowledge to execute their judgment strategies and the use of nonlinear
knowledge contributed well to the overall achievement. RLM analysis implies performers
in rule-based ecology solely relied on the modeled rule-based knowledge to achieve the
success on the identification task. Knowledge that has not been captured by RLM
evaluation was of minimum. All together, modeled knowledge G and unmodeled
knowledge C portray the fit of the Lens Model for the performance evaluation. The
results proved our hypothesis that RLM provides a better model fit in terms of
characterizing the systematical correspondences between the human judgments and task
environment.
We next briefly look at the comparison of CLM and RLM on performance data
collected for participants in two smaller groups. The first one is the performance of
participants in rule-based ecology with categorical cue presentation and the second one is
the performance of participants in rule-based ecology with high time pressure. These two
groups were selected because results of CLM analysis showed significant poor fit on the
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data. The comparison results of CLM and RLM for these two groups are shown in Figure
5-9 and 5-10.

Figure 5-9: Performance Evaluation for Participants in Rule-based Ecology with
Categorical Cue Presentation by CLM and RLM.

Figure 5-10: Performance Evaluation for Participants in Rule-based Ecology with High
Level of Time Pressure by CLM and RLM.
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The comparison shows that the Lens Model measurements for both of these
groups were significantly improved when moving towards a RLM evaluation. In addition,
results of RLM were not affected by results of CLM. From Figure 5-9 and 5-10, we see
that for these two groups, the mean values of 𝑅𝑠𝐶 and GC were lower as compared with the
general performance in the rule-based ecology; correspondingly, the average 𝐶 𝐶 value
was higher than that shown in Figure 5-8. However, the fit of RLM in terms of RRs , GR ,
and 𝐶 𝑅 were not affected by the change on CLM. This suggests that RLM does provide
better model fit in conditions that the use of noncompensatory strategies becomes
prevalent.

Chapter 6
Conclusion and Future Work

6.1 Research Summary
In this thesis, we focus on developing an approach built on the conceptual Lens
Model framework to investigate contingent judgment behaviors. The study is based on
past research evidence which suggests that humans develop heuristic, task-simplification
strategies to cope with time pressure and high cognitive workload. Our intent is to
provide a technique, called the Rule-based Lens Model, to enable practitioners to explore
various decision behaviors.
As a first step towards the development of RLM, we built a noncompensatory
policy capturing model to elicit logical propositional rules from judgment data which
does not rely on the compensatory assumption under linear regressions. The proposed
research presented in this thesis serves as the advancement of the existing GBPC method.
Specifically we developed a technique RLM-RI to extract representative and compact
rules from available human data. The rules are represented in the disjunctive normal
form. RLM-RI uses multiobjective GA as its central search mechanism to enhance the
induction and classification process. It also employs a hierarchical architecture which
allows us to efficiently partition the search space and effectively locate good quality
solutions. The utility of RLM-RI as a supervised machine learning algorithm is
demonstrated by comparing its performance with a number of well-known state-of-the-art
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classification algorithms on several benchmark data sets. The results provide evidence
that RLM-RI is an effective rule induction algorithm which performs comparably well
with many state-of-the-art machine learning algorithms in terms of prediction accuracy
and compactness of the induced rule set.
In RLM, we explored the direct use of rule-based modeling within the Lens Model
framework and developed a new computational scheme based on match frequency to
serve as the complement of statistical correlation analysis used in CLM. The RLM
framework is defined as the synthesis of the rule induction algorithm (RLM-RI) with the
match frequency parameter defining scheme.
An empirical study was conducted which seeks to evaluate RLM in terms of its
ability to characterize noncompensatory judgment behaviors. In the study, we presented a
coherent experimentation framework to investigate human decision-making strategies
with regard to environmental variations. The Lens Model approach was used to determine
the degree to which the judgments adapt to the situated task environment. Results of the
study indicate RLM provides a superior model fit in conditions that the use of
noncompensatory strategies become prevalent.

6.2 Research Contribution
The development of a technique based on machine learning methods to optimize
the fit of the policy capturing model to the actual judgment decisions in human
environment systems is an attempt to integrate Cognitive Science, Operations Research,
and Artificial Intelligence. The central theme of the proposed research is to better
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understand the abilities and limitations of human adaptation in judgment and decision
making tasks. In today’s environment, people’s use of noncompensatory “fast & frugal”
heuristics is likely to be a pervasive component of adaptation into our increasingly
technological world. As such, we believe the creation of a RLM formalism makes a
valuable contribution to the science of judgment and decision making – one geared
specifically toward the types of ecologies in which we now all live and work.
The development of a rule-based policy capturing model enables practitioners to
design effective decision aiding systems that can provide novices with experts’
knowledge in terms of the judgment strategies used in time stressed and information rich
environment. RLM-RI has advantage over other state-of-the-art algorithms due to its
customizable ability to produce judgment rules (represented by rule set) with varying
characteristics by modifying the evaluation criteria. As a result, its generalization ability
is not restrained in any specific tasks and domains.
Findings of the proposed research can provide theoretical basis toward the design
of decision training systems that are adapted to human decision strategies. With both
linear-additive and rule-based inferential techniques available, judgment strategies can be
inferred and analyzed real-time. The development of RLM provides us with the
opportunity to use both modeling approaches (CLM and RLM) to conduct performance
evaluations on judgment behaviors. The results can reflect different yet complementary
representations for the judgments in terms of the cue utilization strategies and their
systematic linkage to the structures of the task environment. RLM is a valuable addition
to the Lens Model family as it can offer an alternative interpretation to judgment
performance other than CLM. This interpretation becomes more insightful when the
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achievement of performance cannot be well explained by the linear model. Research
toward the development of such a model serves as an important reference point for the
development of decision-support systems and more effective training methodologies that
utilize performance history as a source to provide target feedbacks. Moreover, it can
provide us deeper insights on why humans change judgment strategies to cope with the
changes in the environment (i.e. different time pressures or cognitive workloads).
Besides, the proposed modeling framework could be used as a tool to evaluate
different interface design principles and graphical displays. Through the analysis of
decision making behaviors, appropriate graphical display which assists the use of
perceptual cues can greatly improve the efficiency and the effectiveness of human
decision-making in the dynamic environment. It is also informative to Human Computer
Interaction practitioners on the development of adaptive interfaces which anticipate realtime demands of users in work contexts with varying time pressures and task loads.

6.3 Future Work
While the current results reported in this thesis were encouraging, our proposed
research work does have limitations that need to be addressed through future research on
this line of work.
In this study, we used zero order predicate rules to represent the learned
knowledge and avoided the combinatorial complexity in computation. This representation
however, limits the performance of the induction algorithm on dataset whose target
concept description involves significant amount of attribute interactions. In future studies,
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higher order representation could be introduced to the model and we believe this added
flexibility in representation could improve the system performance in terms of its
robustness on a broader range of domains. Another issue with the knowledge
representation is that the proposed RLM-RI algorithm only allows single-valued attribute
value pairs, which indicates in each premise of the rule, the attribute can only take a
single value from its corresponding categorical domain set for its condition to be met.
This representation could potentially cause the induction algorithm to generate over
specific rules that only cover a small portion of the exemplars. In future development of
the algorithm, this representation could be extended to allow internal disjunctions of the
attributes, which is to relax the constraint posed on each attribute from a single value to a
set of values. In this way, the representation flexibility of the model is further improved.
It is common that data collected from real life decision making tasks contain
continuous attributes and incomplete records. The current development of RLM-RI is
only capable of processing nominal attributes with no missing value. However, we argue
that in future work, RLM-RI could be easily configured to solve these problems. For
example, dataset with continuous attributes can be discretized first. Common methods for
attributes discretization found in machine learning literature (Dougherty et al., 1995)
include equal frenquency, Paterson-Niblett (Paterson and Niblett, 1982), recursive
minimization of entropy (Fayyad and Irani, 1993), and Chi2 (Liu and Setiono, 1995).
These methods can be incorporated into RLM-RI as a pre-processing module so that the
algorithm would be able to handle continuous attributes.
Regarding the efficiency of our proposed rule induction algorithm, we notice that
in the lower level algorithm, each run of GA uses a small exemplar set and therefore the
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execution is relatively fast. However, the sequential induction process requires the
algorithm to run several times (depending on the problem size and structure) and the
overall execution may take substantial time for large-scaled problems. Thereby, parallel
and distributed methods could be introduced to implement the multiobjective GA over
multiple processors so that the processing efficiency could be boosted. It is also
suggested to implement the algorithm in a high-performance programming language like
C++, with an optimized code to improve the solution efficiency.
As we noticed in CLM, the standard Lens Model Equation (LME) links together
the multiple regression methodology for policy capturing and statistical comparisons
between ecological and cognitive system, thereby produced a unified and coherent
methodology for analyzing compensatory decision-makings. To date, no such coherent
formulation exists for RLM. As a future direction, efforts should be engaged on the work
towards the development of a mathematical model for RLM that can systematically
incorporate the rule induction methodology and comparison of components of the system.
We believe such a model can greatly promote the theoretical understandings of
noncompensatory human decision-makings in relation to the situated task environment.
Ideally, the strength of the Lens Model approach lies not only on its ability to
identify the characteristics of successful performance on a judgment task, but also on its
power to characterize potential performance limitations. In this way, the performance
evaluation through Lens Model measurement can reflect differences on individual
performance, as well as indication on the nature of any performance problem (Bisantz et
al., 2000). In this study, through a laboratory experimental task, we showed that RLM
provided superior model fit to performance under conditions that the use of
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noncompensatory strategy was promoted. However, we noticed that the data collected
from compensatory judgments also fitted well with RLM. It indicates in this case, RLM
failed

to

delineate

the

nature

of

judgment

behaviors

(compensatory

vs.

noncompensatory). Such result is of no surprising because in RLM formulation, the
knowledge representation does not preclude the possibility that compensatory decisions
can be approximated by disjunction of conjunctive rules. This is in analog to the case that
linear formulation can provide good approximation to noncompenstory decisions under
some occasions. Therefore, we suggest that the individual results produced by CLM and
RLM should be taken in precaution when it is used to identify the nature of judgment
behaviors. In future research, combing these two models can be a good practice to
develop indicators for detecting strategy shifts.
For comparison between CLM and RLM in terms of the Lens Model
measurements, it is worthy to point out that the Lens Model parameters in these two
models are measured on different “currencies”, one is correlation coefficient and one is
match frequency. Therefore it is more desirable to develop a functional relationship
between these measurements in order to draw connections between the two models. In
other words, common metrics need to be developed to integrate the evaluation results of
CLM and RLM.
In the end, regarding the empirical experimental study, although the controlled lab
environment provides us good platform to examine judgment activities in relation to
environmental variations, this restricted laboratory environment is clearly insufficient to
establish any conclusion with absolute certainty. In future work, the empirical study
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could be extended to a true operational environment so that the strengths and limitations
of the model could be further explored.

Appendix A
Multiobjective GA Implementation

A.1 Pareto Ranking
ndSort.m
%Non-dominated sorting procedure for an overall population
%Based on Deb (2001) p.43
%Uses a better bookkeeping strategy requiring O(MN2) overall
computational complexity
function [n, S, P] = ndSort()
%For each solution i we calculate two entities
%n(i) - domination count: number of solutions which dominate
solution i
%S(i) - set of solutions which i dominates
%Replicates of algorithm on p.43
%Initialize n(i) and S(i) for all i
global chromosome;
global params;
n = zeros(1, params(1).population_size);
S = cell(1, params(1).population_size);
%Compute n(i) and S(i) for all i
for i=1:params(1).population_size
for j=1:params(1).population_size
if j~=i
cd = checkDominate(i, j);
switch cd
case 1 %i dominates j
S{i}=[S{i} j];
case 2 %j dominates i
n(i)=n(i)+1;
end
end
end
end
%At the end of this procedure, all solutions having dominated
count as zero
%are in the first non-dominated front P(1)
P{1}=[];
for i=1:params(1).population_size
if n(i)==0
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P{1}=[P{1} i];
chromosome(i).front_id=1;
end
end
k=1; %front counter
while length(P{k})~=0
Q=[];
for m=1:length(P{k})
curr_front=P{k};
for a=1:length(S{curr_front(m)})
n(S{curr_front(m)}(a))=n(S{curr_front(m)}(a))-1;
if n(S{curr_front(m)}(a)) == 0;
Q=[Q S{curr_front(m)}(a)];
end
end
end
k=k+1;
P{k}=Q;
for b=1:length(Q)
chromosome(Q(b)).front_id = k;
end
end
%set number of fronts created
params(1).total_fronts = k-1;

checkDominate.m
%check if one solution dominates another
%The solution x1 is said to dominate another solution x2 if
both:
%1. x1 is no worse than x2 in all objectives
%2. x1 is strictly better than x2 in at least one objective
%this function returns:
%1 if the first string dominates the second
%2 if the second string dominates the first
%0 if neither string is dominant
function cd = checkDominate(first_str_id, second_str_id)
%initialize domination counter and tag
global params;
global chromosome;
global function_params;
global MAXIMIZE;
global MINIMIZE;
%function_params = struct('max_value', {}, 'min_value', {},
'objective', {});
first_dominate_count = 0;
second_dominate_count = 0;
for i = 1:params(1).objectives_count
switch function_params(i).objective
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case MAXIMIZE
%objective is to maximize
if chromosome(first_str_id).NSGA_fitness(i) >
chromosome(second_str_id).NSGA_fitness(i)
first_dominate_count = first_dominate_count + 1;
elseif chromosome(first_str_id).NSGA_fitness(i) <
chromosome(second_str_id).NSGA_fitness(i)
second_dominate_count = second_dominate_count +
1;
end
case MINIMIZE %objective is to minimize
if chromosome(first_str_id).NSGA_fitness(i) <
chromosome(second_str_id).NSGA_fitness(i)
first_dominate_count = first_dominate_count + 1;
elseif chromosome(first_str_id).NSGA_fitness(i) >
chromosome(second_str_id).NSGA_fitness(i)
second_dominate_count = second_dominate_count +
1;
end
end
end
%x1 dominates x2 only if both conditions are met (i.e., cannot
simply tie for all objectives)
if (first_dominate_count > 0) && (second_dominate_count == 0)
cd = 1;
%first_str_id dominates second_str_id
elseif (second_dominate_count > 0) && (first_dominate_count ==
0)
cd = 2;
%second_str_id dominates first_str_id
else
cd = 0;
%neither dominates
end

A.2 Sharing, Niching, and Fitness Assignment
AssignParetoFitness.m
%Assign NSGA fitness values to solutions. Subroutine does the
following:
%1. Sorts population of strings into non-dominant fronts
%2. Calculates the normalized Euclidean distance between points
within each front
%3. Assigns the pareto fitness and shared fitness values for
each string
function [] = AssignParetoFitness()
global chromosome;
global params;
global function_params;
global distanceParams;
%conduct non-dominant sort
[n, S, P]=ndSort;
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%reset all fitness values
for i = 1:params(1).population_size
chromosome(i).niche_count = 0;
chromosome(i).fitness = 0;
end
%initialize fmin
fmin = params(1).population_size + params(1).epsilon;
%--------------------------------------------------------------% Using distance based on f(X)
%--------------------------------------------------------------%initialize max and min values for each function
for i = 1:params(1).objectives_count
function_params(i).max_value =
chromosome(1).NSGA_fitness(i);
function_params(i).min_value =
chromosome(1).NSGA_fitness(i);
end
%find maximum and minimum solution values for each function
for i = 1:params(1).population_size
for j = 1:params(1).objectives_count
if function_params(j).max_value <
chromosome(i).NSGA_fitness(j)
function_params(j).max_value =
chromosome(i).NSGA_fitness(j);
end
if function_params(j).min_value >
chromosome(i).NSGA_fitness(j)
function_params(j).min_value =
chromosome(i).NSGA_fitness(j);
end
end
end
%for each pareto-optimal front, calculate distances between
%points in the non-dominant set
for i = 1:params(1).total_fronts
%calculate number of distances needed
num_curr_front_points = length(P{i});
if num_curr_front_points >1 %if more than 1 points on
the current front
distances_count = nchoosek(num_curr_front_points,2);
%initialize counter for distances within each front
curr_count = 0;
%calculate distances between individual points. Use
index starting at 1 and ending with
num_curr_front_points-1
for j = 1:(num_curr_front_points-1)
for k = (j + 1):num_curr_front_points
curr_count = curr_count + 1;
distanceParams(curr_count).distance =
calcFDistance(P{i}(j), P{i}(k));
%set starting point
distanceParams(curr_count).soln_p1 =
P{i}(j);
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%set ending point
distanceParams(curr_count).soln_p2 =
P{i}(k);
%calculate sharing function value
distanceParams(curr_count).sharing_value =
calcSharing(distanceParams(curr_count).distance);
end
end
%calculate niche count
%First, add self-referencing units (i.e., d11, d22,
d33, etc.)
for j = 1:num_curr_front_points
chromosome(P{i}(j)).niche_count =
calcSharing(0);
end
%Next, add all sharing values from each of the
distances
for j = 1:distances_count
chromosome(distanceParams(j).soln_p1).niche_count =
chromosome(distanceParams(j).soln_p1).niche_count +
distanceParams(j).sharing_value;
chromosome(distanceParams(j).soln_p2).niche_count =
chromosome(distanceParams(j).soln_p2).niche_count +
distanceParams(j).sharing_value;
end
else %if only one point on the current front
chromosome(P{i}(1)).niche_count = calcSharing(0);
end
%assign and calculate baseline fitness value (not
considering niching)
if fmin - params(1).epsilon < 0
fcurr = 0;
else
fcurr = fmin - params(1).epsilon;
end
%assign fitness value to each string in the current
frontier according to niching
for j = 1 :num_curr_front_points
chromosome(P{i}(j)).fitness = fcurr /
chromosome(P{i}(j)).niche_count;
%set fmin for future non-dominant frontiers
if chromosome(P{i}(j)).fitness < fmin
fmin = chromosome(P{i}(j)).fitness;
end
end
end
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calcFDistance.m
%calculate normalized Euclidean distance between two solution
points
%NOTE: This function calculates function distance
%ARGUMENTS:
%1. solution 1
%2. solution 2
%OUTPUT:
%distance between solutions in terms of function values
function FDistance = calcFDistance(soln_pointi, soln_pointj)
global params;
global chromosome;
global function_params;
%initialize value
distance_value = 0;
%Sum across all objective functions
for i = 1:params(1).objectives_count
if function_params(i).max_value ~=
function_params(i).min_value
distance_value = distance_value +
((chromosome(soln_pointi).NSGA_fitness(i) chromosome(soln_pointj).NSGA_fitness(i)) /
(function_params(i).max_value - function_params(i).min_value)) ^
2;
else
distance_value = 0;
end
end
FDistance = sqrt(distance_value);

calcSharing.m
%Sharing function (Equation 4.59 in Deb, 2001)
%INPUT ARGUMENT:
%1. distance between two solutions
%OUTPUT:
%sharing function value
function Sharing = calcSharing(distance)
global params;
if distance <= params(1).niche
Sharing = 1 - (distance / params(1).niche);
else
Sharing = 0;
end
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Appendix B
Lower Level Algorithm Implementation

B.1 Fitness Evaluation
evaluateGAFitness_ll.m
function [] = evaluateGAFitness_ll(fitness_function_type)
%fitness_function_type As Integer
global
global
global
global

params;
chromosome;
exemplar;
exemplar_original;

global FIT_PARETO;
%calculate fitness for all chromosomes in the population
for i = 1:params(1).population_size
%rule_count As Integer 'number of rules within string
rule_count = size(chromosome(i).str, 1);
%initialize rule fitness of all chromosomes (note: not
ruleSET fitness)
chromosome(i).utility_matrix = zeros(rule_count,
params(1).rule_length, params(1).exemplar_count);
chromosome(i).match_matrix = zeros(rule_count,
params(1).exemplar_count);
chromosome(i).accuracy_matrix = zeros(rule_count,
params(1).exemplar_count);
chromosome(i).specificity_matrix = zeros(rule_count,
(params(1).rule_length - 1));
chromosome(i).coverage_vector =
zeros(params(1).exemplar_count,1);
chromosome(i).accuracy_vector =
zeros(params(1).exemplar_count,1);
%Assign values to the specificity matrix
for j = 1:rule_count
for k = 1 : (params(1).rule_length-1)
if (chromosome(i).str(j,k)~=0)
chromosome(i).specificity_matrix(j,k)=1;
end
end
end
%compare each rule against all the exemplars in the exemplar
subset
for j = 1:params(1).exemplar_count
for k = 1:rule_count
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match=0;
accuracy = 1;
for l = 1:params(1).rule_length
if l < params(1).rule_length
if (chromosome(i).str(k,l)==0)
chromosome(i).utility_matrix(k,l,j)=1;
else
if (chromosome(i).str(k,l)==exemplar(j,l))
chromosome(i).utility_matrix(k,l,j)=1;
else
chromosome(i).utility_matrix(k,l,j)=0;
end
end
else
if (chromosome(i).str(k,l)==exemplar(j,l))
chromosome(i).utility_matrix(k,l,j)=1;
else
chromosome(i).utility_matrix(k,l,j)=0;
end
end
match = match +
chromosome(i).utility_matrix(k,l,j);
accuracy = accuracy *
chromosome(i).utility_matrix(k,l,j);
end
match = match –
chromosome(i).utility_matrix(k,params(1).rule_length,j);
chromosome(i).match_matrix(k,j) =
match/(params(1).rule_length-1);
chromosome(i).accuracy_matrix(k,j)=accuracy;
end
end
%coverage reflects how well a rule set covers the exemplar
subset just for the condition part.
for j=1:params(1).exemplar_count
chromosome(i).coverage_vector(j) =
max(chromosome(i).match_matrix(:,j));
end
chromosome(i).coverage =
mean(chromosome(i).coverage_vector);
%specificity dimension reflects how specific a rule set is
with respect to the number of match-all
%conditions it contains.
spec = mean(chromosome(i).specificity_matrix,2);
%If a rule set contains all wildcard rules, it will be
eliminated from the population
chromosome(i).specificity = mean(spec);
if chromosome(i).specificity == 0
chromosome(i).spec_cutoff = 0;
else
chromosome(i).spec_cutoff = 1;
end
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%accuracy dimension reflects the degree of correctness by
using a
%rule set to classify a set of exemplars.
for j=1:params(1).exemplar_count
chromosome(i).accuracy_vector(j) =
max(chromosome(i).accuracy_matrix(:,j));
end
chromosome(i).accuracy =
mean(chromosome(i).accuracy_vector);
%****************CALCULATE GLOBAL ERROR RATE****************
[num_exemplar, length_exemplar] = size(exemplar_original);
utility_matrix = zeros(rule_count, length_exemplar,
num_exemplar);
match_matrix = zeros(rule_count, num_exemplar);
accuracy_matrix = zeros(rule_count, num_exemplar);
coverage_vector = zeros(num_exemplar, 1);
accuracy_vector = zeros(num_exemplar, 1);
error_vector = zeros(num_exemplar, 1);
%compare each rule against all exemplars in the original
exemplar set
for j = 1:num_exemplar
for k = 1:rule_count
match=0;
accuracy = 1;
for l = 1:length_exemplar
if l < length_exemplar
if (chromosome(i).str(k,l)==0)
utility_matrix(k,l,j)=1;
else
if (chromosome(i).str(k,l) ==
exemplar_original(j,l))
utility_matrix(k,l,j)=1;
else
utility_matrix(k,l,j)=0;
end
end
else
if (chromosome(i).str(k,l) ==
exemplar_original(j,l))
utility_matrix(k,l,j)=1;
else
utility_matrix(k,l,j)=0;
end
end
match = match + utility_matrix(k,l,j);
accuracy = accuracy * utility_matrix(k,l,j);
end
match = match - utility_matrix(k,length_exemplar,j);
match_matrix(k,j)=match/(length_exemplar-1);
accuracy_matrix(k,j)=accuracy;
end
end
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for j=1:num_exemplar
coverage_vector(j) = max(match_matrix(:,j));
end
for j=1:num_exemplar
accuracy_vector(j) = max(accuracy_matrix(:,j));
end
for j=1:num_exemplar
if (coverage_vector(j)==1)&&(accuracy_vector(j)==0)
error_vector(j)=1;
end
end
chromosome(i).error = mean(error_vector);
%*********************************************************
%Choose option to evaluate fitness
switch fitness_function_type
case FIT_PARETO
if (chromosome(i).spec_cutoff ==
1)&&(chromosome(i).error<=params(1).delta)
chromosome(i).NSGA_fitness(1) =
chromosome(i).accuracy;
chromosome(i).NSGA_fitness(2) =
chromosome(i).specificity;
else
chromosome(i).NSGA_fitness(1) = 0;
chromosome(i).accuracy = 0;
chromosome(i).NSGA_fitness(2) = 0;
end
end
end

B.2 Reproduction
reproduce_proportionate_ll.m
%Reproduce fit strings and eliminate unfit ones
%Based on reproduction_count.
%Need to evaluate fitness before executing this subroutine
function [] = reproduce_proportionate_ll()
global params;
global chromosome;
global GA_REPRODUCE;
%initialize cumulative fitness score
cumulative_fitness = 0;
%aggregate fitness for chromosome operations
for i = 1:params(1).population_size
cumulative_fitness = cumulative_fitness +
chromosome(i).fitness;
end
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%calculate scaled fitness for each string and then
%fit the roulette wheel (Goldberg, 1989)
for i = 1:params(1).population_size
%the fitted roulette values represent the upper bound
%of the interval the string occupies
if cumulative_fitness ~= 0
if (i<2)
chromosome(i).fit_roulette = (chromosome(i).fitness
/ cumulative_fitness);
else
chromosome(i).fit_roulette = (chromosome(i).fitness
/ cumulative_fitness) + chromosome(i –
1).fit_roulette;
end
else
chromosome(i).fit_roulette = 0;
end
%while iterating, reset roulette count
chromosome(i).reproduction_count = 0;
end
%calculate count from roulette wheel
for i = 1:params(1).population_size
roulette_spin = RealRnd(GA_REPRODUCE, 1, 0);
%find the string that fits spin
for j = 1:params(1).population_size
if (j<2)
if (0 < roulette_spin) && (roulette_spin <=
chromosome(j).fit_roulette)
chromosome(j).reproduction_count =
chromosome(j).reproduction_count + 1;
break;
end
else
if (chromosome(j - 1).fit_roulette < roulette_spin) &&
(roulette_spin <= chromosome(j).fit_roulette)
chromosome(j).reproduction_count =
chromosome(j).reproduction_count + 1;
break;
end
end
end
end
%trim all strings with meaningless chromosomes (i.e. all-0). This
is one way to maintain diversity and not to allow large chromosome
growth
if params(1).remove_pound == true
for i = 1:params(1).population_size
if chromosome(i).reproduction_count > 0
removePound(i);
end
end
end
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%check for strings with 0 count and replace with strings with > 1
count
for i = 1:params(1).population_size
if chromosome(i).reproduction_count == 0
for j = 1:params(1).population_size
if chromosome(j).reproduction_count > 1
chromosome(i).str = chromosome(j).str;
%decrease/increase count after contribution
chromosome(j).reproduction_count =
chromosome(j).reproduction_count - 1;
chromosome(i).reproduction_count =
chromosome(i).reproduction_count + 1;
break;
end
end
end
end
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Appendix C
Upper Level Algorithm Implementation

C.1 Initial Population Generation
randomizeHLPopulation.m
%Initialize population for higher level algorithm from the initial
%population pool produced by lower level algorithm
%Input: population size
%
hlevel_start_pop
function []= randomizeHLPopulation(hl_population_size)
global hlevel_start_pop; %external rule set storing all best
rules from the lower level algorithm
global params;
global chromosome;
global GA_NEWSTRING
Q = size(hlevel_start_pop);
if Q(1) < params(1).max_str_len
params(1).max_str_len = Q(1);
end
frmMisc_original=1:Q(1);
%selection w/o replacement to pick max_str_len number of rules
for i = 1:hl_population_size
rule_set = [];
rule_flag_set = [];
frmMisc = frmMisc_original;
for j = 1:params(1).max_str_len
%randomly pick first mate
tempSize=length(frmMisc);
tmp = IntegerRnd(GA_NEWSTRING, tempSize, 1);
rule_number = frmMisc(tmp);
rule_set = [rule_set; hlevel_start_pop(rule_number,:)];
frmMisc(tmp)=[];
temp_flag = 1;
rule_flag_set = [rule_flag_set temp_flag];
end
chromosome(i).str = rule_set;
chromosome(i).fitness = 0;
chromosome(i).flag = rule_flag_set;
end
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C.2 Fitness Evaluation
evaluateGAFitness_hl.m
%Evaluate fitness of each individual in the population
%Input: fitness_function_type
function [] = evaluateGAFitness_hl(fitness_function_type)
%fitness_function_type As Integer
global
global
global
global

params;
chromosome;
exemplar;
FIT_PARETO;

%calculate fitness for all individuals in the population
for i = 1:params(1).population_size
%initialize counters for each rule
rule_count=size(chromosome(i).str, 1); %number of rules
%initialize rule fitness of all chromosomes (note: not
ruleSET fitness)
chromosome(i).utility_matrix = zeros(rule_count,
params(1).rule_length, params(1).exemplar_count);
chromosome(i).match_matrix = zeros(rule_count,
params(1).exemplar_count);
chromosome(i).accuracy_matrix = zeros(rule_count,
params(1).exemplar_count);
chromosome(i).specificity_matrix = zeros(rule_count,
(params(1).rule_length - 1));
chromosome(i).accuracy_vector =
zeros(params(1).exemplar_count,1);
chromosome(i).coverage_vector =
zeros(params(1).exemplar_count,1);
chromosome(i).error_vector =
zeros(params(1).exemplar_count,1);
for j = 1:rule_count
for k = 1 : (params(1).rule_length-1)
if (chromosome(i).str(j,k)~=0)
chromosome(i).specificity_matrix(j,k)=1;
end
end
end
%compare each rule against all the exemplars
for j = 1:params(1).exemplar_count
for k = 1:rule_count
match=0;
accuracy = 1;
for l = 1:params(1).rule_length
if l < params(1).rule_length
if (chromosome(i).str(k,l)==0)
chromosome(i).utility_matrix(k,l,j)=1;
else
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if (chromosome(i).str(k,l) ==
exemplar(j,l))
chromosome(i).utility_matrix(k,l,j)=1;
else
chromosome(i).utility_matrix(k,l,j)=0;
end
end
else
if (chromosome(i).str(k,l)==exemplar(j,l))
chromosome(i).utility_matrix(k,l,j)=1;
else
chromosome(i).utility_matrix(k,l,j)=0;
end
end
match = match +
chromosome(i).utility_matrix(k,l,j);
accuracy = accuracy *
chromosome(i).utility_matrix(k,l,j);
end
match = match –
chromosome(i).utility_matrix(k,params(1).rule_length,j);
chromosome(i).match_matrix(k,j) =
match/(params(1).rule_length-1);
chromosome(i).accuracy_matrix(k,j)=accuracy;
end
end
%coverage calculation for each rule set
for j=1:params(1).exemplar_count
max_match = -1;
for k = 1:rule_count
if max_match < (chromosome(i).match_matrix(k,j)) *
(chromosome(i).flag(k))
max_match = chromosome(i).match_matrix(k,j) *
chromosome(i).flag(k);
end
end
chromosome(i).coverage_vector(j) = max_match;
end
chromosome(i).coverage =
mean(chromosome(i).coverage_vector);
%specificity reflects how specific a rule set is with respect to
the number of match-all conditions it contains.
spec = mean(chromosome(i).specificity_matrix, 2);
min_spec = 1;
for k=1:rule_count
if chromosome(i).flag(k) ~= 0
if min_spec > spec(k)
min_spec = spec(k);
end
end
end
if min_spec ==0
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chromosome(i).spec_cutoff = 0;
else
chromosome(i).spec_cutoff = 1;
end
cum_spec = 0;
for k=1:rule_count
if chromosome(i).flag(k) ~= 0
cum_spec = cum_spec + spec(k);
end
end
chromosome(i).specificity = cum_spec/rule_count;
%parsimony dimension reflects the goodness of a rule set in
Terms of the necessity of each rule.
pars = max(chromosome(i).accuracy_matrix, [], 2);
cum_par = 0;
for k = 1:rule_count
cum_par = cum_par + pars(k)*chromosome(i).flag(k);
end
if sum(chromosome(i).flag)==0
chromosome(i).parsimony = 0;
else
chromosome(i).parsimony =
cum_par/sum(chromosome(i).flag);
end
%accuracy dimension reflects the degree of correctness by
using a rule set to classify a set of exemplars.
for j=1:params(1).exemplar_count
max_accuracy = -1;
for k = 1:rule_count
if max_accuracy < chromosome(i).accuracy_matrix(k,j)
* chromosome(i).flag(k)
max_accuracy =
chromosome(i).accuracy_matrix(k,j) *
chromosome(i).flag(k);
end
end
chromosome(i).accuracy_vector(j) = max_accuracy;
end
chromosome(i).accuracy =
mean(chromosome(i).accuracy_vector);
%error dimension
for j=1:params(1).exemplar_count
if (chromosome(i).coverage_vector(j)==1) &&
(chromosome(i).accuracy_vector(j)==0)
chromosome(i).error_vector(j)=1;
end
end
chromosome(i).error = mean(chromosome(i).error_vector);
% number of rules
chromosome(i).compactness =
sum(chromosome(i).flag)/params(1).max_str_len;
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%Choose option to evaluate fitness
switch fitness_function_type
case FIT_PARETO
if (chromosome(i).spec_cutoff == 1)
chromosome(i).NSGA_fitness(1) =
chromosome(i).accuracy;
chromosome(i).NSGA_fitness(2) =
chromosome(i).error;
chromosome(i).NSGA_fitness(3) =
chromosome(i).compactness;
chromosome(i).NSGA_fitness(4) =
chromosome(i).specificity;
chromosome(i).NSGA_fitness(5) =
chromosome(i).parsimony;
else
chromosome(i).NSGA_fitness(1) =
chromosome(i).NSGA_fitness(2) =
chromosome(i).NSGA_fitness(3) =
chromosome(i).NSGA_fitness(4) =
chromosome(i).NSGA_fitness(5) =
chromosome(i).accuracy = 0;
end
end
end

C.3 Trim Rule Set
removeRepeat.m
%Removes repeating substring
function [] = removeRepeat(chromosome_num)
%whole_str As Matrix, sub_len As Integer
%comp_str As Vector 'comparison string
%rest_str As Matrix 'rest of whole string
%mod_number As Integer
'modulus value
global chromosome;
whole_str = chromosome(chromosome_num).str;
flag = chromosome(chromosome_num).flag;
size_whole = size(whole_str);
%get modulus number
mod_number = size_whole(1);
%initialize temporary strings
if mod_number > 1
%loop
for i = 1 : (mod_number-1)
%grab the ith sub-string
comp_str = whole_str(i,:);

0;
0;
0;
0;
0;
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comp_flag = flag(i);
%get the rest string
rest_str = whole_str((i+1):mod_number,:);
%check if sub-string is in rest of string
start = InStr(rest_str, comp_str);
if (start > 0)&&(comp_flag == 1)
%if yes, change corresponding flag value to 0
flag(i) = 0;
flag(i+start) = 1;
end
end
chromosome(chromosome_num).flag = flag;
end
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Appendix D
Monk-I Problem
The concept description for positive instances in the monk-I problem is (jacket color =
red) ∨ (head shape = body shape). This description is in disjunctive normal form and it is
assumed to be learned easily by rule induction algorithms. However, there exists
interactions between the first two attributes and only one value of the jacket color
attribute is useful. A rule set produced by RLM-RI based on the 124 training instances is
shown in Table D-1.
Table D-1: A rule set produced by RLM-RI for monk-I dataset.
Rule No. Rule
1

𝑗𝑎𝑐𝑘𝑒𝑡 𝑐𝑜𝑙𝑜𝑟 = 𝑟𝑒𝑑 → (𝑐𝑙𝑎𝑠𝑠 = 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒)

2

𝑒𝑎𝑑 𝑠𝑎𝑝𝑒 = 𝑜𝑐𝑡𝑎𝑔𝑜𝑛 ∧ 𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑜𝑐𝑡𝑎𝑔𝑜𝑛 → (𝑐𝑙𝑎𝑠𝑠 = 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒)

3

𝑒𝑎𝑑 𝑠𝑎𝑝𝑒 = 𝑠𝑞𝑢𝑎𝑟𝑒 ∧ 𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑠𝑞𝑢𝑎𝑟𝑒 → (𝑐𝑙𝑎𝑠𝑠 = 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒)

4

𝑒𝑎𝑑 𝑠𝑎𝑝𝑒 = 𝑟𝑜𝑢𝑛𝑑 ∧ 𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑟𝑜𝑢𝑛𝑑 → (𝑐𝑙𝑎𝑠𝑠 = 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒)

5

𝑒𝑎𝑑 𝑠𝑎𝑝𝑒 = 𝑠𝑞𝑢𝑎𝑟𝑒 ∧ 𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑟𝑜𝑢𝑛𝑑 ∧ 𝑠𝑚𝑖𝑙𝑖𝑛𝑔 = 𝑛𝑜 → (𝑐𝑙𝑎𝑠𝑠 = 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒)

6

𝑒𝑎𝑑 𝑠𝑎𝑝𝑒 = 𝑟𝑜𝑢𝑛𝑑 ∧ 𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑠𝑞𝑢𝑎𝑟𝑒 ∧ 𝑠𝑚𝑖𝑙𝑖𝑛𝑔 = 𝑛𝑜 → (𝑐𝑙𝑎𝑠𝑠 = 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒)

7
8
9
10
11
12
13
14
15
16

𝑒𝑎𝑑 𝑠𝑎𝑝𝑒 = 𝑟𝑜𝑢𝑛𝑑 ∧ 𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑜𝑐𝑡𝑎𝑔𝑜𝑛 ∧ 𝑗𝑎𝑐𝑘𝑒𝑡 𝑐𝑜𝑙𝑜𝑢𝑟 = 𝑏𝑙𝑢𝑒 → (𝑐𝑙𝑎𝑠𝑠 =
𝑛𝑎𝑔𝑎𝑡𝑖𝑣𝑒)
𝑒𝑎𝑑 𝑠𝑎𝑝𝑒 = 𝑟𝑜𝑢𝑛𝑑 ∧ 𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑜𝑐𝑡𝑎𝑔𝑜𝑛 ∧ 𝑗𝑎𝑐𝑘𝑒𝑡 𝑐𝑜𝑙𝑜𝑢𝑟 = 𝑦𝑒𝑙𝑙𝑜𝑤 → (𝑐𝑙𝑎𝑠𝑠 =
𝑛𝑎𝑔𝑎𝑡𝑖𝑣𝑒)
𝑒𝑎𝑑 𝑠𝑎𝑝𝑒 = 𝑜𝑐𝑡𝑎𝑔𝑜𝑛 ∧ 𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑟𝑜𝑢𝑛𝑑 ∧ 𝑗𝑎𝑐𝑘𝑒𝑡 𝑐𝑜𝑙𝑜𝑢𝑟 = 𝑦𝑒𝑙𝑙𝑜𝑤 → (𝑐𝑙𝑎𝑠𝑠 =
𝑛𝑎𝑔𝑎𝑡𝑖𝑣𝑒)
𝑒𝑎𝑑 𝑠𝑎𝑝𝑒 = 𝑠𝑞𝑢𝑎𝑟𝑒 ∧ 𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑜𝑐𝑡𝑎𝑔𝑜𝑛 ∧ 𝑗𝑎𝑐𝑘𝑒𝑡 𝑐𝑜𝑙𝑜𝑢𝑟 = 𝑔𝑟𝑒𝑒𝑛 → (𝑐𝑙𝑎𝑠𝑠 =
𝑛𝑎𝑔𝑎𝑡𝑖𝑣𝑒)
𝑒𝑎𝑑 𝑠𝑎𝑝𝑒 = 𝑠𝑞𝑢𝑎𝑟𝑒 ∧ 𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑟𝑜𝑢𝑛𝑑 ∧ 𝑗𝑎𝑐𝑘𝑒𝑡 𝑐𝑜𝑙𝑜𝑢𝑟 = 𝑏𝑙𝑢𝑒 → (𝑐𝑙𝑎𝑠𝑠 =
𝑛𝑎𝑔𝑎𝑡𝑖𝑣𝑒)
𝑠𝑚𝑖𝑙𝑖𝑛𝑔 = 𝑦𝑒𝑠 ∧ 𝑜𝑙𝑑𝑖𝑛𝑔 = 𝑏𝑎𝑙𝑙𝑜𝑜𝑛 ∧ 𝑗𝑎𝑐𝑘𝑒𝑡 𝑐𝑜𝑙𝑜𝑢𝑟 = 𝑔𝑟𝑒𝑒𝑛 ∧ 𝑤𝑒𝑎𝑟𝑖𝑛𝑔 𝑡𝑖𝑒 = 𝑦𝑒𝑠 →
(𝑐𝑙𝑎𝑠𝑠 = 𝑛𝑎𝑔𝑎𝑡𝑖𝑣𝑒)
𝑒𝑎𝑑 𝑠𝑎𝑝𝑒 = 𝑟𝑜𝑢𝑛𝑑 ∧ 𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑠𝑞𝑢𝑎𝑟𝑒 ∧ 𝑗𝑎𝑐𝑘𝑒𝑡 𝑐𝑜𝑙𝑜𝑢𝑟 = 𝑏𝑙𝑢𝑒 → (𝑐𝑙𝑎𝑠𝑠 =
𝑛𝑎𝑔𝑎𝑡𝑖𝑣𝑒)
𝑒𝑎𝑑 𝑠𝑎𝑝𝑒 = 𝑟𝑜𝑢𝑛𝑑 ∧ 𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑠𝑞𝑢𝑎𝑟𝑒 ∧ 𝑗𝑎𝑐𝑘𝑒𝑡 𝑐𝑜𝑙𝑜𝑢𝑟 = 𝑦𝑒𝑙𝑙𝑜𝑤 → (𝑐𝑙𝑎𝑠𝑠 =
𝑛𝑎𝑔𝑎𝑡𝑖𝑣𝑒)
𝑒𝑎𝑑 𝑠𝑎𝑝𝑒 = 𝑟𝑜𝑢𝑛𝑑 ∧ 𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑜𝑐𝑡𝑎𝑔𝑜𝑛 ∧ 𝑗𝑎𝑐𝑘𝑒𝑡 𝑐𝑜𝑙𝑜𝑢𝑟 = 𝑔𝑟𝑒𝑒𝑛 → (𝑐𝑙𝑎𝑠𝑠 =
𝑛𝑎𝑔𝑎𝑡𝑖𝑣𝑒)
𝑠𝑚𝑖𝑙𝑖𝑛𝑔 = 𝑦𝑒𝑠 ∧ 𝑜𝑙𝑑𝑖𝑛𝑔 = 𝑏𝑎𝑙𝑙𝑜𝑜𝑛 ∧ 𝑗𝑎𝑐𝑘𝑒𝑡 𝑐𝑜𝑙𝑜𝑢𝑟 = 𝑦𝑒𝑙𝑙𝑜𝑤 → (𝑐𝑙𝑎𝑠𝑠 = 𝑛𝑎𝑔𝑎𝑡𝑖𝑣𝑒)
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17
18
19
20
21
22
23
24

𝑒𝑎𝑑 𝑠𝑎𝑝𝑒 = 𝑟𝑜𝑢𝑛𝑑 ∧ 𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑠𝑞𝑢𝑎𝑟𝑒 ∧ 𝑗𝑎𝑐𝑘𝑒𝑡 𝑐𝑜𝑙𝑜𝑢𝑟 = 𝑔𝑟𝑒𝑒𝑛 → (𝑐𝑙𝑎𝑠𝑠 =
𝑛𝑎𝑔𝑎𝑡𝑖𝑣𝑒)
𝑒𝑎𝑑 𝑠𝑎𝑝𝑒 = 𝑠𝑞𝑢𝑎𝑟𝑒 ∧ 𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑟𝑜𝑢𝑛𝑑 ∧ 𝑗𝑎𝑐𝑘𝑒𝑡 𝑐𝑜𝑙𝑜𝑢𝑟 = 𝑔𝑟𝑒𝑒𝑛 → (𝑐𝑙𝑎𝑠𝑠 =
𝑛𝑎𝑔𝑎𝑡𝑖𝑣𝑒)
𝑒𝑎𝑑 𝑠𝑎𝑝𝑒 = 𝑜𝑐𝑡𝑎𝑔𝑜𝑛 ∧ 𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑠𝑞𝑢𝑎𝑟𝑒 ∧ 𝑗𝑎𝑐𝑘𝑒𝑡 𝑐𝑜𝑙𝑜𝑢𝑟 = 𝑏𝑙𝑢𝑒 → (𝑐𝑙𝑎𝑠𝑠 =
𝑛𝑎𝑔𝑎𝑡𝑖𝑣𝑒)
𝑒𝑎𝑑 𝑠𝑎𝑝𝑒 = 𝑜𝑐𝑡𝑎𝑔𝑜𝑛 ∧ 𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑠𝑞𝑢𝑎𝑟𝑒 ∧ 𝑗𝑎𝑐𝑘𝑒𝑡 𝑐𝑜𝑙𝑜𝑢𝑟 = 𝑦𝑒𝑙𝑙𝑜𝑤 → (𝑐𝑙𝑎𝑠𝑠 =
𝑛𝑎𝑔𝑎𝑡𝑖𝑣𝑒)
𝑒𝑎𝑑 𝑠𝑎𝑝𝑒 = 𝑜𝑐𝑡𝑎𝑔𝑜𝑛 ∧ 𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑟𝑜𝑢𝑛𝑑 ∧ 𝑗𝑎𝑐𝑘𝑒𝑡 𝑐𝑜𝑙𝑜𝑢𝑟 = 𝑔𝑟𝑒𝑒𝑛 → (𝑐𝑙𝑎𝑠𝑠 =
𝑛𝑎𝑔𝑎𝑡𝑖𝑣𝑒)
𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑜𝑐𝑡𝑎𝑔𝑜𝑛 ∧ 𝑜𝑙𝑑𝑖𝑛𝑔 = 𝑏𝑎𝑙𝑙𝑜𝑜𝑛 ∧ 𝑗𝑎𝑐𝑘𝑒𝑡 𝑐𝑜𝑙𝑜𝑢𝑟 = 𝑦𝑒𝑙𝑙𝑜𝑤 → (𝑐𝑙𝑎𝑠𝑠 =
𝑛𝑎𝑔𝑎𝑡𝑖𝑣𝑒)
𝑒𝑎𝑑 𝑠𝑎𝑝𝑒 = 𝑜𝑐𝑡𝑎𝑔𝑜𝑛 ∧ 𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑠𝑞𝑢𝑎𝑟𝑒 ∧ 𝑗𝑎𝑐𝑘𝑒𝑡 𝑐𝑜𝑙𝑜𝑢𝑟 = 𝑔𝑟𝑒𝑒𝑛 → (𝑐𝑙𝑎𝑠𝑠 =
𝑛𝑎𝑔𝑎𝑡𝑖𝑣𝑒)
𝑒𝑎𝑑 𝑠𝑎𝑝𝑒 = 𝑠𝑞𝑢𝑎𝑟𝑒 ∧ 𝑏𝑜𝑑𝑦 𝑠𝑎𝑝𝑒 = 𝑜𝑐𝑡𝑎𝑔𝑜𝑛 ∧ 𝑗𝑎𝑐𝑘𝑒𝑡 𝑐𝑜𝑙𝑜𝑢𝑟 = 𝑏𝑙𝑢𝑒 → (𝑐𝑙𝑎𝑠𝑠 =
𝑛𝑎𝑔𝑎𝑡𝑖𝑣𝑒)
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Appendix E
Phase I Experimental Results and Analysis

E.1 Performance Extrapolation from the Learning Curve
Two sets of learning curves were generated for each individual subject corresponding to
his/her performance on task completion time and accuracy. The general power model was
used to fit the learning curves and performance characteristics for the task learning were
extrapolated.

E.1.1 Learning Curve: Task Completion Time
For task completion time, an overall decreasing trend was found for all participants. The
decreasing rate was steeper for the first few trials and the completion time tended to
flatten out over the last few trials. One example of the typical learning curve is given in
Figure E-1 (see “Original Data”). If we assume each subject has no experience prior to
the start of the training, the learning curve parameters can be estimated from the actual
experimental data. Since it is impossible to estimate more than two unknown parameters
from linear regression, we first need to transform the problem space into Eq. E.1.
𝑇 = 𝐴 + 𝐵𝑋 where 𝑋 = (𝑁 + 𝐸)−𝛼 = 𝑁 −𝛼

(E.1)

In the transformed space, we search through 𝛼 ∈ [0,1]. For a fixed value α′, A and B can
be determined by the ordinary least squares approach. All unknown parameters can be
estimated by solving the following optimization problem.
Minimize
Subject to:

16
i=1(T

− A − BN −α )2

0≤α≤1

An example of the curve fitting and parameter estimation is given in Figure E-1. The
optimal learning rate α∗ was found to be 1. A value calculated under the optimal α∗ was
defined as the asymptotic task completion time. The theoretical range of performance
time D was defined as the difference between the estimated performance time on the 1 st
trial and the asymptotic task completion time. In this study, the point where the subjects
were considered as sufficiently trained on the experimental task in terms of task
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completion time was established based on the number of training trials they received. If
we found that beginning from trial 𝑇 ∗ , the task completion time for all subsequent trials
fell within the interval of [A, A + β × D] ( β ∈ [0,1]), we say it took 𝑇 ∗ trials to train the
subject to reach the steady state performance on time completion time.
300

Estimated
performance time
on the 1st trial (sec)

Task Completion Time

250

200

Original Data

Range of
performance time,
D (theoretical)

150

Fitted Curve
100

50

0

Asymptotic task
completion time, A
(sec)

* = 1; A = 46.1
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8

10

12

14

16
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Figure E-1: Curve Fitting Example for the Task Completion Time.

E.1.2 Learning Curve: Accuracy
A typical learning curve for accuracy performance is given in Figure E-2 (see “Original
Data”). The power model we used to fit the accuracy learning curve is given in Eq. E.2.
𝑅 = 𝑃 + 𝑄𝑁𝜇

(E.2)

R is the accuracy performance of the Nth trial. P and Q are the unknown parameters and 𝜇
is the learning rate. Positive number of 𝜇 indicates an increasing curve.
Same procedures as for the task completion time were used to estimate the unknown
parameters. Figure E-2 gives the fitting curve result of this example. For all 40 subjects,
we found that the optimal learning rates 𝜇′ were the same, and the value was 1. Such
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results indicated that the best fitted curve for accuracy over task trials was a straight line,
and it held for all subjects. By visual inspection, we suspected that the linear relationship
between accuracy and task trial does not hold. Examining the R2 values of the fitted
regression models (corresponding to the best fitted curves) we found the average R2 was
5.66%. As such, we concluded that the learning curve in terms of accuracy represented a
random pattern. The randomness was most likely a result of the probabilistic task
environments.
1
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Figure E-2: Curve Fitting Example for Accuracy.

Based on the results, we argue that subjects learned rapidly and early in terms of
understanding the ecological structures. They were able to use the correct relationships to
make their judgments throughout the experiment. Learning primarily occurred from the
perspective of time needed to complete the tasks.

E.2 Results Analysis through Hypothesis Testing
The primary research questions that we want to investigate in the phase I experimental
study were addressed through hypothesis testing. The Analyses of Variance (ANOVAs)
were used to analyze the factorial design. For each subject, performance data was fitted
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into the power law learning curve from which appropriate measures were developed as
the response variables for the statistical analysis.
Hypothesis 1: Ecological structure and cue presentation affect the asymptotic task
completion time.

Mean Completion Time as
Learning Approaches
Asymptote A (second)

A (see the general formula of power law, Eq. 5.1) was chosen as the response variable to
test the hypothesis that the completion time when learning approaches asymptote is
affected by the ecological organizing principle and cue presentation. As was mentioned
in the previous section, A was estimated by the least squares method for each subject. The
results are summarized in Figure E-3.
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Figure E-3: Mean completion time when learning approaches asymptote for each subject
group.
The results of ANOVA showed that the main effect of ecological structure was
significant with F0(1, 36) = 8.82, p = 0.005 but the cue presentation was not significant
given that F0(1, 36) = 1.71, p = 0.199. The two-way interaction of ecological structure
and cue presentation was also not significant, F0(1, 36) = 2.83, p = 0.101.
For the effect of the ecological organizing principle, the factor plot is shown in Figure E4. Tukey’s test was used to discover the specific difference of A between the two types of
ecologies. Result indicated that the asymptotic completion time for subjects performing
in the tested rule-based ecology is longer than that of subjects performing in the tested
linear-additive ecology.

Mean Completion Time as
Learning Approaches
Asymptote A (second)
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Figure E-4: Factor plot of the effect of ecological structure in terms of the asymptotic
completion time.
Hypothesis 2: Ecological structure and cue presentation have impact on the training in
terms of number of trials to acquire a steady state performance.
The response for the second hypothesis testing that the ecological structure and cue
presentation have impact on the training to acquire a steady performance was measured
in terms of the number of trials. More specifically, for each individual participant, we
recorded the index for the first trial such that the completion times for all the following
trials are within the interval [A, A+β×D]. The analyses were performed for three different
β values, 10%, 15%, and 20%.
1. β = 10%
For each subject group, the mean number of trials required to reach the steady state
performance is shown in Figure E-5. Analysis of the factorial design showed that the
main effect of cue presentation was significant with F0(1, 36) = 5.22, p = 0.028 as well as
the interaction effect of ecological structure × cue presentation, F0(1, 36) = 5.22, p =
0.028. However, the main effect of ecological structure was not significant, F0(1, 36) =
2.08, p = 0.158.
To further explore the effect difference between the two presentations of cue information,
results of Tukey’s test showed that the number of trials to reach the steady state
performance (A ≤ completion time ≤ A+10%×D) was longer for the continuous
presentation than the categorical presentation (see Figure E-6). Due to the significant
interaction effect, the aforementioned number of trials was the longest for subjects
performing in linear-additive ecology with continuous cue presentation, while the
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shortest number of trials occurred at situations where subjects performed in linearadditive ecology with categorical cue presentation.
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Figure E-5: Mean number of trials for the completion time to fall into interval [A,
A+10%×D] for each subject group.
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Figure E-6: Factor plot of the effect of cue presentation in terms of number of trials to
reach the steady state performance, A ≤ completion time ≤ A+10%×D.
2. β = 15%
Similar analysis was conducted for the number of trials required for the completion time
to reach steady state interval of [A, A+15%×D]. Result indicated only the main effect of
cue presentation was significant with F0(1, 32) = 5.33, p = 0.028. The main effect of
ecological structure was not significant, F0(1, 32) = 0.48, p = 0.493, neither did the
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interaction effect of ecological structure × cue presentation, F0(1, 32) = 1.01, p = 0.323.
The general result is shown in Figure E-7.
The pair wise comparison through Tukey’s test suggested subjects tend to need more
number of trials for their completion time to stabilize in interval [A, A+15%×D] when
the cues are presented as continuous values than categorical values (see Figure E-8),
while this number did not depend on the task ecological structure.
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Figure E-7: Mean number of trials for the completion time to fall into interval [A,
A+15%×D] for each subject group.
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Figure E-8: Factor plot of the effect of cue presentation in terms of number of trials to
reach the steady state performance, A ≤ completion time ≤ A+15%×D.
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3. β = 20%
When the steady state performance band for the completion time was enlarged to [A,
A+20%×D], both main effects and interaction effect are found to be not significant. For
main effect of ecological structure, F0(1, 36) = 0.13, p = 0.725. For factor cue
presentation, F0(1, 36) = 1.53, p = 0.223. For the two-way interaction, F0(1, 36) = 0.07, p
= 0.792. Figure E-9 gives the summary statistics result.
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Figure E-9: Mean number of trials for the completion time to fall into interval [A,
A+20%×D] for each subject group.
The above analyses suggested cue presentation affects the number of training trials to
acquire the steady state performance; however the number of trials does not depend on
the ecological structure. Continuous cue presentation tends to require more training trials
than the categorical presentation for the performance to be stabilized with respect to the
completion time.
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Appendix F
Phase I Experiment Informed Consent Form
INFORMED CONSENT FORM FOR SOCIAL SCIENCE RESEARCH
The Pennsylvania State University
Title of Project: Investigating Compensatory and Noncompensatory
Decision Making Strategies in Dynamic Task Environments
Principal Investigator:

Other Investigator(s):

Prof. Ling Rothrock, Assistant Professor.
210 Leonard Building
865-7241; lrothroc@psu.edu
Jing Yin
240 Leonard Building
865-9984; jxy178@psu.edu

ORP USE ONLY: IRB#19395 Doc.#1
The Pennsylvania State University
Office for Research Protections
Approval Date: 09/08/05 T. Kahler
Expiration Date: 09/07/06 T. Kahler
Social Science Institutional Review Board

1.

The purpose of the project is to examine the differences between modes of decision making in a
dynamic task domain. Past research suggests that decision-makers primarily use two forms of
strategies: a weighted strategy in which some factors are weighted with respect others and a rule-based
strategy in which factors are selected based on simple rules of thumb. The primary research hypothesis
is that task and environmental factors such as cognitive workload and scenario complexity promotes
different modes of decision making.

2.

If you agree to take part in this research, you will be asked to control a human-in-the-loop simulation
in which you are playing the role of an Air traffic coordinator. The simulation will be used to
investigate the mode of decision making you utilize under different task conditions. The NASA Task
Load Index (TLX) Rating test will also be administered during the experiment to assess the amount of
work you are experiencing.
You will be participating with approximately 40 other students and your data will be used to build
inductive inference models of human decision making.

3.

In participating in this research, you may experience minimal fatigue from working at the computer.
You are free to take a break at any time during the experiment if necessary.

4.

In conducting this research, we hope to better understand how different framing effects and time
pressure change your judgment behavior. The benefits to society include improving the future design
and development of training systems and device to avoid decision inconsistencies.

5.

Your participation in this research will take approximately 2-2.5 hours to complete the simulation
scenarios and the NASA TLX rating test.

6.

Your participation in this research is confidential. Only the person in charge will have access to your
identity and to information that can be associated with your identity. In the event of publication of this
research, no personally identifying information will be disclosed. To make sure your participation is
confidential; you will be assigned a code number before you begin your experiment. Only the
researchers can match names with code numbers. The Office for Research Protections and the Social
Science Institutional Review Board may review records related to this project.
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7.

You have the right to ask questions about the research procedures, and these questions will be
answered by the investigator. Further questions or complaints can be directed to Dr. Ling Rothrock
(lrothroc@psu.edu, 865-7241). If you have any further questions about your rights as a research
participant, please contact the Penn State’s Office for Research Protections at (814) 865-1775.

8.

Compensation: In return for your participation, you will receive $20.00. Compensation will be paid
only upon completion of the experiment. If you decide not to continue in the middle of the experiment
your compensation will not be prorated.

9.

Participation in this experiment is voluntary. You are free to stop participating in the research at any
time, or to decline to answer any specific questions.

10. This study involves no risks to your physical or mental health beyond those encountered in the normal
course of everyday life.
Participant:
I agree to participate in a scientific investigation to examine the differences between compensatory and
noncompensatory modes of decision making in a dynamic task domain as an authorized part of the
education and research program of The Pennsylvania State University.
I understand the information given to me, and I have received answers to any questions I may have had
about the research procedure. I understand and agree to the conditions of this study as described.
I understand that I will receive $20.00 for participating in this study.
I understand that my participation in this research is voluntary, and that I may withdraw from this study at
any time by notifying the person in charge.
I am 18 years of age or older.
I understand that I will receive a signed copy of this consent form.

______________________________________
Participant Signature

_____________________
Date

I, the undersigned, verify that the above informed consent procedure has been followed, and that I have
answered any questions from the participant above as fully as possible.

______________________________________
Investigator Signature

_____________________
Date
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Appendix G
Phase II Experiment Informed Consent Form
Informed Consent Form for Social Science Research
The Pennsylvania State University

ORP USE ONLY: IRB#24286 Doc.#1
The Pennsylvania State University
Office for Research Protections
Approval Date: 12-01-2006 DWM
Expiration Date: 11-06-2007 DWM
Social Science Institutional Review Board

Title of Project:

Investigating Compensatory and Noncompensatory
Decision Making Strategies in Dynamic Task Environments

Principal Investigator:

Ling Rothrock, Assistant Professor
210 Leonhard Building
University Park, PA 16802
(814) 865-7241; lrothroc@psu.edu

Other Investigator(s):

Jing Yin
240 Leonhard Building
University Park, PA 16802
(814) 880-2449; jxy178@psu.edu

1.

Purpose of the Study: The purpose of the project is to examine the differences between modes of
decision making in a dynamic task domain. Previous research suggests that decision-makers primarily
use two forms of strategies: a weighted strategy in which some factors are weighed with respect to
others and a rule-based strategy in which factors are selected based on simple rules of thumb. The
primary research hypothesis is that task and environmental factors such as task workload and scenario
complexity promote different modes of decision making.

2.

Procedures to be followed: If you agree to take part in this study, you will be asked to take a pretest
to determine if you are able to handle the computer interface used in this study. If you pass the pretest,
you will be asked to control a human-in-the-loop computer simulation in which you are playing the
role of an Air traffic coordinator; otherwise you are not qualified for this study. A general orientation
briefing will be provided at the beginning of the experiment which covers the information including
the introduction to the simulation platform, a detailed description of its graphic user interface and the
menu options. The simulation will be used to investigate the mode of decision making you utilize
under different task conditions. The NASA Task Load Index (TLX) Rating test will also be
administered during the experiment to assess the amount of work you are experiencing.

3.

Discomforts and Risks: In participating in this research, you may experience minimal fatigue from
working with computer. You are free to take a break at any time during the experiment if necessary.

4.

Benefits: In conducting this research, we hope to better understand how different framing effects and
time pressure change your judgment behavior. The benefits to society include improving the future
design and development of training systems and device to avoid decision inconsistencies.

5.

Duration/Time: It will take approximately 2 hours to complete the simulation scenarios and the
NASA TLX rating test.

6.

Statement of Confidentiality: Your participation in this research is confidential. Only the person in
charge, and his assistants, will have access to your identity and to information that can be associated
with your identity. The data will be stored and secured at locked file cabinets. The following may
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review and copy records related to this research: The Office of Human Research Protections in the
U.S. Department of Health and Human Services, Penn State University’s Social Science Institutional
Review Board, and Penn State University’s Office for Research Protections. In the event of a
publication or presentation resulting from the research, no personally identifiable information will be
shared.
7.

Right to Ask Questions: You can ask questions about this research. Contact Prof. Ling Rothrock at
(814) 865-7241 with questions. You can also call this number if you have complaints or concerns
about this research. If you have any further questions about your rights as a research participant, or you
have concerns or general questions about the research, contact Penn State University’s Office for
Research Protections at (814) 865-1775. You may also call this number if you cannot reach the
research team or wish to talk to someone else.

8.

Payment for participation: You will receive $15.00 for your participation. Compensation will be
paid only upon completion of the experiment. If you decide not to continue in the middle of the
experiment your compensation will not be prorated.

9.

Voluntary Participation: Your decision to be in this research is voluntary. You are free to stop at any
time. You do not have to answer any questions you do not want to answer. Refusal to take part in or
withdraw from this study will involve no penalty or loss of benefits you would receive otherwise.

You must be 18 years of age or older to consent to take part in this research study. If you agree to take part
in this research study and the information outlined above, please sign your name and indicate the date
below.
You will be given a copy of this signed and dated consent form for your records.
_____________________________________________
Participant Signature

_____________________
Date

_____________________________________________
Person Obtaining Consent

_____________________
Date
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