
ABSTRACT 

KIM, SO YEON. Human and Machine Co-Investigate Intelligence System (HM-CII) for 

Fault Diagnosis and Detection in Complex Systems. (Under the direction of Dr. Simon M. 

Hsiang.) 

 

Numerous applications in complex systems are either theoretically intractable or hard to 

be solved within a practical time frame. Researchers are forced to implement a different 

intelligence like heuristics to solve problems. However, people, even experts, make mistakes 

under uncertain situations. That is, people often deviate from the rules of decision theory, which 

provides a set of compelling principles or desiderata for how people should behave. Thus, people 

use decision support models like expert systems to support their decisions and reduce mistakes 

that might lead to severe operational and economical losses. By encoding expert knowledge in a 

decision-theoretic framework, we can reduce errors in reasoning and thereby build decision 

support systems that offer recommendations of higher quality. 

Our research focuses on developing an effective framework of the human and machine 

collaboration for fault diagnosis and detection in complex systems in order to generate 

satisfactory solutions. We refer to this as Human and Machine Co-Investigate Intelligence 

System (HM-CII). Although HM-CII framework could be used widely where the human and 

machine intelligences are involved in problem solving, we apply HM-CII in the area of fault 

diagnosis and detection which plays an important role in complex systems. With the current 

development of efficient data mining algorithms and the growing accessibility to a vast amount 

of data, the HM-CII model can be supported by automated access to data from existing data 

sources.   

However, because of the different mechanisms of intelligence, human experts may 

not be able to read results based on these decision support systems easily. In addition, since 



the decision process in statistical and computational techniques depends on data that have 

been previously collected and updated, the information derived from the data analysis may 

sometimes be insufficient and noisy, and it can be difficult to track the evolution of the data 

structure. On the other hand, humans use their knowledge and experiences to shape and 

implement the decision-making process for fault diagnosis and prediction. Although these 

heuristics are quite useful, sometimes they lead to severe and systematic errors. This is 

especially true when the system becomes so complex that human experts reach the limits of 

their ability to analyze the system. We provide an alternative design of human and machine 

process by presenting an HM-CII methodology that addresses collaboration of human and 

machine intelligence. The proposed HM-CII does not just combine two processes for 

improved solutions but comes up with the agreement between humans and machines through 

several numbers of interactions. We investigate and report the confrontations and 

negotiations in the iterations. The HM-CII has two phases: (1) causal structure construction 

process and (2) interaction process of human and machine to select the best causal structure 

using rank aggregation process. In order to develop the model that fits various data 

structures, several alternative steps in HM-CII are presented with examples of ergonomic 

injury source detections and pipe-installation project delay detection problems. Finally, 

through the fault classification results, we show the potential for improvement in the quality 

of solutions that can be achieved using the HM-CII approach.  
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Chapter 1 

Introduction 

 

 

             1.1 Research Objective and Motivation 

 

The objective of this work is to develop an effective Human-Machine Co-Investigate 

Intelligence methodology (HM-CII) in complex systems by integrating human domain 

knowledge into data-driven processes to obtain ―satisfactory‖ solutions. Rather than aiming 

for a completely automated system or developing an aid to human-fault diagnosis, we 

propose to investigate and develop an interactive technology that would act as a collaborator 

with the human operator for effective fault diagnosis and decision making.  

The proposed diagnosis methodology should not be limited to any specific system, 

and could be extended to various kinds of complex systems, such as manufacturing systems, 

transportation systems, medical systems, and communication systems. Advances in these 

technologies have improved the quality of life. As a result, it is now more convenient for the 

computer literate to conduct banking transactions, participate in worldwide live forums, and 

search for new information without venturing beyond the keyboard. However, these technical 
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innovations have increased the complexity of the system, forcing one to ponder important 

and perhaps controversial issues regarding the human-machine boundary.  To satisfy the 

more detailed and segmented human demand, the system must also become more concise and 

precise by increasing the levels of interactions and degree of complexity.  

Our goal is to challenge existing concepts and assess evolving concepts at the frontier 

of the complex system involving human decision making. In contrast to typical studies that 

have focused on computational intelligence or human behaviors, we strive to present the 

topics of human and computational intelligence in a manner accessible to research 

communities where there is a desire to gain insight into the deeper implications and questions. 

Taken as a whole, the research scope of this dissertation should reflect the need for a 

fundamental and interdisciplinary approach.  

  

           1.2 Research Scope – Fault Diagnosis in a Complex System 

 

By using the process control as an example, early detection and diagnosis of faults 

while the plant is still operating in a controllable region can help avoid abnormal event 

progression and reduce productivity loss. However, since a system is composed of many 

elements that interact in complex ways, it is difficult to pinpoint the responsible element 

when the system fails. In complex systems, since many factors may cause a fault in dynamic 

ways, it is more difficult to find the root cause of system failures [10]. Furthermore, exposure 

to harsh and uncertain environments makes systems distinctively vulnerable to natural 

disturbances and difficult to analyze and model. For example, power outages due to heavy 
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rain, lightning, or animals are unpredictable because of the random nature of these events. 

Moreover, the fact that the process measurements may often be insufficient, incomplete 

and/or unreliable due to a variety of causes such as sensor biases or failures makes the task of 

fault diagnosis and detection difficult [84].  If the faults are unavoidable, it is essential to 

restore the system in a timely manner to maintain system vitality.  For examples, the risk 

management is especially important in nuclear power plants, nuclear weapons systems, 

chemical process plants, and aircraft, all of which can be described by two characteristics, 

i.e., complexity of interaction and tightness of coupling [84]. 

Given such difficult conditions, it should come as no surprise that human operators 

tend to make erroneous decisions and take actions that make matters even worse, as reported 

in the literature. Industrial statistics show that human errors cause about 70% of the industrial 

accidents [87, 88].  Further, industrial statistics have shown that even though major 

catastrophes and disasters from chemical plant failures may be infrequent, minor accidents 

are very common, occurring on a daily basis, resulting in many occupational injuries, 

illnesses, and costing the society billions of dollars every year [9, 65, 72]. 

  

           1.3 Research Hypothesis 

 

We hypothesize that neither humans‘ heuristics nor computer techniques, such as data 

mining and statistical analyses, are sufficient to address problems concerning an analysis of a 

complex system for the derivation of diagnostic and prediction rules. Rather, the combination 

of human experiences and results based on the data provides more accurate diagnoses of 
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faults and predictions of results. In addition, using a causal structure as a communication tool 

between human and machine, we can share and generalize the explicit and implicit 

knowledge about critical paths of complex systems, thereby minimizing repeatedly occurring 

errors.  

When making decisions, humans and machines use different approaches to frame 

problems and find solutions. Machines rely on the use of statistical techniques to extract 

information and patterns from large data sets. Humans make decisions using knowledge, 

heuristics, and analogies. Due to their different analytical approaches and strong capacities, 

humans and machines may acquire different information from the system, which may lead to 

different solutions. When they disagree on the best causal structure of the system, they 

negotiate and deliberate their decisions. Humans may change their decisions when they 

discover more surprising, unexpected patterns, such as Simpson‘s Paradox [23].  Machines 

may change their decisions as information such as data structure and humans‘ preference 

ordering is changed.   Our interest is in determining how we allow both humans and 

machines to maintain their own process and yet communicate with each other so they can 

reach agreement on the final result. In this study, we focused on how domain knowledge can 

guide the data-driven process and how decision results made by humans and machines can 

converge.  
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            1.4 Research Questions 

 

Human-Machine Co-Investigate Intelligence (HMCII) approaches are 

multidisciplinary.  They involve concepts and methods from computational disciplines, such 

as artificial intelligence, data mining, machine learning, and statistics. They are also 

concerned with fundamental concepts from logic and ontology that are used to represent and 

evaluate knowledge. In addition, the application of these integrative methods to diagnostics 

and predictions requires the creation of a representation of paradigm shift and a knowledge 

repository.  As such, there are four key research questions in this study:  

 

      1. How to find a diagnostic representation can be assessed by both human and machine? 

      2. How to provide a mechanism for human and machine to find a diagnostic agreement? 

      3. How to update and track the evolvement of the diagnosis? 

      4.  How to terminate the process based on the level of agreement or the human tolerance  

           to the process? 

 

These questions are very complex and thus difficult to find a robust solution that is 

insensitive to insufficient data or human errors. One reason for the difficulty is the huge 

search space resulting from the vast number of decision variables. Another is the fact that 

many of the variables change dynamically. In addition to variables changing over time, there 

are many probabilistic aspects of the problem, for example, uncertainty about the location of 

the faults, identification of faults, effectiveness of solutions used on particular faults, and the 
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damage state of faults. This makes it impossible to enumerate all possible decision variables 

and outcomes and then apply some computer algorithm to solve the problem. The problem 

also lends itself to being naturally portrayed in a visual manner. The thought is that a human 

can effectively manage the computational effort expended on problems.  

 

1.5 Thesis Overview and Organization 

 

This research has both theoretical and applied aspects. The theoretical aspect involves 

the creation of a new framework for knowledge representation, knowledge-based secondary 

data analysis, and interpretation of models in the context of existing knowledge. The applied 

aspect involves the implementation of the proposed framework to specific diagnostic 

problems using secondary analysis of previously-collected research data and data extracted 

from employee or customer records. Since HM-CII may require several iterations and 

modifications of the causal structures to converge human and machine decision making 

processes, we focus on the way of HM-CII work. This approach is deemed necessary to 

achieve a high degree of accuracy and to properly assess the influence of system faults and 

failures. In particular, our focus is on improving the predictive powers of dichotomous data, 

such as frequent and non-frequent classifications, using the best causal structure agreed on by 

the human and machine. This study presents the construction process of causal structures and 

the corresponding data sets to display the critical paths of a system and support the given 

causal structures. After building models of causal structures, we show how human experts 

rank the causal structures based on the representational framework of causal graphical 
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models, how humans and machines interact through rankings of causal structures, and how 

humans and machines can narrow the gap between their decision results.   The individual 

chapters are summarized as follows: 

 

Chapter 2: Literature Review 

The purpose of this chapter is to provide an overview of the HM-CII system by 

providing characteristics and background information regarding the methods it employs.  

First, we show the currently accepted human and computer strengths and capabilities as a 

motivation of HM-CII. Then all methods used in HM-CII are presented in series. After 

presenting the HM-CII procedures, we introduce several human and machine interactions 

models and compare them to the HM-CII.   

 

Chapter 3: HM-CII Application I- Pipe-installation project delay data  

In this chapter, we outline the setup of the HM-CII experiments using a civil 

engineering project delay data [60]. We focus on the feasibility of the HM-CII and the 

question how long HM-CII takes to obtain the agreed model. We introduce Monte Carlo 

simulation and causal structure expansion approaches for insufficient multiple layered data. 

This experiment was conducted with a human expert and showed that the human and 

machine could agree on the best model within single iteration. 
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Chapter 4: HM-CII Application II- Ergonomic incident data 

In this chapter, we outline the setup of the HM-CII experiments along with our goals 

and hypotheses. We simulate all possible scenarios using two major approaches: the Sub-

sampling with Borrowing process and the Monte Carlo Simulation for generating and 

updating of data in HM-CII. Here, our hypothesis is the HM-CII would finally obtain the 

agreed model although it may take many of iterations even though there is no tolerance level 

of number of iterations.  

 

Chapter 5: Discussions of HM-CII 

We investigate the mechanism of HM-CII using mathematical statistical theories and 

observations from chapter 4.  First, we show that the HM-CII is similar to the ordinal 

optimization process in consideration with its procedure and objective function. Next, we 

discuss how to measure the goodness of the final model; whether human and machine reduce 

the gap (the degree of disagreement) about the best model as the iteration progressing; and 

how we measure their gap on the model preferences. In addition, we investigate whether the 

sub-sampling method selects the data combinations representing the given causal structure. 

Finally, we observe that how HM-CII terminates and what kinds of observations can be 

considered as limitations.  
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            Chapter 6: Summary and Future Work 

We conclude the thesis with a chapter summarizing both the general concept of 

Human Machine Co-Investigate Intelligence as well as the empirical results obtained from 

the HM-CII. We also discuss future research in this chapter. 
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Chapter 2 

Literature Review 

 

 

  2.1 Human Decision Process  

 

2.1.1 Human Decision Making Process 

 

There are many researches and debates about human decision making process. Some 

argue that people make a decision based on the cognitive judgment of alternatives, while 

others argue that people use intuition to make a decision. There are researchers argue the 

combination of the rational and intuitive decision making to explain human decision making 

process [42, 48, 95]. They argue that people use two step decision making process. People 

first use intuition to select alternatives, and use an iterative method to obtain a satisfying 

decision. That is, people repeatedly find a choice and evaluate it until they find the working 

choice [48]. Thus, the experience, knowledge, and analogies play an important role in their 

decision making models.  
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The researches about characteristics in a human cognitive process have been also 

conducted. In the concept of bounded rationality, Simon argued that the human‘s decision 

process does not depend on optimizing but satisficing, the mixture of the words ―sufficing‖ 

and ―satisfying‖ [95]. He argued that under the limited time, knowledge, and computational 

capacities, human tries to find the sub-optimal or satisficing solution [27]. 

Second, humans reduce complex tasks to simpler judgmental operations using a 

limited number of heuristics [88]. In addition, humans are able to store and adapt experience 

and quickly grasp the overall picture of complex situations [85].  Thus, they can either 

quickly narrow the "search space" of options by eliminating least plausible options, or they 

can make a concrete decision by knowing that a particular action would work based on prior 

experience. Although there has been significant progress in the area of machine intelligence, 

humans are still clearly superior in this dimension. 

Although these heuristics, experiences and intuitions are known as useful in simple 

problem solving, they can sometimes lead severe and systematic errors in complex situations 

[42]. Tversky and Kahneman used heuristics and biases as components of human decision 

making process and showed three types of heuristics causing cognitive biases i.e., (1) 

representativeness, (2) availability, and (3) adjustment and anchoring [106]. Cognitive bias 

refers to a person‘s tendency to make errors in judgment. Pohl discussed components 

affecting to human decision making process [85]. According to his research, human‘s 

sequential reasoning capacity could lead difficulties to complex problem solving which needs 

parallel analysis.  Since human decision makers are easily overwhelmed by large volumes of 

information and very complex decision scenarios, it is difficult for a human to analyze many 
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variables at any one time, especially when these variables interact and the situations are 

dynamically changed. Moreover, humans tend to switch from an analysis mode to an 

intuitive mode to develop situation awareness under the complex situations.  In consideration 

with the tendency to rely on intuitions can make people unpredictable, intractable, and 

vulnerable to changing, human intelligence may have a limit for fault diagnosis and detection 

in complex systems [85]. 

 

2.1.2 Research on Expertise  

 

 To reduce the severe error due to the characteristics in human decision making 

process, the use of expertise is suggested. Expertise can be defined as expert skill or 

knowledge in domain specific area for outstanding and exceptional performance. Experts are 

known to be superior to novices in nearly every aspect of cognitive functioning, from 

memory and learning to problem solving and reasoning [1, 92].  

In addition, expertise could provide important sources of reducing uncertainties. 

People with greater expertise can notice problems more quickly and use richer mental 

simulations in diagnosing problems and evaluating decision alternatives. However, expertise 

can also contain cognitive biases.  

For example, the difficulty of learning from experience can add trouble to expertise 

because it is possible to learn the wrong lessons from experience. In addition, experts may 

have a tendency to state a range that is artificially smaller than the actual state of knowledge 

of the expert mandates [42]. Moreover, when the system is dynamic with less chance of 
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feedback and the prediction of human behavior is needed for problem solving, it is difficult 

to obtain expertise [92].  

To reduce decision errors by improving knowledge base validity and consistency, and 

handle more complex problems, Medsker et al. [67] suggested using multiple experts and 

combining the strengths of different reasoning approaches. The general advantages and 

disadvantages of using multiple experts are shown in Table 2.1.  
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Table 2.1 Advantages and disadvantages of using multiple experts [67] 

Advantages Disadvantages 

Fewer mistakes than a single expert 

because of  better understanding of the 

knowledge domain 

Groupthink phenomena (A mode of 

thinking that people engage in when they 

are deeply involved in a cohesive in-

group, when the members' strivings for 

unanimity override their motivation to 

realistically appraise alternative courses of 

action)[39] 

Reduced need for using a world-class 

expert who is difficult to find and who is 

expensive. 

Fear on the part of some domain experts 

of senior experts or a supervisor (lack of 

confidentiality) 

Cover a Wider domain  Compromise solutions due to conflicting 

opinions 

Synthesis of expertise Waste of time for synthesis of expertise 

Enhanced quality from synergy among 

experts 

The possibility of dominating experts  
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2.2 Machine Decision Process for Fault Diagnosis and Detection (FDD) 

 

The fault diagnosis and detection (FDD) process usually consists of two steps. First, 

people monitor the physical system and compare actual measurements to expected values to 

detect an abnormal condition. When an abnormal condition is detected, fault diagnosis is 

used to evaluate the fault and determine its causes [110]. 

There are three major approaches for fault diagnosis and detection [29]. First, 

quantitative models based on general input-output and state-space models can be used, 

although it is not popular in FDD due to the complexity [108].  The knowledge of qualitative 

relationships in the system can also be used to draw conclusions of the state of system [109]. 

The knowledge of qualitative relationships can be obtained by deriving knowledge 

statements from history data or employing causal domain knowledge of the process or 

system [110]. For example, the method of causal ordering can be used to get the causal 

relations through a suitable reduction of the functional relationships known about the process 

[37]. 

With the current development of efficient data-mining algorithms and the 

accessibility to increasingly vast amounts of data, many companies and people use statistical 

tools and machine-learning algorithms for diagnosis and prediction. For example, neural 

networks, discriminant analysis, and decision tree are widely used in FDD areas to specify 

the mathematical form of terms and their parameters using quantitative history data.  

In general, most existing FDD techniques work well for low dimension or well-

behaved systems [14, 40, 59]. Artificial neural network shows good results when the training 
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data set is rich enough. Statistical approaches, such as discriminant analysis and the decision 

tree, work well if the fault cause-effect data match the statistical method capabilities and 

assumptions such as Gaussian distribution. However, when the system is ill-defined and lack 

of structure and contains uncertainties, and the quality of the data is poor, their solution may 

be unstable and unreliable. In addition, their solutions have not directly addressed the 

problem of domain knowledge.  

 

           2.3 A Possible Resolution  

 

If we hypothesize that any single method or intelligence may not be adequate for 

handling a complex system, one possible way to overcome the limitations of individual 

solution strategies is the integration of multiple methods or intelligences. In Fitts‘ list, in 

many cases the strengths and weaknesses of human and machine complement each other well 

[25]. After Fitts, there have been many human and machine capability comparisons 

conducted. The U.S. Department of Defense [107] published the human-machine capability 

list shown in Table 2.2 and Price [86] used the two-dimensional model to compare the human 

and machine strengths and weaknesses.  Although the presented way is different, they agreed 

that humans are good at guiding and narrowing the search space and managing the 

computational effort, while machine is good at accurate and rapid computation with low 

operating burden and combinatorial problems such as complex problem with many variables 

[71].  Thus, if we could make human and machine collaborate, humans could actively 

excerpt the relevant variables and information from a huge amount of data with an aid of 
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computational intelligence and machine could be find the right direction to reach the better 

solution in huge search space through human‘s domain knowledge. With such interactions 

between the human and machine, the predicted results from fluctuation in data content could 

be more solid and stable. 

However, inherent differences between human and machine could lead some conflicts 

during their interactions. For example, human use causal relationships to find solutions but 

he/she cannot visualize them in complex cases. Also, human is hard to transform his/her 

domain knowledge into the machine. In addition, human seeks ―satisficing‖ (satisfying + 

sufficing) solution, while machine seeks optimal solution.  Moreover, human uses heuristics 

and intuitions to seek better (ordinal) solution, but machine uses rigorous analysis to get the 

cardinal results.  Thus, HM-CII needs to provide causal structure forms which are easily 

visualized and transform human‘s domain knowledge into the preference or rankings for 

human and machine interactions. In addition, HM-CII needs to provide data sets representing 

each of causal structures for the model evaluation of machine intelligence. Finally, using 

ordinal comparisons of model alternatives, human and machine exchange their model 

preference information and they update it by changes of data structures. 
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Table 2.2 Human-Machine Capability List [107] 

Human surpasses machine with respect to Machine surpasses human with respect to 

Detection of certain forms of very low 

energy levels 

Monitoring (both man and machine) 

Sensitivity to an extremely wide variety of 

stimuli 

Performing routine, repetitive, or very 

precise operations 

Perceiving patterns and making 

generalizations about them 

Responding very quickly to control signals 

Ability to store large amounts of information 

for long periods, and recalling relevant facts 

at appropriate moments 

Storing and recalling large amounts of 

information in short time periods  

Ability to exercise judgment where events 

cannot be completely predicted,  

Performing complex and rapid computation 

with high accuracy 

Improvising and adopting flexible procedures Sensitivity to stimuli beyond the range of 

human sensitivity (infrared, radio, waves, 

etc.) 

Ability to react to unexpected low probability 

events 

Doing many different things at one time 

 

Applying originality in solving problems: 

i.e., alternative solutions 

Exerting large amounts of force smoothly 

and precisely 

Ability to profit from experience and after 

course of action 

Insensitivity to extraneous factors 

Ability to perform fine manipulation, 

especially when misalignment appears 

unexpectedly 

Ability to repeat operations very rapidly, 

continuously, and precisely the same way 

over a long period 

Ability to continue to perform when 

overloaded 

Operating in environments which are hostile 

to man or beyond human tolerance 

Ability to reason inductively  Deductive processes  
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2.4. HM-CII 

 

Human and Machine Co-Investigate Intelligence Fault diagnosis and detection 

methodology (HM-CII) in complex system obtains ―satisfactory‖ solutions in real situations 

by integrating human domain knowledge into data-driven process.  Rather than a completely 

automated system or develop an aid to human fault diagnosis, HM-CII uses the 

communication and negotiation mechanism where the computation intelligence acts as a 

collaborator with the human domain knowledge. HM-CII starts with both human and 

machine process of problem solving at the same time and augments their decision until they 

agree on the best causal structure. In this regard, HM-CII focuses on the balance between 

human and machine.  Finally, it seeks the ―satisficing‖ (satisfied by human experts with 

sufficient prediction performance) model by using causal structures as bidding tools between 

human and machine.   

HM-CII is not limited to any specific system, and it could be extended to various 

kinds of complex systems, such as manufacturing systems, transportation systems, medical 

systems, and communication systems.  

 

    2.5 Preliminary Backgrounds in HM-CII 

 

     HM-CII consists of four sub-processes: Fabrication, Model evaluation, Elimination 

and Feedback processes. The steps of HM-CII are outlined below in Table 2.3 and are 

described in detail in the following subsections.   
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Figure 2.1 HM-CII Procedures 

1. Fabrication Process 

1) Data cleaning and transformation – Clean the data in proper forms and 

transform the data objects into binary formats   

2) Relevant variable identification- Using Principal component analysis to 

select the significant data directions and variances. Then project significant 

Principal components (PCs) to the original variables to identify relevant 

variables.  

3) Causal structure construction – Construct contingency tables in pair-wise 

and compute the Mutual information (MI). Using Kruskal‘s algorithm and 

its variation, we construct multiple Chow trees.   

2. Model evaluation Process 

1) Human model evaluation – Human experts evaluate Chow tree model with 

their own criteria including political or managerial perspectives. 

2) Machine model evaluation – Machine evaluates the model based on the 

prediction accuracy index. Construct data set supporting each of Chow trees 

and obtain the Logistic Regression (LR) models representing the given 

Chow tree. Compute the prediction accuracy and rank the models    

3. Elimination Process 

1) Rank aggregation – Aggregate ranking of human and machine to determine 

the least plausible Chow tree model agreed by human and machine. 

2) Stopping rule application – If human and machine agree on the best model, 

then stop. Otherwise, HM-CII continues. 

3) Candidate narrowing down – Eliminate the least plausible Chow tree model 

agreed on both human and machine and keep the more plausible Chow trees.    

4. Feedback Process 

1) Information update – Update human and machine preference information 

into the data set.    
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2.5.1 Fabrication Process 

 

In fabrication process, HM-CII provides Chow trees, one of the simple causal 

structures, using machine intelligences to help human‘s visualization and communication 

between human and machine intelligence.  Since the Chow tree is a data based structure, the 

quality of data is important. Thus the fabrication process consists of three sub-steps: Data 

cleaning and transformation, relevant variable identification, and Chow tree construction.  

 

2.5.1.1 Data Cleaning and Transformation 

 

In data cleaning and transformation step, we detect and modify data anomalies, and 

reduce the data dimensions to be analyzed. If there are missing values, we ignore the data 

object or fill in the missing value using the estimation or a global constant value such as 

mean. If the data set is noisy, we remove noise from the data and normalize data values using 

smoothing techniques, such as binning, regression, and clustering.  If there are multiple 

sources for data collections, then we combine data to make one single cohesive data [ xxxx].   

Then we test the quality of the data using graphical representations of the data such as 

histograms and scatter plots or descriptive data summaries, such as measures of central 

tendency (mean, median, and mode), measures of data dispersion (quartiles, IQR, and 

standard deviation), skewness, kurtosis, and outliers. 

In the mixture of continuous, or multiple categorical variables, we transform all 

variables into dichotomous variables. In case of numerical variables, mean, median, or mode 
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are used as a split point. In case of categorical variable, heuristic methods or mathematical 

methods like histograms and V-optimal histograms [38] can be used to classifications. In 

consideration with the computational cost of mathematical methods, we use descending 

ordered histograms of categories and 80-20 rule (elbow point) for data transformation. That 

is, we split categories where there is the big break between sequenced histogram values. In 

the case of multiple significant breaks, the last one becomes a threshold. The categories 

above the threshold become the frequent class, and the other ones become the non-frequent 

class.  

 

2.5.1.2 Relevant Variable Identification  

 

Since human‘s cognitive capacities are limited, constructed Chow tree must contain 

proper number of relevant variables. Thus, HM-CII reduces the number of variables using 

principal component analysis.  

Principal component analysis (PCA) [83] is widely used to reduce data 

dimensionality. Principal component analysis finds smaller sets of artificial variables, called 

principal components (PCs), which are the linear combinations of optimally-weighted, 

observed variables that explain most of the variances in the observed variable. Principal 

components are constructed sequentially, and after constructing the first principal 

component, the second one is constructed orthogonal to the first. Then, the third principal 

component is constructed orthogonal to the first and the second ones. This process continues 

until the number of principal components is equal to the number of observed variables. Here, 
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the eigenvectors point at the ―Principal directions‖ of data while the eigenvalue indicates the 

data variance of the corresponding principal directions. Thus, we can keep the most of data 

variance by selecting significant PCs.  

There are several rules for selections of significant principal components. We can 

select the PCs with eigenvalues which are greater than or equal to one (eigenvalue-one 

criterion). However, it could lead significant information loss when there is a PC with an 

eigenvalue which is slightly less than one. In that case, we can use either the scree plot of 

eigenvalues of principal components or the cumulative proportion of the variance to find the 

break of eigenvalue sequence. Since there is no clear bound to determine the break point, we 

use the 80-20 rule (Pareto principle) [78] for our reference. 

Figure 2.2 shows the principal components, Y1 and Y2, for the given set of data 

originally mapped to the axes X1 and X2.  

 

 

 

Figure 2.2 Principal Component Analysis  

 

1X

1Y2Y

2X
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Although we can reduce the size of dimensions by replacing the original variables 

with the selected principal components, it causes the difficulties in interpretation of the 

results, such as causal structures and other statistical analysis in HM-CII. In addition, since 

all PCs are de-correlated, it is meaningless to construct Chow tree structures using PCs.  

Thus, we project the selected principal components onto the original variable axes to 

identify relevant variables.  Figure 2.3 shows the projection step.  The Principal component 

1Y is more significant than 2Y , we project 1Y  onto 1X and 2X . Since variable 1X has stronger 

explanation power, we select it as the relevant variable. 

 

 

Figure 2.3 Projection of Principal Components 
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2.5.1.3. Chow tree Construction  

 

 People use causality as a tool to understand and interpret the social, natural and 

physical world. However, unlike other tools for human understanding such as arithmetic or 

geometry, the exact way in which we reason about causality is not known. When researchers 

attempted to make causal structures which can be agreed with human, there are four 

requirements to be considered as variable x causes variable y: Time sequence, Correlation 

(Dependency), and Non-spuriousness [82]. Time sequence means if a variable x is the cause 

of variable y, then x must precede y. Also correlation means that variable y must not occur 

when x does not occur, and y must occur whenever x occurs. Non-spuriousness means that if 

y occurs, then it is because of x not by the other factors. Scientific practice dictates four criteria 

for establishing causality between an independent variable [97].  

The causality can be tested only using the experiment but the some areas like social 

and criminal justice cannot be tested. Thus it is hard to determine that two variable x and y 

really have a cause and effect relationship.  Therefore, we approximate the causal 

relationship using probabilistic dependencies (correlations). Probabilities and coefficients of 

statistical models can be a good tool for presenting the degree of the causal relationship. 

Therefore, in HM-CII, Chow tree structures and the joint probability distributions of them are 

used as graphical representation tool and the measurement of the degree of causal 

relationship.  

            The Chow tree, proposed by Chow and Liu [15], is defined by a directed acyclic tree 

which represents (n-1) first order dependence relationships of n variables and a set of Mutual 
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information (MI). Each node and edge means the variable and its probabilistic dependency to 

the adjacent variable. The weight of edge is Mutual Information (MI) and it accounts for the 

amount of information about one variable which can be explained by the other variable [15].  

     Chow and Liu showed that the Chow tree with the maximum sum of MI is the best 

approximation of the actual distribution using the idea of the best Chow tree minimizes the 

distances between the actual system distribution ( P ) and its distribution ( P ).The detailed 

prove is shown below [15]:  
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variable x and x (
1

( , )
n

i

I x x


 ) where the MI values are branch weights of the tree. Chow and 

Wagner proved that the estimating tree-dependent probability distribution is consistent [16]. 

Although Chow and Liu argued that the tree with the maximum sum of MI is the best, 

human experts may not agree with them. It may be because human‘s evaluation may include 

different perspectives (i.e., managerial and economical) to the model. Or it can be explained 

by the imperfectness of data sets or the characteristics of Chow tree which approximates the 

actual distribution. Thus, HM-CII provides multiple good tree candidates for finding more 

appropriate model. Now, the issue is how to build multiple good trees. Since the tree with the 

maximum sum of MI weights is the best, we assume that the trees with larger sum of MI 

weights are better.  

Originally to construct the Chow tree with the maximum sum of MI which is the 

maximum spanning tree, we use Kruskal‘s algorithm. Kruskal‘s algorithm [51] is a procedure 

for constructing a minimum spanning tree. We can use it by our MI array in descending order.  

Figure 2.4 shows the Kruskal‘s algorithm for maximum spanning tree. 

 

 

 

 

 

 

Figure 2.4 Kruskal’s algorithm for maximum spanning tree 

Step 1. Sort the weights of Chow tree (MI) in decreasing order.  

Step 2. Initially starting from empty set, we add edges in sorted order. 

 If the adding edge creates a cycle in the graph, skip it and continue to the next  

 edge. 

Step 3. Continue adding edges until the graph becomes the spanning tree. The constructed 

            Tree has the maximum weight.             
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       In addition, we want multiple good Chow tree models which have large sum of MI. To 

construct them, we eliminate one of MI used in the firstly constructed Chow tree in 

ascending order. The detailed Chow tree construction process is shown below: 

 

Step 1 Construct contingency tables – A contingency table denotes the frequency of pairwise 

variables in the data. We construct contingency tables of all pairwise variables.  

 

Step 2 Compute the Mutual Information (MI) – Mutual information of two variables is the 

amount of information about one variable explained by the other paired variable. We 

calculate Mutual Information of variable A and B, denoted as I (A, B), using (2.2).  

 

2

,

( , )
MI for variable A and B= ( , ) ( , ) log     (2.2)

( ) ( )A B

P A B
I A B P A B

P A P B
 


  

 

Step 3 Apply Kruskal’s algorithm – Sort computed MI in descending order. Starting from an 

empty set, we add MI in sorted order. If the adding MI creates a cycle in the graph, skip it 

and continue to the next MI. Continue adding MI until the graph becomes the spanning tree. 

The constructed Chow tree has the maximum sum of MI.             

 

Step 4 Construct multiple Chow trees –Eliminate one of MI values used in the Chow tree 

construction in step 3 in ascending order. Reapply Kruskal‘s algorithm. Continue this process 

until we have a satisfactory number of Chow trees.    
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Note that we can add directions arbitrarily because Chow tree is a direction free 

structure. Our initial goal was to find key causes of faults; therefore, we assigned directions 

from independent variables to the dependent variable.  

 

 2.5.2. Model Evaluation process 

 

Human and machine independently evaluate Chow tree models using ordinal analysis 

(ranking).  

 

2.5.2.1 Human Model Evaluation Process 

 

Human experts usually have a good grasp of the direct conditional dependencies that 

hold in the domain under analysis. Thus, human experts can rank causal structures by 

evaluating the conditional dependencies of variables in causal structures. That is, if a causal 

structure contains many unreasonable dependencies, then human experts rank it low.  In 

addition to the conditional dependencies, human experts may also consider in the operating 

and management perspectives. They would prefer the model with easy care and low 

operating costs when they are not so sure the difference of the model performances.  The 

hard thing is that each human has different types, and important weights of evaluating criteria. 

However, it is impossible to measure their differences and build general forms of evaluation. 

Thus, HM-CII uses the ranking of candidate Chow tree models. Using ordinal comparisons, 
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we don‘t consider the how better the candidate A is than the candidate B. We only consider 

which one is better than the others.   

 

2.5.2.2 Machine Model Evaluation Process  

 

While human experts consider a various perspectives of Chow tree models, machine 

uses the prediction accuracy as a preference index. Since machine can compare the prediction 

accuracy in a cardinal way, it uses statistical methods such as Logistic Regression (LR) 

model.  In order that LR models represent the Chow tree structures, each Chow tree should 

have its own data set to obtain the represented LR model.  

Thus, machine model evaluation process consists of three sub-steps: Data 

manipulation, LR model construction, and Accuracy computation.   

 

2.5.2.2.1 Data Manipulation  

 

 Here we introduce two major approaches of data construction:  (1) Sub-sampling 

method and (2) Monte Carlo Simulation method. The Sub-sampling method selects data 

combinations that support a given causal structure for the data set from the original data set. 

In contrast, Monte Carlo Simulation method creates a new data set that represents a 

distribution of the given causal structure.  
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Figure 2.5 Data manipulation process 
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            2.5.2.2.2 Data Manipulation - Sub-sampling approach 

 

In the Sub-sampling approach, we select data combinations supporting a given causal 

structure from the current data set. It requires sufficient data observations relative to the 

number of variables to obtain reliable prediction results.  For example, in the binary data case, 

suppose we have 600 data observations and eight variables, including a dependent variable. 

The number of possible data combinations would be 256, and, on average, there would be 

two observations for each of the data combinations. In this case, the set would be insufficient 

for the sub-sampling strategy.  Although the data observations would be enough to use the 

sub-sampling strategy, it is possible that the required data combinations would not be 

available in the data set. The analysis could then be conducted by replacing the unavailable 

data combinations with similar, but available, data combinations. This is called the 

borrowing strategy.   

The idea of Sub-sampling approach is derived from the Chow tree construction 

procedure. To build a dependency tree, mutual information is computed using contingency 

tables. Contingency tables represent the frequencies of all possible data combinations of 

target variables. For example, if there are two binary variables to be analyzed, then their 

contingency table is a 2 by 2 matrix with 4 combinations. After dividing the total number of 

data observations, the probability of each element of the data combinations is computed. 

Since the causal structure is constructed using large mutual information and the large mutual 

information is usually achieved by the large proportion of the data combinations in the 
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contingency table, the data combinations that present the most proportions in the contingency 

table support the causal structure.    

 

Here, the Sub-sampling approach is as follows:  

 

Step 1 – Decompose the given causal structure. We dissect a Chow tree into several 

sub-trees called causal bricks, which contain a node and its parents in the constructed Chow 

tree. That is we decompose the sub-trees of the given Chow tree starting from the dependent 

variable. Thus, first, we have the sub-tree consisting of the dependent variable A and its 

parents B and D. Then we have the other sub-tree consisting of the variable B and its parent 

variable C. The number of causal bricks in a Chow tree is the same as the maximum distance 

of overall vertices.   
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Figure 2.6 An example of causal bricks for a given causal structure 
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Step 2 – Construct of contingency (frequency) tables for each causal brick. This step 

is needed to select the significant data combinations.  

Step 3 – Compute the conditional probability of variables conditioned on both row 

and column directions. 

Step 4 – Select the significant data combinations. After building two frequency 

proportion tables conditioned on one variable, the data combination with the largest 

proportion is selected. However, since data observations do not always represent the 

population distribution and they sometimes contain noisy data objects, the difference 

between selected and unselected data combinations is computed. That is we select data 

combinations in descending order of conditional probability until the difference of 

proportions between two sequentially-ordered combinations is beyond the pre-determined 

tolerance level. The threshold depends on a researcher‘s preference, but, in this study, it is 

defined as , where  is the number of components in each row and column.  That is, if 

the difference of the proportions is greater than , where  is the number of components 

in each row and column, the difference is significant. 

Step 5 – Unite significant data combinations of causal bricks to create complete 

arrays of data combinations and sample them from the original data set. If required data 

combinations are not in the original data set, we replace them with the available data 

combinations, which are similar to the required one. Here, the similarity weight is computed 

by a distance, the number of edges on the shortest path between corresponding variable and 

dependent variable. More detailed explanation is shown below. 

1

10 n
n

1

10 n
n
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Table 2.3 shows an example of contingency table of the casual brick of variable B 

and C and data selections. The representing data combinations are selected in two ways, i.e., 

conditioning on variable B and conditioning on variable C to avoid the severe loss of data 

information. 

 

Table 2.3 Contingency table of B and C and major combinations 

  

Frequency 
Conditional probability 

given B 

Conditional probability 

given C 

        C 

B 

    1 0   

Total 

    

P(C=1|B) 

    

P(C=0|B) 

 

Total 

     1    0 

     1 72 33 105 0.68571 0.31429 1 P(B=1|C) 0.5 0.42308 

    0 72 45 117 0.61538 0.38462 1 P(B=0|C) 0.5 0.57692 

  Total 144 78 222    Total 1 1 

 

 

 2.5.2.2.3 Data Manipulation - Borrowing Process 

 

A borrowing strategy is used when the required data combinations for supporting a 

given causal structure are not available. This situation can occur when the number of 

observations is relatively small to the number of variables, or when most of the data 

observations are redundant. In this case, we should replace unavailable data combinations 

with similar combinations in the training data. Among several strategies for borrowing data 
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combinations such as rough set and fuzzy set theories, HM-CII uses a simple ranking method 

to determine the degree of similarity of data combinations.   

To obtain optimal replacements, we find combinations that maximize the sum of the 

scores of all lending combinations, where the score represents the similarity between the 

unavailable combination and its replacement. 

 

Let iW  be the similarity weight, and 1 2( , , , )kX x x x and 
1, 2( , , )kY y y y  be 

replacement candidate and unavailable data combination, respectively. Similarity weight iW  

is in inverse proportion to the distance between the corresponding variable and dependent 

variable. Since we assume all data is dichotomous, ix and iy have 0 or 1 values. 
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Figure 2.7 Example of similarity weight for the given causal structure 
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Then,                            

1

                        arg max   

1          if 
where  is similarity weight of corresponding variable and 

0       Otherwise

k

i i
X U i

i i

i i

W I

x y
W I

 


 



  

We need to find the data combination that maximizes the sum of weighted similarity. 

In the case of multiple replacement required, we find data combinations maximizing total 

sum of weighted similarity of all selected replacement candidates. 

For example, suppose we have two required but unavailable data combinations and 

there are five available replacement candidates. The causal structure and corresponding 

similarity weights are shown in Figure 2.7.  Since we have more than 1 required replacement, 

our goal is to select candidates to maximize the total sum of the weighted similarity of all 

selected candidates. Table 2.4 shows more detailed computation process. 

 

                                       Table 2.4 Replacement candidate selection 

Combination Unavailable Data combination 1 

(1,1,0,0,1,0) 

6

1

i i

i

W I


  

Unavailable Data combination 2  

(1,1,1,1,0,0)  

6

1

i i

i

W I


  
(A,B,C,D,E,F) 

(1,1,1,0,0,0) 0+3+1+0+4+2=10    0+3+0+0+0+0=3 

(0,1,1,0,0,0) 5+3+1+0+4+2=15    5+3+0+0+0+0=8 

(0,0,1,1,1,1) 5+0+1+3+0+0=9    5+0+0+3+4+2=14 

(1,0,0,1,1,1) 0+0+0+3+0+0=3   0+ 0+1+3+4+2=10 

(0,0,0,1,1,1) 5+0+0+3+0+0=8     5+0+1+3+4+2=15 



 38 

Since data combination (A,B,C,D,E,F) = (0,1,1,0,0,0) and (0,0,0,1,1,1) maximize the 

sum of 
6

1

i i

i

W I


 , we select them as replacements of data combination (1,1,0,0,1,0) and 

(1,1,1,1,0,0) respectively. 

 

2.5.2.2.4 Data Manipulation - Monte Carlo Simulation (MCS) method 

 

Instead of selecting the significant data combinations from the original data set, we 

can generate multiple data sets using the simulation method which based on the joint 

probability distribution of the causal structure. Monte Carlo Simulation (MCS) can be used to 

generate sample data that fit the sampling distribution [68]. Instead of calculating exact 

quantities, the MCS technique depends on the empirical estimation of the sampling 

distribution. Thus the empirical results should asymptotically be converged to the theoretical 

results when a large number of replications are used and many replicated MCS data sets can 

provide the validity of the estimates about sampling distribution characteristics based on 

causal structures.  

Given Chow tree structures, we can compute joint probability distribution using 

Bayesian network probability computation [32]. The reason we use Bayesian network 

probability computation instead of the Chow tree probability computation is that higher-order 

conditional probabilities represent some causal bricks better than the several first-order 

conditional probabilities.  
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Let 1( , , ) nX x x  be a data object described by the variables or attributes 1X , nX , 

respectively. Then we can calculate joint probability distribution by   

                      1 1 2 2 1 3 3 1 2 1 1( ) ( ) ( | ) ( | , ) ( | , , )                   (2.3)n n np X p x p x x p x x x p x x x    

             

            In addition, since Bayesian network presents the dependence between parent and 

child variables and the conditional independence between variables and their non-

descendants given their parents, we can simplify depending on the Bayesian network. Figure 

2.8 shows that the joint probability computation for the given causal structure.  

 

 

Figure 2.8 The joint probability computation using causal structure 
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2.5.2.2.5 Cross Validation for Model Performance 

 

When machine in HM-CII evaluates the prediction performances of candidate models, 

it is important to consider the evaluation error. To reduce the evaluation error due to the 

experiment design and get reliable results, cross-validation techniques are commonly used 

[49]. There are three common types of cross-validation, i.e., (1) repeated random sub-

sampling validation, (2) K-fold cross-validation, and (3) leave-one-out cross-validation (a 

hold-out method). 

In the repeated random sub-sampling validation method, we randomly split the 

dataset into training and testing sets and repeat experiments as many as we want. The testing 

results are averaged over the round. Although it is easy to implement, the imbalanced usage 

of data observations is possible due to the random split.  

In K-fold cross-validation, the number of repetition is fixed as K and the number of 

objects in a test set respectively.  K-fold cross-validation method partite data set into K equal 

sized sub-data sets. Of the K sub-datasets, a single sub-dataset is retained for testing model 

validations, and the remaining K-1 sub-datasets are used as a training set to construct a 

model. The cross-validation process is then repeated K times, with each of the K sub-samples 

being used once as the validation data. The results are averaged or sum them up to produce a 

single estimation. This method has an advantage over repeated random sub-sampling in that 

all data observations are used for both training and validation.  
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Leave-one-out cross-validation is the same as K-fold cross-validation when K is 

equal to the number of observations in the original data set. Although the result of leave-one-

out method is reliable, it is not useful in practice due to the expensive computational cost.  

In HM-CII, we first make 10 training and test sets using 10-fold cross validation 

method. In the case of the sub-sampling method, we select the relevant data combinations of 

each Chow tree structure and sample them from 10 training sets. On the other hand, when we 

use MCS for data manipulation, we generate 10 different training sets using computed joint 

probability distribution and test models on the test sets by 10-fold cross validation method.      

 

2.5.2.2.6 Logistic Regression (LR) Model 

 

Among many modeling techniques, linear discriminant analysis (LDA) and logistic 

regression (LR) are widely used for classifying data [74]. While logistic regression requires 

no assumptions regarding the distribution of data, discriminant analysis (DA) requires a 

multi-normal distribution with equal covariance in each group. When the assumptions are 

met, the two methodologies give similar results; however, in real-world problems, it is very 

hard to meet the assumption for DA.  Thus, we use logistic regression (LR) to compare the 

model accuracy of the causal structures. In addition, it is known that LR  requires an arbitrary 

threshold probability to cluster data into subgroups. Since a proper threshold is essential to 

get accurate clustering results and HM-CII bases on data set, we use the prior probability of 

data set, one of the main options in statistical software packages, as a threshold. Here, we 

introduce some basic background of LR. 
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The logistic regression model describes the relationship between independent 

variables (denoted by 1 2, , kX X X ) and a dependent variable (denoted by Y), where usually 

all variables are binary. The logistic model, as shown in equation (2.4), describes the 

expected value of Y (denoted by E(Y)): 

0

1

1
E(Y)=     (2.4)

1 exp
k

j j

j

X 


  
    

   


 

 

The values of E(Y) range from 0 to 1 and it is interpreted as the probability that the positive 

outcome is present.  

For LR analysis, first we set up the 

0

1

1
E(Y)=

1 exp
k

j j

j

X 


  
    

   


 on the basis of 

prior knowledge and find the model parameters, 0  and
j , using maximum likelihood 

(ML) procedures. Then, we can predict the dependent variable classes of data objects using 

predetermined E(Y) and evaluate the model performance. 

 

2.5.2.2.7 Evaluation of Prediction Performance 

 

The primary aim of modeling techniques is to improve classification accuracy and to 

provide general guidelines for a system using training data to derive a classifier or predictor 

and then to estimate the accuracy of the resulting learned model.  For example, for 

classifying an employee‘s risk of injury or conducting fault diagnoses in power systems, an 



 43 

improvement in predictive accuracy of even a fraction of a percentage point can significantly 

reduce operating costs and time. In addition, we can use this information to create a general 

policy for corrective actions.  

Among many evaluation methods, it is critical to select and define proper evaluation 

methods to determine the best causal structures. The confusion matrix is a useful tool for 

analyzing the model performance of classification or prediction of objects [115]. A confusion 

matrix for two classes is shown in Table 2.5. Since we transformed all variables into 

dichotomous variables, there are four possible classification results, i.e., true positive, false 

positive, true negative, and false negative. The confusion matrix in Table 2.5 contains the 

definitions of these four outcomes. True positive (TP) is the number of data observations 

correctly predicted as a positive class, while true negative (TN) is the number of data 

observations correctly predicted as a negative class. False negative (FN) is the number of 

labels incorrectly predicted as a negative class, and false positive (FP) is the number of labels 

incorrectly classified into a positive class. The terms ‗positive‘ and ‗negative‘ are defined by 

users‘ objectives.  

 

Table 2.5 Confusion matrix [52] 

 Predicted positive class Predicted negative class 

Actual positive class True positive (TP) False negative (FN) 

Actual negative class False positive (FP) True negative (TN) 
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Various statistical calculations can be made based on a confusion matrix and can be 

use to evaluate a classifier. In this study, we used four statistical terms, i.e., sensitivity, 

specificity, accuracy (ACC), and G-mean [52]. Sensitivity measures the rate of correctly-

classified positive classes, and specificity measures the rate of correctly-classified negative 

classes. Accuracy (ACC) is the proportion of all correctly classified data observations, and 

the G-mean examines classification accuracies of both positive and negative classes. G-mean 

is the positive rate multiplied by the negative rate. If either the positive or negative prediction 

rate is low, then we cannot achieve a high G-mean value. Therefore, G-mean is a good 

evaluation measure of the balance between the predictive power of positive and negative 

classes. When data are severely imbalanced, since ACC can be misleading the prediction 

performance, G-mean can be used a complementary index of prediction performance [116, 

118].  

The formulas of the evaluation categories follow:   

         

                             

Sensitivity =                      (2.5)

Specificity=                       (2.6)

ACC =              (2.7)

G-mean=    (2.8) 

TP

TP FN

TN

TN FP

TP TN

TP FN TN FP

Sensitivity specificity







  



 

 

Up to now, to evaluate model prediction performance, we have used weighted 

average of ACC and G-mean values. The weight can be determined by human experts and 
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here we use the weight of ACC and G-mean is 0.85 and 0.15 respectively. In addition, 

although machine can distinguish the slight differences between model performances, since 

all the classification performance is based on data set, these performances are vulnerable to 

the slight changes of data sets and are not complete. Considering these facts, we assign a pre-

determined threshold of difference of performances. If the difference of compared weighted 

sum of ACC and G-mean is less than the pre-determined threshold which is assumed 0.01 in 

this study, then we consider the compared model have the equal prediction power.            

 

2.5.3 Elimination Process 

  

2.5.3.1 Rank Aggregation step 

 

Judgment involves the weighing of available evidence and reaching a balanced 

conclusion from that evidence. When there are multiple experts, human or machine, we need 

to aggregate their judgments into one decision by using either behavioral or mathematical 

aggregation method.  Behavioral methods [8] including Delphi method and nominal group 

technique entail negotiation to reach a representative or consensus distribution. Mathematical 

methods, in contrast, are based on a rule or formula. Among many mathematical aggregation 

methods, one of the simplest and most widely used methods is the linear opinion pool with 

simple average [66]. It can be applied to discrete and continuous probability distributions. 

Morris and French proposed more elegant methods to combine judgment [26, 69, 70]. In 

Morris‘s method, a decision maker assigns a joint likelihood function to various responses 
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and a prior distribution for the quantity of event in question. On the other hand, French 

proposed the axiomatic approaches to combine judgment using a Bayesian approach [26]. In 

his method, a decision maker can develop the posterior distribution for the uncertain quantity 

of event using Bayes‘ theorem.  

In social choice area, many researchers introduced various voting methods to solve 

the problem of combining multiple ranked preferences. This was first driven by the need to 

design fair elections. That is, when each of the voters produces a complete ranking of n 

candidates, they want to decide the winner among the n candidates.  

According to the Arrow‘s impossibility theorem [3], there is no perfect voting system 

satisfying all fairness criteria at once if the decision-making body has at least two members 

and at least three candidates to choose among. For example, the Borda count method, one of 

the widely used voting methods, does not satisfy the Condorcet criterion, that is, if a 

candidate beats every other candidate in pairwise comparisons, the candidate should be a 

winner.  This is also supported by No Free Lunch (NFL) theorem. The NFL theorem states 

that if algorithm A outperforms algorithm B on some cost functions, then there must exist 

exactly as many other functions where B outperforms A. It implies that it is difficult to 

identify the single best candidate for every situation and condition [112, 113].   

Moreover, Li showed that the simple aggregation framework represented the expert 

opinions [58]. The number of experts was sufficient for representation and there was no 

expertise bias detected. In addition to this, Brazdil and Soares compared three ranking 

methods: Average ranks (AR), success rate ratios (SRR) and significant wins (SW) and 
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showed that both SRR and AR are significantly better than SW for estimating the rankings of 

algorithm performances [7].  

Although a high degree of agreement would not automatically imply correctness 

because the experts could agree on a faulty answer, Armstrong studied that the aggregated 

opinions are consistently better than the opinions of individual experts no matter the 

aggregation methods [2].  

Since there is no single best aggregation method, even the computation time of proposed 

optimal aggregation method with reasonable constraint is NP-hard. However, aggregated 

opinion is better than the opinion derived by a single expert, and simple average rank method 

is sufficient, forcing us to use aggregation method that is too simple. In this thesis, we use a 

variant of the widely used methods called Baldwin‘s Borda-elimination method [22]. The 

Baldwin‘s Borda-elimination method is multi-step procedure that repeatedly performs a 

Borda count. In each round, we delete the lowest Borda ranked alternative from each 

classifiers ranking.  However, to avoid the elimination of the low ranked candidate with low 

degree of agreement between human and machine, we slightly modify the computation 

formula of Borda count.   

 

We assume, without loss of generality, that n  causal structure candidates are 

numbered in sequence. We think of a ranking ˆ( ) :{1, , } {1, , }J n n   as a list of the 

elements {1, , }n  in order of preference (possibly with ties). We will thus say that a ranking 

ˆ( )J   prefers i  to j , or ranks i  higher than j , if  ˆ ˆ( ) ( )J i J j .  
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Since we want to know the least plausible candidate agreed by human and machine, a 

candidate will receive 1 point for a first preference, 2 points for the second preference, 3 for a 

third, and so on as shown in the following example: 

 

Table 2.6 Example of Borda count method 

Candidate Ranking ( ˆ( )J  ) Formula Borda Points  

(B= ˆ( )J  ) 

Causal structure A          1
st
 1 1 

Causal structure B          2
nd

 2  2 

Causal structure C          3
rd

  3 

Causal structure D          4
th

 1n  4 

Causal structure E          5
th

   n  5 

 

To measure the degree of agreement between the rankings of each item in two ranked 

lists, we use the absolute difference between two corresponding rankings of each item. That 

is, given two complete rankings of machine and human, ( )MJ  and ( )HJ  respectively, the 

difference (D) is defined as  

                              | ( ) ( ) |                                        (2.9)M HD J J for all i    

Finally, we aggregate ranking lists using Borda points (B) and difference (D) by using 

defined formula as 
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( ) ( ) 
       4( ) | ( ) ( ) |

2

( ) 3 ( )    ( ) ( ) 

                                                       3 ( ) ( )   ( ) ( )

2 ( )+2 ( )

M H
M H

M H M H

M H M H

M H

J J
Aggregated ranking of candidate i J J

J J where J J

J J where J J

J J

 
 

   

   

 


  

 

       (2.10)

  ( ) ( )M Hwhere J J 




 

 

 

We eliminate the maximum value of aggregated ranking in each of iterations in HM-CII. 

 

Example 2.1 Suppose there are 4 causal structures and two experts (a human and machine). 

Each expert independently rates the plausibility of the causal structures. Table 2.7 shows 

human and machine rankings. 

 

Table 2.7 Rank aggregation process (Example 2.1) 

Candidates Human ranking Machine ranking Aggregated ranking Result 

A 1
st
 4

th
 7  

B 2
nd

 3
rd

 9  

C 4
th

 2
nd

 10 Eliminate 

D 3rd 1
st
 6  

 

 Since we use the inclusion method to narrow the choice down, we select causal 

structure A, B, and D. Thus, we fuse the data sets of causal structure A, B, and D to update 

the system information in subsequent iteration.  
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2.5.3.2 A Stopping rule and Candidate narrowing down 

 

If we have the model with ˆ( )J  =4, then HM-CII stops and it is the best model. 

Otherwise, HM-CII updates human and machine model preference information into the data 

set and goes to the fabrication process. To prevent the case that human and machine do not 

agree on the best model, human expert determines the tolerance level of the number of 

iterations he/she would go. Thus, if the number of iterations reaches to the pre-determined 

tolerance level, HM-CII stops with the best model rated by the human expert. 

When deciding among multiple alternatives, one useful strategy is to narrow down 

the number of alternatives [33]. Actually, this is a common process in realistic decision 

making to reduce the choice set to derive to the best solution. To reduce our choice set, we 

can (1) to include the possible solution candidates from an initially empty set or (2) to 

exclude the less plausible candidates from an initially full set.  

Yaniv and Schul found that elimination process provides larger subsets of candidates than an 

inclusion process [121]. In addition, in the situations with large alternative sets, a common 

heuristic is to compare each candidate against some preset criterion level [105, 122]. Yaniv 

and Foster argued that under uncertainty, people tend to trade off between accuracy and 

informativeness [121]. In addition, Levin et al. found that people have a tendency to use an 

inclusion process or an exclusion process for a ―Positive‖ or ―Negative‖ task respectively 

[57]. This implies that the selection of the narrowing down strategy depends on the task 

characteristics. In addition, they found that the inclusion process provides greater depth and 

breadth of information search, but found no significant difference between the final choices 
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of inclusion and exclusion in decision quality [33]. Thus, in HM-CII we use inclusion 

process with smaller value of ˆ( )J   to reduce the choice set. 

 

2.5.4 Feedback Process (Data Information Update Step) 

 

The sub-sampling method – When we use the sub-sampling method, we track all 

relevant data combinations, we know which data combinations should be eliminated and 

which ones should be kept. Figure 2.9 shows an example of the inclusion process under the 

sub-sampling method. 

 

Figure 2.9 The Inclusion process (The Sub-sampling method) 

 

The MCS method – Since we use the generated data set using the joint probability 

distribution, we need to combine multiple joint distributions. Among many operating 

methods to aggregate probability distribution, we select an average of joint distributions [7, 
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58, 66]. Figure 2.10 shows the example of the aggregated distribution of two joint probability 

distributions.   

 

 

Figure 2.10 The data updating process under the MCS method 

 

 After constructing new data set for the next iteration, HM-CII restarts from the 

fabrication process. HM-CII continues its process until it obtains the agreement on the best 

model by human and machine, or the number of iterations reaches the pre-determined 

tolerance level. When HM-CII terminates due to the number of iteration limit, it stops with 

the best model rated by the human expert.  
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 2.6 Other possible approaches 

 

There are many possible approaches to building a model employing human and 

machine interactions, which adopt a variety of methods for establishing human and machine 

collaboration. In this section, we briefly introduce several approaches. 

The first aspect focuses on how machine intelligence grasps the human‘s perception 

and signals and converts them into usable data to control a mechanical device, and/or how 

the human interfaces with the computer [43, 75, 79]. To address this, researchers have used a 

number of quantitative methods, such as a fuzzy classifier and root mean square value, to 

interpret the signal process. In addition, they have used classification methods like the neural 

network method to predict the possible motions of a robot using the human‘s classified 

signals.  

While the first aspect focuses on the integration of human signals and machine 

intelligence, another research has been directed towards the optimal division and allocation 

of the problem solving tasks within the human and machine interaction in consideration with 

different human and machine strengths and weaknesses to maximize model performance [85].  

 Meanwhile, other researchers have proposed human and machine interaction models 

for knowledge integration, Kim et al. tried to integrate solutions of human and machine 

intelligences  using the Fuzzy neural network to predict stock market prices [35,44, 45,46]. 

That is, after selecting the relevant variables, the machine converts them into a fuzzy 

membership function to construct a fuzzy neural network. Then, the fuzzy neural network is 

aggregated into the human knowledge by the fuzzy logic framework. The generated fuzzy 
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rules from input-output data provided better reasoning performance and understanding of an 

unstructured system. Considering that they use two solutions representing the human and 

machine intelligences, their model is similar to HM-CII.  However, unlike HM-CII, it does 

not allow interactive evolutionary processes between the human and machine and does not 

provide any graphical structure to aid visualization of the structure by human intelligence.   

The last group of models, which includes HM-CII, is based on the framework that 

allows human and machine participation in the decision making process. The models in this 

group provide a graphical input structure for human intelligence, and the framework consists 

of a number of quantitative models in consideration with the characteristics of human and 

machine intelligences. In addition, the solution space is searched by an evolutionary process. 

For example, the model proposed by Teh and Lim provides a graphical structure to aid 

visualization of the data structure and consists of a number of approaches, such as kMER for 

classification and Probabilistic neural network for prediction and evolutionary computational 

search [103]. However, while it uses the human‘s subjective evaluation as the 

communication tool, in HM-CII we employ the causal structures as a tool for system 

visualization and the ordinal ranking of the causal structures as a vehicle for communication 

between human and machine. In consideration with the human uses the causal relationships 

in their problem solving process, the causal structure can be a good tool with which the 

human and machine can be updated, and with which they can exchange their information. 

Thus, our proposed system (HM-CII) focuses more on the knowledge integration and 

representation of the human and machine intelligence than the model of Teh, and Lim.  
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The Table 2.8 presents the summary of their researches for the human and machine 

interactions and collaboration.  
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Table 2.8 The summary of researches related on human-machine interaction 

Authors Aim of Study Method Outcome 

Bien. Z and 

Song. W.-K. 

[6] 

Propose a new 

wheelchair-based 

robotic system with 

soft computing 

techniques 

Fuzzy min-max neural 

network, the fuzzy set 

theory, and the rough set 

theory  

Combination of soft 

computing methods 

can be utilized to 

improve the human-

machine interaction. 

Kim. C.-H., 

Park. S.-Y. 

and Lee. J.-J. 

[44] 

Propose a motion 

planning for man-

machine interactive 

manipulator 

Human neuro-biological 

signal, Fuzzy classifier, 

and neural network 

The proposed 

method can find the 

several pre-targeted 

candidates. 

Kwon., S. 

and Kim., J. 

[55] 

Present the real-time 

motion prediction 

method for physical 

human-machine 

interactions 

Surface electromyography 

(sEMG) and artificial 

neural network (ANN) 

The proposed 

method is 

sufficiently accurate 

and fast, but not 

superior. 

Malasky, J.S. 

[63] 

Propose a human 

machine 

collaborative 

Decision Making in a 

Complex 

optimization system 

Human-Machine 

Collaborative Decision-

Making (HMCDM) 

The proposed 

method applied to a 

resource allocation 

and planning 

problem shows 

improvements. 

Park et al. 

[79] 

Propose a new 

strategy for 

measuring machine 

intelligence quotient 

(MIQ) of human-

machine cooperative 

systems 

Intelligence Task Graph 

(ITG) 

The results show the 

new strategy of 

human and machine 

co-operations. 

Teh, C.S. and 

Lim, C.P. 

[103] 

Propose the human 

computer interaction 

architecture for 

decision support 

Human subjective 

evaluation, kMER for data 

visualization, PNN 

(Probabilistic neural 

network) for classification, 

Evolutionary computation 

/Genetic algorithm for 

human interaction 

When the proposed 

system is applied to 

artificial and real 

data sets, the result 

are successful. 
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Chapter 3 

HM-CII application I-  

A Pipe-installation Project Delay data set 

(Multi-level Chow tree structure) 

 

 

3.1 Motivation 

 

In this chapter, we investigate two issues: whether or not the human and machine 

really agree on the best model in HM-CII, and, if they can agree, then how long does HM-CII take to 

obtain an agreed model. When we developed HM-CII, we believed that the considerably good model 

must be evaluated as being good regardless of the evaluation criteria. Since HM-CII provides the best 

Chow tree model in the first iteration from the computational perspective, there should be a high 

probability that the human and machine agree on the model for which the maximum sum is the best. 

However, this cannot be verified by the simulation study, and this chapter we demonstrate the 

performance of HM-CII with real example.  
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  3.2 Data Description 

 

Construction projects are typically composed of complex networks of interrelated 

activities.  Work flow is the movement of information and materials through the networks of 

production units [4, 60].  Improving work flow reliability is important for the productivity of 

linked production units, and consequently for project cost and duration.  Since work flow 

may be impacted on by a number of factors, which may reduce work flow reliability and 

negatively affect productivity performance, identification of the factors affecting work flow 

reliability is necessary in order to learn from failures regarding completing work plans and to 

build strategies to improve work flow reliability for better construction project productivity. 

Here, we studied failures of work plans and analyzed them to identify actionable causes 

based on a comprehensive set of production data of a pipe installation project. 

The following data are from construction projects. The data were collected for 592 

working days in 12 work areas of a pipe-installation project. The data consist of 592 data 

observations, including 26 missing observations and 13 fields, specifically: the number of 

daily planned tasks, completed daily planned tasks, non-planned daily tasks that were 

completed, uncompleted daily tasks, daily planned man-days, completed man-days, percent 

plan completed (PPC), commitment plan (CP), material (M), pre-requisite work (PW), 

weather (W), resources (R), safety (S), and equipment (E). All variables represent the 

number of tasks that are uncompleted because of a corresponding variable, and PPC is 

defined as follows: 
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the number of tasks completed 
100                     (3.1)

Total planned tasks
PPC    

 

Pipe-installation project delay data differs from the ergonomic incident data because 

of its multi-level data structure. For example, CP consists of tri-level sub-categories. Within 

the CP field there are three categories: 1) over commitment, 2) not following the plan during 

execution, and 3) a bad plan.   Further, in the bad planning category, there are four sub-

categories: (1) equipment problems, (2) working method problems, (3) space problems, and 

(4) scaffolding problems. That is, the variable CP is thus divided into ―bad planning‖, 

―executive problem‖, and ―over commitment‖ , and there are four sub-categories under the 

category ―bad planning‖, namely ―equipment problem‖, ―working method problem‖, ―space 

problem‖, and ―scaffolding problem‖. The variable M consists of two sub-classifications: 

―delayed material‖ and ―wrong material‖.  

 

3.3 HM-CII Procedures   

 

This study is slightly different from the typical ergonomic incident data analysis 

presented in chapter 4. While we simulate all possible scenarios in the ergonomic data in 

chapter 4, here we use HM-CII with a real human expert. In addition, human experts have 

already determined key variables to be used. Thus, in this analysis, we compared the selected 
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variables from HM-CII and from the human expert to identify the gaps. The results are 

described in detail in Section 3.3.2.1 and 3.3.3.1 below.   

 

3.3.1 Fabrication Process 

 

Step 1 Data Cleaning and Transformation 

First, any missing data objects are replaced or removed. All variables except the 

variable PPC are discrete variables, so we transform them into binary forms. Since we want 

to know the cause of project delay, we split categories into ―causing delay (0)‖ and ―not 

causing delay (1)‖. The dependent variable PPC is continuous in the range from 0 to 100, so 

we split it into ―minor (0)‖ and ―major‖ (1) delay based on the threshold value of 50. That is, 

if PPC is less than 50, it is classified as 0. Otherwise, it is assigned the value 1. 

 

Step 2 Relevant Variable Identification 

First, we determine the significant principal components (PCs) using principal 

component analysis. Although most PCs have eigenvalues greater than one, only the first PC 

is significant, so we select the first PC only. Then we project the selected PC into the original 

variable axes. Finally we select the four independent variables shown in Table 3.2. 
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Table 3.1 Eigenvalues of the correlation matrix 

  Eigenvalue Difference Proportion Cumulative 

1 1.79319 0.681552 0.2241 0.2241 

2 1.111637 0.016537 0.1390 0.3631 

3 1.0951 0.055432 0.1369 0.5000 

4 1.039668 0.030477 0.1300 0.6299 

5 1.009191 0.028058 0.1261 0.7561 

6 0.981134 0.011103 0.1226 0.8787 

7 0.970031 0.969983 0.1213 1.0000 

8 4.86E-05 0 1   

  

 

 

 

Figure 3.1 A scree plot of Principal component Eigenvalues 
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                                   Table 3.2 The variable selections 

  Prin1 Prin2 Prin3 Prin4 Prin5 

PPC -0.74073 -0.08113 0.003747 -0.07438 -0.00136 

CP 0.485341 -0.6454 0.140657 0.082447 -0.01706 

W 0.36357 0.49072 0.283657 -0.60765 -0.06981 

PW 0.196035 0.044981 -0.63629 0.15344 -0.42944 

R -3.3E-05 0.364865 0.371804 0.49301 0.034703 

M 0.163071 0.39342 -0.49949 0.211646 0.452434 

E 0.087151 -0.1565 0.041048 0.038504 0.748195 

S 0.104709 0.147143 0.324743 0.552773 -0.21147 

 

 

 Step 3 Chow tree construction  

 

             Step 3-1 Construct contingency table – Select two paired variables and make 

frequency tables for all such pairwise variables.  

 

             Step 3-2 Compute the Mutual Information (MI) – We can interpret the mutual 

information of two variables as the explaining power of one variable on the other variable, or 

vice versa. By using a contingency table for variables A and B, we can calculate the mutual 

information I(A, B) where  

2

,

( , )
( , ) ( , ) log                     (3.2)

( ) ( )A B

P A B
I A B P A B

P A P B
 




 

 

Step 3-3 Apply Kruskal’s algorithm – Using Kruskal‘s algorithm shown in Figure 3.2, 

we construct a maximum spanning tree. The results are shown in Table 3.3. 
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                     Figure 3.2 Kruskal’s algorithm 

 

Step 3-4 Construct multiple Chow trees –   From the maximum spanning tree 

constructed in Step 3-3, we eliminate the least MI and the second least MI for the 2
nd

 and 3
rd

 

Chow tree candidates, respectively. We then re-apply Kruskal‘s algorithm using reduced MI 

sets. Table 3.4 shows how to construct multiple Chow trees. 

 

 

 

 

 

 

 

 

Step 1. Sort the weights of the Chow tree (MI) in decreasing order.  

Step 2. Initially starting from the empty set, we add edges in sorted order. If the added 

edge creates a cycle in the graph, skip it and continue to the next edge. 

Step 3. Continue adding edges until the graph becomes the spanning tree. The constructed 

Chow tree has the maximum weight             
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Table 3.3 Mutual Information and Kruskal’s algorithm 

 
 

 

Steps  Description  

 

Select the largest mutual information (MI). In this case we 

select I(W,PPC).  

 

Select the next largest MI, which is I(PPC, CP). Check 

whether it creates a cycle. If it does, skip it. Otherwise, 

select it.    

 

Select the next largest MI which does not create a cycle. 

Now we have I(PW,M).  

 

 

Since I(CP,W) create cycles, we skip it and go to the next 

mutual information I(PW,PPC).  Since we have used all 

the variables, we stop. Now we have the Chow tree with 

maximum sum of MI values.  

 

0

0.01

0.02

0.03

0.04

0.05

0.06

Mutual Information
Name MI 

I(PPC,W) 0.051546 

I(PPC,CP) 0.018390 

I(PW,M) 0.008261 

I(CP,W) 0.004976 

I(PW,PPC) 0.004102 

I(PPC,M) 0.001975 

I(W,PW) 0.001969 

I(CP,PW) 0.000336 

I(W,M) 0.000299 

I(CP,M) 3.6E-05 
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Table 3.4 Multiple Chow tree construction 

Description  2
nd

  Chow tree  3
rd

 Chow tree  

Starting with the initially 

constructed chow tree 

structure, we eliminate 

the least and the second 

least MI values 

respectively.   

 

 

Reapply Kruskal‘s 

algorithm to construct 2
nd

 

and 3
rd

 Chow trees.  

 

 

 

Since Chow tree structures are direction free, we can add directions arbitrarily. Our 

initial goal was to find the key causes of faults; therefore, we assigned directions as being 

from independent variables to the dependent variable. Then, we finally established three 

causal structures as shown in Figure 3.3. 

 The Chow tree presents the dependencies between variables, so the Causal Structure 

1 can be interpreted as follows. From the knowledge that there is a delay due to a problem 

with material supply, we can expect whether or not this delay causes pre-requisite work delay. 
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Also, by knowing the status of CP, W and PW, we can predict the severity of the respective 

proportion of the delay in each case. 

 

   

(a)Causal Structure 1   (b) Causal Structure 2  (c) Causal Structure 3  

 

Figure 3.3 Constructed causal structures 

 

       Step 4 Expand causal structures 

 After constructing the causal structures, the human expert wants to know the more 

specific causes of project delay. Thus, we expand our causal structures using the sub-level 

categories in each of the variables. Among the four variables, there are two multiple layered 

variables.  

     To expand the original causal structure using sub-categories, we first construct causal-

blocks in each of level of variables. Thus, if the variable has tri-level categories, then it has 

three casual bocks for each layer. Since we have already constructed the causal structure 

using the first-level information, we now only have to construct the casual blocks 

representing the second and third levels of categories. After constructing all sub-causal 

CP 

M 

PW W 

PPC 

CP 

PW 

M W 

PPC 

CP M PW W 

PPC 
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blocks, we unify them into one complete causal structure. Details of this process are 

described below.  

  

  Step 4-1 Construct sub-causal structure – We check whether each variable has 2
nd

 or      

3
rd

 level categories. If it has, we construct its causal structure using Steps 1 to 3.  For 

example, the variable CP has tri-level categories. Thus, we first construct the causal block of 

CP using the 2
nd

 level categories. Since there are three categories, we first identify the 

relevant categories using principal component analysis. We then compute the mutual 

information of selected categories with the original variable CP. The variable ―CP‖ becomes 

a dependent variable and selected categories of CP become independent variables.   Note that, 

among the selected CP categories, the category ―Bad Planning‖ has four sub-categories. Thus 

we also construct the causal structures of the category ―Bad Planning‖.  Figure 4.4 illustrate 

the constructed causal structure of the categories under the variable ―CP‖. 

 

  

The 1
st
 sub-causal block of ―CP‖ The 2

nd
 sub-causal block of ―Bad Planning‖ 

 

                       Figure 3.4 Examples of sub-causal blocks 

Working 

Method Scaffolding Space 

Bad Planning 

Bad 

Planning 

Over 

commitment 

CP 
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Step 4-2 Assemble causal structure – After constructing all causal structures of sub-

categories, we unite them to make a complete causal structure. That is, we replace the 

original variable with the newly constructed causal structures for the sub-categories. Since 

the upper and lower level classifications are mutually exclusive, the variable ―CP‖ and ―Bad 

Planning‖ are eliminated. The expansion process is illustrated in Figure 3.5 and the final 

united causal structures are presented in Figure 3.6. 
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 Expanded 
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Figure 3.5 Expansion process of the causal structure 
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Causal structure 1. 

 

 

 

 

 

 

Causal structure 2. 

 

 

 

 

 

 

Causal structure 3. 

Figure 3.6 Expanded causal structures 
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           3.3.2 Model Evaluation Process 

 

In this step, the human experts and machine evaluate the causal structure by their own 

evaluation criteria. Human experts usually have a good grasp of the direct conditional 

dependencies that hold in the domain under analysis. Thus, human experts can rank causal 

structures by evaluating the conditional dependencies of variables in causal structures. Thus, 

HM-CII uses the rankings of candidate Chow tree models. Using ordinal comparisons, we 

do not consider the how much better candidate A is than candidate B. We only consider 

which one is better than the others.   

 

3.3.2.1 Machine Evaluation Process  

 

 Step 1 Data Manipulation  

There are possible manipulation methods: (1) the sub-sampling method and (2) the 

Monte Carlo Simulation method (MCS).  The pipe-installation data comprise only 566 data 

objects with seven variables when we expand our causal structures. Although all variables 

are dichotomous, 128 different data combinations are possible. Thus, 566 data objects are not 

sufficient to implement the sub-sampling method, so we use the MCS method.  That is, HM-

CII computes the joint probability distribution using contingency tables and generates five 

different data sets for training. Figure 3.7 and Table 3.5 illustrate how to compute the joint 

probability distribution for the given causal structure. 
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Causal structure Bayesian network computation  

 

 

 

 

 

 

 

 

Figure 3.7 The joint probability computation for the given causal structure  

 

 

       Table 3.5 The Contingency table and conditional probabilities 

 

 

 

 

 

 

 

 

 

 

 

( , , , )

( ) ( ) ( | ) ( | , )

P A B C D

P D P B P C D P A B C

      A                   

(B,C) 

1 0 Total  

(1,1)  54 19 73 

(1,0)  25 7 32 

(0,1)  40 16 56 

(0,0)  26 35 61 

Total  45 77 222 

(A,B,C) P ( A | B , C ) 

(0 ,0 ,0 ) 35/61= 0.5728 

(1 ,0 ,0 ) 26/61= 0.4262 

(0 ,0 ,1 ) 16 /56=0 .2857 

(1 ,0 ,1 ) 40 /56=0 .7143 

(0 ,1 ,0 ) 7 / 3 2 = 0 . 2 1 8 8 

(1 ,1 ,0 ) 25/32 = 0.7812 

(0 ,1 ,1 ) 19/73= 0.2603 

(1 ,1 ,1 ) 54 /72=0 .7397 

D 

B C 

A 
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Step 2 LR model  

After compiling all the data sets for the given causal structures, we build logistic 

regression (LR) models for all the data sets. Since LR requires an arbitrary threshold 

probability to cluster data into subgroups, it is essential to choose a proper threshold for 

accurate clustering. In this study, we use the prior probability, one of the main options 

available in statistical software packages, as a threshold. 

 

Step 3 Accuracy computation  for model evaluation 

The machine ranks the causal structures and faults based on their prediction 

performance. Among the many model evaluation methods, the confusion matrix is popular 

for binary data.   

The confusion matrix presented in Table 3.6 contains the definitions of the four possible 

outcomes: i.e., true positive, false positive, true negative, and false negative.   

 

                                   Table 3.6 Confusion matrix [52] 

 Predicted positive class Predicted negative class 

Actual positive class True positive (TP) False negative (FN) 

Actual negative class False positive (FP) True negative (TN) 

 

Various statistical calculations can be made based on a confusion matrix and used  

to evaluate a classifier. In this study, we used four statistical terms, i.e., sensitivity, 

specificity, accuracy (ACC), and G-mean [52].  
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The formulae of the evaluation categories are as follows: 

Sensitivity                                (3.3)

Specificity                               (3.4)

                      (3.5)

         (3.6)

TP

TP FN

TN

TN FP

TP TN
ACC

TP FN TN FP

G mean Sensitivity specificity










  

  

 

Using the ACC and G-mean values, HM-CII computes the prediction performance, 

which is the weighted average of ACC and G-mean. The results of this calculation are shown 

in the Figure 3.8. Here we computed the model performance using the Naïve model with the 

joint probability distribution of original data for comparison with the traditional classification 

model.    

The results show that Causal Structure 2 has the best prediction performance among 

the three causal structures, so the machine ranks the Causal Structure 2 as the best. When we 

compare the model performances of selected causal structures and the model performance of 

the Naïve model with the joint distribution of original data, we find the Naïve model is better 

than the Causal Structures 1 and 3, but worse than the Causal Structure 2. This result shows 

that the right choice of causal structure can improve the model performance, but the wrong 

selection of causal structure significantly impairs the model performance.    

In addition, according to Chow and Liu, the Chow tree with the maximum sum of MI 

is the optimal approximation of the true distribution. Here, the Chow tree with the maximum 

sum of MI is Causal Structure 1, but its prediction performance is the worst of the three 

candidates. This result shows us that when the data set is insufficient or contains noise or 
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wrong information, the machine rankings based on the model performance may not be the 

same as the rankings based on the sum of MI. 

 

Table 3.7 Prediction performance of causal structures 

  Causal 1 Causal 2 Causal 3 Naïve 

model 

Sensitivity 0.611268 0.571831 0.560563 0.5887324 

Specificity 0.197576 0.786263 0.63798 0.7575758 

ACC 0.24947 0.759364 0.628269 0.7363958 

GMEAN 0.347522 0.670529 0.59802 0.4953964 

Prediction  

Performance 0.264178 0.746039 0.623732 0.700246 

Ranking 3
rd

  1
st
  2

nd
   

 

 

           

Figure 3.8 Evaluation of prediction accuracy between causal structures 
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3.3.3 Elimination Process  

 

In this step, HM-CII compares the rankings of the human and machine and decides 

whether or not to stop. If the best models selected by the human and machine are matched, 

then HM-CII stops. Otherwise, HM-CII identifies the least plausible and most favorable 

candidates and only keeps the data supporting the more plausible causal structures in the next 

iteration. 

 

3.3.3.1 Rank Aggregation and a Stopping Rule 

 

Using the aggregated ranking formula defined as 

 

( ) ( ) 
       4( ) | ( ) ( ) |

2

( ) 3 ( )    ( ) ( ) 

                                                       3 ( ) ( )   ( ) ( )

2 ( )+2 ( )

M H
M H

M H M H

M H M H

M H

J J
Aggregated ranking of candidate i J J

J J where J J

J J where J J

J J

 
 

   

   

 


  

 

       (3.7)

  ( ) ( )M Hwhere J J 




   

 

we compute the aggregated rankings of candidate models. Here, the coefficient of the 

average ranking is used to avoid the case where the effect of the average and the effect of the 

difference of two rankings are canceled out.  Thus, we can replace the coefficient of the 

average ranking by other numbers. After computing the aggregated ranking, HM-CII decides 

if the best models selected by the human and machine match.  
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Table 3.8 Human and machine rankings 

Ranking Causal Structure 1 Causal Structure 2 Causal Structure 3 

Human 2
nd

   1
st
  3

rd
  

Computer 3
rd

  1
st
  2

nd
 

 9 4 9 

 

The result shows that human and machine have reached an agreement on the best 

causal structure, so HM-CII stops with the Causal Structure 2. This result supports our 

expectation that the considerably good model must be evaluated as good regardless of the 

evaluation criteria. Although the selected causal structure does not contain the maximum 

mutual information, it is rated as the best because of the model performance and the 

evaluation by a human expert.  

In this study, we examined two issues: firstly, whether the human and machine agree 

on the best causal structure, and second, whether the model provided by HM-CII gives more 

accurate classification results than the Naïve model. Our results show that the human and 

machine can agree on the best model after just one iteration, and the data manipulation based 

on the causal structures can provide stronger predictive power, even though the degree of 

superiority varies based on the specific causal structure. This result tells us that the prediction 

performance can be improved by selecting the proper causal structure. 

 

 

 

ˆ( )J 
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Chapter 4  

HM-CII application II –  

Ergonomic Incident data 

 

 

     4.1 Introduction 

 

In this chapter, we review all possible situations that may occur in HM-CII using  

ergonomic incident data. The objective of this chapter is to determine whether HM-CII terminates 

with the agreed model when there is no tolerance level for the number of iterations and to see the 

prediction performances of the final models in each situation.  

 

4.2 Data Description  

 

The following data were extracted from incident data of four nuclear power plants 

located in North Carolina. Data were collected for approximately 6 years from January 2003 

to May 2008 and consists of 300 observations, including 15 missing observations and 19 
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fields including year, case number, incident date, incident summary, employment category, 

job title, employment department name, work group, SIMS location, specific location, 

incident classification description, body part description, incident type description, injury 

source description, injury type, and outage. Some variables were categorical while others 

were descriptions of the incidents.  

 

4.3 HM-CII 

 

In this section, we examine each process in HM-CII using ergonomic incident data. 

 

4.3.1 Fabrication Process 

 

Step 1 Data cleaning and Transformation - In Step 1, data were transformed into an 

appropriate form to facilitate analysis. Missing values were replaced or deleted and 

characteristic and continuous variables were transformed into numeric dichotomous 

variables. Since we were examining the cause of major injury sources and most variables 

were categorical, we split categories into ―non-frequent (0)‖ and ―frequent (1)‖ using basic 

statistics including histograms and scatter plots. Figure 3.1 illustrates examples of this 

transformation using categorical histograms. Specifically, we split all variables into frequent 

and non-frequent classes.  
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Figure 4.1 Examples of Categorical histograms 

 

Step 2 Relevant Variable Identification - During Step 2, we used the principal 

component analysis (PCA) to select key variables. Based on the eigenvalue-one criterion and 

the scree plot of eigenvalues (see Table 4.1 and Figure 4.2, respectively), we selected four 

principal components (PCs) and projected each PCs onto the original variable axes to 
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identify significant original variables. Table 4.2 summarizes the principal component 

coefficients and six key variables including the dependent variable. 

 

Table 4.1 Eigenvalues of the Principal components 

  Eigenvalue Difference Proportion Cumulative 

Principal Component 1 1.61787 0.295004 0.1798 0.1798 

Principal Component 2 1.32286 0.130938 0.147 0.3267 

Principal Component 3 1.19192 0.101193 0.1324 0.4592 

Principal Component 4 1.09073 0.150815 0.1212 0.5804 

Principal Component 5 0.939915 0.091332 0.1044 0.6848 

Principal Component 6 0.848583 0.128676 0.0943 0.7791 

Principal Component 7 0.719907 0.03538 0.08 0.8591 

Principal Component 8 0.684526 0.10084 0.0761 0.9351 

Principal Component 9 0.583686 0.0649 1   

 

 

 

Figure 4.2 Scree plot of Eigenvalues of Principal Component 
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Table 4.2 Principal Component analysis 

 

Step 3 Chow Tree Construction. In Step 3, for the HM-CII a Chow tree was 

developed using a simple formats of causal structures as a communication tool between 

human and machine. The Chow tree represents the probabilistic dependencies between 

variables measured by mutual information (MI). According to Chow and Liu [15], the Chow 

tree with the maximum sum of MI provides the best approximation. However, there is no 

guarantee that the best Chow tree for machine intelligence is also the best for human experts. 

Thus, HM-CII constructs multiple Chow trees to account for these potential differences. 

 

 Step 3-1 Construct Contingency Table. We made contingency tables of all pairwise 

variables.  

Principal 

component Prin1 Prin2 Prin3 Prin4 Prin5 Prin6 

Case Number 0.217779 -0.45692 0.400435 -0.001233 0.324193 0.379397 

BodypartDesc 0.33502 0.157086 0.53238 0.264478 -0.24707 0.307097 

IncidentType -0.2338 -0.20003 0.016702 0.566176 -0.66859 -0.00285 

InjuryType -0.17565 -0.23194 0.002052 0.639922 0.560121 -0.07294 

Outage 0.102831 -0.13666 0.115884   -0.08033 -0.02943 

InjurySource -0.1453 0.387948 -0.4153 0.148131 0.09491 0.785428 

EMP -0.07389 -0.23941 0.046643   -0.02062 -0.00927 

WorkGroup -0.1876 0.46227 0.55443 -0.11841 0.060202 0.013954 

SIMSLocation 0.161237 0.54084 0.008039 0.385261 0.231507 -0.37199 
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Step 3-2 Compute Mutual Information (MI). During Step 3-2, we computed MI, 

which can be interpreted as the amount of information of one variable explained by another 

paired variable. Following, we calculated MI of I (A, B) using (4.1).  

 

2

,

( , )
( , ) ( , ) log                 (4.1)

( ) ( )A B

P A B
I A B P A B

P A P B
 




 

 

Step 3-3 Apply Kruskal’s Algorithm - After calculating all MI, MI was sorted in 

descending order as shown in Table 4.3. Following this sorting, the HM-CII selected the MI 

in an ordered array. If the MI created a cycle, then the MI was skipped and the HM-CII 

continued to the next MI. We repeatedly selected MI until the graph represented a spanning 

tree and it  had the maximum sum of MI.   Table 4.3 shows the ordered MI values and 

Kruskal‘s procedure.  
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Table 4.3 Mutual Information and Chow tree construction process 

 

 

 

 

 

 

 

 

 

 

 

 

Name MI 

I(W,SL) 0.051447 

I(IT,SL) 0.036898 

I(ICT,IT) 0.035651 

I(B,IT) 0.034619 

I(ICT,SL) 0.023438 

I(ICT,W) 0.021475 

I(W,IS) 0.014201 

I(B,IS) 0.008706 

I(B,W) 0.008414 

I(B,ICT) 0.008157 

I(SL,IS) 0.00757 

I(IT,W) 0.007134 

I(B,SL) 0.00651 

I(IT,IS) 0.003104 

I(ICT,IS) 0.001624 

Steps Description 

 Select the largest mutual 

information (MI). Since  

I (W, SL) is the largest this was 

selected. 

 

 

Select the next largest MI. 

Since  

I (IT, SL) is the second largest, 

this was added to the Chow 

tree.  

 

 

 

 

Select the next largest MI. 

Check whether it creates a 

cycle. If it does, skip it. 

Otherwise, select it.   Since the 

next largest MI,  

I (ICT, IT) did not create a 

cycle, it was added to the Chow 

tree.   

 

 

 

Select the next largest MI that 

does not create a cycle. This 

resulted in I (B, IT). 

 

 

 

 

 

 

 

 

 

Since I (ICT, SL) and I (ICT, 

W) created cycles, we skipped 

them and went to next mutual 

information I (W,IS). Since  

I (W, IS) did not create a cycle, 

we selected it, resulting in the 

Chow tree with the maximum 

sum of MI values.  
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Step 3-4 Multiple Chow Tree Construction. To construct another Chow tree, we  

eliminated one MI value used in the Chow tree in Step 3.3 and applied Kruskal‘s algorithm 

to the reduced MI set. Here, we constructed two Chow trees by eliminating the least and the 

2
nd

 least MI to construct the 2
nd

 and 3
rd

 Chow trees respectively.  Following this elimination, 

we applied Kruskal‘s algorithm to each reduced MI sets, resulting in two Chow trees (see 

Table 4.4).  

Table 4.4 Multiple Chow tree construction process 

Description 2
nd

  Chow tree 3
rd

 Chow tree 

Starting with the initially 

constructed Chow tree 

structure, we eliminated one 

MI value. To create two chow 

tree structures. Thus, for the 

2
nd 

and 3
rd

 Chow tree 

structures, we eliminated the 

least and second least MI 

values, respectively. 

 

 

   

  

Apply Kruskal‘s algorithm. 

For the 2
nd

 and 3
rd

 Chow tree, 

I(B,IS) was selected.  
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Since the Chow tree structures are direction free, we were able to add directions 

arbitrarily. Our initial goal was to find key causal paths of faults; therefore, we assigned 

directions based on the independent variables to the dependent variable. This process resulted 

in three causal structures as shown in Table 4.5. 

 

Table 4.5 Mutual information (1
st
 iteration) and causal structures 

 

 

 

 

 

 

 

 

  

(a)Causal Structure 1 (b) Causal Structure 2 (c) Causal Structure 3 

 

Since the Chow tree presents the dependencies between variables, causal structure 1 

can be interpreted as follows. By knowing B (body-part) and ICT (incident-type) information 

of an object, we can obtain information about the possible IT (injury type). Further, 

information about IT provides information about and object‘s SL (SIMS location, work 

place) and; therefore, the work position of the object can be predicted. Finally, using the 

information from all available variables, we can predict the injury source of the object.   
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4.3.2 Model Evaluation Process 

 

In this step, human experts and machine evaluated the causal structure models 

independently. Human experts ranked causal structures based on their knowledge, 

experience, heuristics, and analogies, while machine ranked the causal structure based on 

classification performances. 

 

4.3.2.1 Machine Evaluation Process  

 

Step 1 Data manipulation - There are two forms of data manipulation, (1) sub-

sampling method and (2) Monte Carlo Simulation method (MCS). In this chapter, we 

simulated all possible scenarios using both the sub-sampling method and MCS method.  

 

(1) Sub-sampling method 

The sub-sampling method uses the original data set to sample data combinations  

representing the given Chow tree structure. After decomposing the given causal structure into 

the several causal blocks, we constructed the contingency tables and determined all 

significant data combinations. After selecting significant data combinations of causal blocks 

using the conditional probabilities in each row and column directions, we united this 

information into a complete array of data combinations. Once completed, we had all data 

combinations necessary to represent the given causal structure and were able to pull a sub-

sample from the original data. In the case of unavailable data combinations, we replaced the 
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data combinations that were most similar to these unavailable combinations. We refer to this 

process as the borrowing process (see Table 4.6). 

 

Table 4.6 Sampled Data combinations for the given Chow tree structures 

Data combinations of 

Causal structure 1 

Data combinations of 

Causal structure 2 

Data combinations of Causal 

structure 3 

(0,0,0,0,0,0)  (0,1,1,1,1,1)  

(0,0,0,0,0,1)  (1,0,1,0,1,0)  

(0,0,0,0,1,0)  (1,0,1,0,1,1)  

(0,0,0,0,1,1)  (1,0,1,1,1,0)  

(0,0,0,1,1,0)  (1,0,1,1,1,1)  

(0,0,0,1,1,1)  (1,1,1,0,1,0)  

(0,1,1,0,1,0)  (1,1,1,0,1,1)  

(0,1,1,0,1,1)  (1,1,1,1,1,0)  

(0,1,1,1,1,0)  (1,1,1,1,1,1)  

  

 
 

 
 

 

(0,0,0,0,0,0) (0,1,1,0,1,0) 

 (0,0,0,0,0,1) (1,0,1,0,1,0) 

 (0,0,0,0,1,0) (1,1,1,0,1,0) 

 (0,0,0,0,1,1) (0,1,1,0,1,1) 

 (0,0,0,1,1,0) (1,0,1,0,1,1) 

 (0,0,0,1,1,1) (1,1,1,0,1,1) 

 (0,1,1,1,1,0) (0,1,1,1,1,1) 

(1,0,1,1,1,0) (1,0,1,1,1,1) 

(1,1,1,1,1,0) (1,1,1,1,1,1) 

  (1,1,1,0,0,0)    (1,1,1,0,0,1) 

(0,1,1,0,0,1)    (0,1,1,0,0,0) 

(0,0,1,0,1,0)    (0,0,1,0,1,1) 

(0,0,1,1,1,0)    (0,0,1,1,1,1) 

(0,0,1,0,1,0)  (1,0,1,1,1,0)  

(0,0,1,1,1,1)  (1,0,1,1,1,1)  

(0,1,0,0,0,0)  (1,1,0,0,0,1)  

(0,1,0,0,1,0)  (1,1,0,0,1,1)  

(0,1,0,1,1,1)  (1,1,0,1,1,0)  

(0,1,1,0,1,0)  (1,1,0,1,1,1)  

(0,1,1,1,1,1)  (1,1,1,1,1,0)  

(1,0,1,0,1,1)  (1,1,1,1,1,1)  

  

  

  

  

  
  

 

(2) Monte Carlo Simulation method (MCS) 

 

The MCS method uses joint probability distributions of the given causal structure. 

Although the Chow tree is constructed using first-order probability dependencies, one 

variable may be affected by multiple variables. Moreover, since we added the directions to 

the Chow tree, it is reasonable to consider the joint probability computation of the Bayesian 

network.  

Steps 2 and 3 Build LR Models and Evaluation of the Prediction Performance - After 

computing the joint probability distribution, we generated ten datasets for each causal 
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structure for the purpose of cross-validation. As such, we developed LR models using the ten 

data sets and tested them using the already constructed test sets. 

Table 4.7 and Table 4.8 show the classification performance of the LR models when 

we used the sub-sampling method and MCS method, respectively. Here, we used the 

prediction performance index shown in 4.2. As mentioned in chapter 2, accuracy may lead to 

the wrong decision, especially for imbalanced data. Thus, we considered the G-mean value as 

well as the accuracy of the prediction. As such, we used 0.85 and 0.15 as the weight for 

accuracy and the G-mean value.  

 

Table 4.7 Prediction performance of causal structures (Sub-sampling) 

 

 

 

                   Figure 4.3 Prediction performance of causal structures (Sub-sampling) 
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  Causal structure 1 Causal structure 2 Causal structure 3 

Sensitivity 0.4043 0.4391 0.5707 

Specificity 0.6622 0.6176 0.5316 

Accuracy 0.5789 0.56 0.5442 

GMEAN 0.5174 0.5208 0.5508 

Prediction Performance 0.5697 0.5541 0.5452 

Ranking 1
st
 2

nd
 2

nd
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The results indicate that the prediction performance of casual structure 1 was best 

when we used either the sub-sampling method or MCS method, while the rankings of the 

causal structures 2 and 3 were different.  Since the difference of prediction performance 

indices of causal structures 2 and 3 was less than 0.01, which was the pre-determined 

threshold in the sub-sampling method, machine provided tie ranks for both causal structures 

2 and 3. Conversely, the prediction performance index of causal structures 2 and 3 were quite 

different with the MCS; therefore, the machine gives the 3
rd

 and 2
nd

 to them respectively. 

 

Table 4.8 Prediction performance of causal structures (MCS) 

 

                         Figure4.4 Prediction performance of causal structure (MCS)  

Prediction performance = 0.85 Accuracy(ACC) +0.15 G-mean     (4.2)   

  Causal structure 1 Causal structure 2 Causal structure 3 

Sensitivity 0.4565 0.4120 0.5337 

Specificity 0.6487 0.6290 0.5896 

Accuracy 0.5867 0.5590 0.5716 

GMEAN 0.5442 0.5091 0.5610 

Prediction Performance 0.5803 0.5515 0.5700 

Ranking 1
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 3
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 2

nd
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4.3.3 Elimination Process 

  

This section reviews the HM-CII comparisons of the rankings of human and machine 

to determine whether they agreed on the most plausible model. Here, rather than using one 

human ranking, we used all possible human rankings to investigate the mechanisms of HM-

CII. Specifically, this simulation helps to investigate whether HM-CII terminates with an 

agreed model and if the HM-CII determines the agreed model, how ―good‖ or ―bad‖ is the 

model performance.    

 

4.3.3.1 Rank Aggregation  

 

Using the aggregated ranking formula discussed in Chapter 2, we computed the 

aggregated rankings of candidate models.

 
Since the machine rankings were fixed and the human expert rankings were open, we 

simulated all possible scenarios to determine the mechanism of HM-CII. All scenarios of 

HM-CII, using the sub-sampling method and MCS method, are presented in Table 4.9 and 

Table 4.10, respectively. Although the machine rankings for the sub-sampling and MCS 

methods were different, the results of all scenarios were the same.   
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Table 4.9 Possible scenarios (Sub-sampling method) 

 Machine ranking 

(C1, C2, C3) 

Human ranking 

(C1, C2, C3) 

Rank aggregation 

(C1, C2, C3) 

Inclusion 

Scenario 1  

 

(1
st
, 2

nd
 , 2

nd
) 

(1
st
, 2

nd
, 3

rd
) (4, 8 ,9) Stop with C1! 

Scenario 2 (1
st
, 3

rd
, 2

nd
) (4, 9 ,8) 

Scenario 3 (2
nd

, 1
st
, 3

rd
) (5, 7, 9) C1 and C2 

Scenario 4 (3
rd

, 1st, 2
nd

) (6, 5, 8) C1 and C2 

Scenario 5 (2
nd

, 3
rd

, 1
st
) (5, 9, 5) C1 and C3 

Scenario 6 (3
rd

, 2
nd

, 1
st
) (6, 8, 5) C1 and C3 

 

 

Table 4.10 Possible scenarios (MCS method) 

 Machine ranking 

(C1, C2, C3) 

Human ranking 

(C1, C2, C3) 

Rank aggregation 

(C1, C2, C3) 

Inclusion 

Scenario 1  

 

(1
st
,3

rd
  ,2

nd
) 

(1
st
, 2

nd
, 3

rd
) (4, 9, 9) Stop with C1! 

Scenario 2 (1
st
, 3

rd
, 2

nd
) (4, 12, 8) 

Scenario 3 (2
nd

, 1
st
, 3

rd
) (5, 6, 9) C1 and C2 

Scenario 4 (3
rd

, 1
st
, 2

nd
) (6, 6, 8) C1 and C2 

Scenario 5 (2
nd

, 3
rd

, 1
st
) (7, 12, 5) C1 and C3 

Scenario 6 (3
rd

, 2
nd

, 1
st
) (6, 9, 5) C1 and C3 

 

 

            4.3.3.2 A Stopping rule and Candidate narrowing down 

 

 Overall, there were three possible diversions, (1) stop with the causal structure 1, (2) 

continue with the information of causal structures 1 and 2, or (3) continue with the 

information of causal structures 1 and 3. Although we implemented a stopping rule when 

HM-CII took more than the pre-determined tolerance level of iteration needed to obtain the 

agreed model, in this study we simulated HM-CII until it obtained the model with agreement. 

The rational for this process was to investigate all possible situations that may occur in the 
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final stages of the HM-CII. In the scenarios 1 and 2, for both the sub-sampling and MCS 

methods, HM-CII stopped with causal structure 1. Since causal structure 1 had the maximum 

sum of MI, HM-CII yielded a model that satisfied by both humans and machine with optimal 

representation of the true distribution. In the case of scenarios 3 to 6, HM-CII continued to 

the feedback process for the next iteration. 

 

  4.3.4 Feedback Process 

 

If there was no agreement on the most plausible model between humans and machine, 

HM-CII continued to the next iteration. Human experts updated the machine‘s model 

preference, while the machine updated the data structure to represent the model preference 

information for humans and machine. Following this change of data structure, the humans 

and machine‘s intelligence were bounded. 

Since we assumed the inclusion process for narrowing down choice, we kept the data 

information for the more plausible causal structures. In the case of scenarios 3 and 4, HM-CII 

kept the data information for causal structures 1 and 2 and, in the case of scenarios 5 and 6, 

HM-CII kept the data information for causal structures 1 and 3.  

How data information of selected causal structures was updated was based on the data 

manipulation method during the model evaluation process. That is, if HM-CII used the sub-

sampling method, we easily traced the data combinations used for that specific causal 

structure. However, if we used the MCS method then we fused the joint probability 

distributions of selected causal structures.  Additionally, there are many techniques to fuse 
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multiple joint probability distributions; however, we simply used the average for quick and 

easy computation and understanding. Table 4.11 and Figure 4.3 illustrate how to fuse data 

information of selected casual structures.  

Table 4.11 Data Update Process –Sub-Sampling Method 

Data combinations of 

Causal structure 1 

Data combinations of 

Causal structure 2 

Fused data combinations 

for next iteration  

(inclusion of C1 and C2) 

(0,0,0,0,1,0) (1,0,1,0,1,0) 

 (0,0,0,0,1,1) (1,0,1,0,1,1) 

 (0,0,0,1,1,0) (1,0,1,1,1,0) 

 (0,0,0,1,1,1) (1,0,1,1,1,1) 

 (0,0,0,0,0,0) (0,1,0,0,1,0) 

 (0,0,0,0,0,1) (0,1,0,0,1,1) 

 (0,0,1,0,1,0) (0,1,1,1,1,0) 

 (0,0,1,0,1,1) (0,1,1,1,1,1) 

 (0,0,1,1,1,0) (1,1,1,0,1,0) 

 (0,0,1,1,1,1) (1,1,1,0,1,1) 

 (0,1,1,0,1,0) (1,1,1,1,0,0) 

(0,1,1,0,1,1) (1,1,1,1,0,1) 
 

(0,0,0,0,0,0) (0,1,1,0,1,0) 

 (0,0,0,0,0,1) (1,0,1,0,1,0) 

 (0,0,0,0,1,0) (1,1,1,0,1,0) 

 (0,0,0,0,1,1) (0,1,1,0,1,1) 

 (0,0,0,1,1,0) (1,0,1,0,1,1) 

 (0,0,0,1,1,1) (1,1,1,0,1,1) 

 (0,1,1,1,1,0) (0,1,1,1,1,1) 

(1,0,1,1,1,0) (1,0,1,1,1,1) 

(1,1,1,1,1,0) (1,1,1,1,1,1) 
 

(0,0,0,0,0,0) (0,1,1,0,1,1) 

(0,0,0,0,0,1) (0,1,1,1,1,0) 

(0,0,0,0,1,0) (0,1,1,1,1,1) 

(0,0,0,0,1,1) (1,0,1,0,1,0) 

(0,0,0,1,1,0) (1,0,1,0,1,1) 

(0,0,0,1,1,1) (1,0,1,1,1,0) 

(0,0,1,0,1,0) (1,0,1,1,1,1) 

(0,0,1,0,1,1) (1,1,1,0,1,0) 

(0,0,1,1,1,0) (1,1,1,0,1,1) 

(0,0,1,1,1,1) (1,1,1,1,0,0) 

(0,1,0,0,1,0) (1,1,1,1,0,1) 

(0,1,0,0,1,1) (1,1,1,1,1,0) 

(0,1,1,0,1,0) (1,1,1,1,1,1) 
  

 

 

Figure 4.5 Data Update Process (MCS) 
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4.4 Results of Scenario 3 to Scenario 6 

 

Using the fused dataset, HM-CII repeated the process starting with causal structure 

construction. For each of iterations, we reduced the number of causal structures constructed, 

one by one, until two causal structures remained. Thus, in the second iteration, we had two 

causal structures because there were three causal structures in the first iteration. If humans 

and machine were in agreement on the most plausible model, then HM-CII stopped at the 

second iteration. Otherwise, it continued to the third iteration with two causal candidates.  

Tables 4.12 - 4.15 present the final causal structures and their prediction performance 

for all possible scenarios.  

 

Table 4.12 Final Models (Sub-sampling Method, Scenarios 3 & 4) 

 2
nd

 

iteration 

3
rd

 

iteration 

4
th
 

iteration 

4
th

 

iteration 

 

    

Accuracy  0.605965 0.594386 0.5835088 0.5922807 

G-mean  0.515353 0.538509 0.5497086 0.5220159 

Prediction 

Performance 0.592373 0.586004 0.578439 0.581741 
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Table 4.13 Final Models (Sub-sampling Method, Scenarios 5 & 6) 

 2
nd

 

iteration  

3
rd

 

iteration 

4
th
 

iteration 

5
th
 

iteration 

 

 

        

Accuracy  0.5852632 0.5077193 0.4803509 0.5835088 

G-mean  0.573828 0.5035815 0.510125 0.5311114 

Prediction 

Performance 0.583548 0.507099 0.484817 0.575649 

 

 6
th
 iteration  7

th
  iteration 8

th
 iteration 8

th
 iteration 

 

 

   

Accuracy  0.6059649 0.594386 0.5835088 0.5922807 

G-mean  0.5153534 0.5385086 0.5497086 0.5220159 

Prediction 

Performance 0.592373 0.586004 0.578439 0.581741 
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Table 4.14 Final Models (MCS Method, Scenarios 3 & 4) 

 2
nd

 iteration 3
rd

 iteration 3
rd

 iteration 

 

   

Accuracy 0.468421 0.436842 0.435439 

G-mean 
0.483103 0.448867 0.453037 

Prediction 

Performance 0.470623 0.438646 0.438079 

 

 

Table 4.15 Final Models (MCS Method, Scenarios 5 & 6) 

 2
nd

 iteration 3
rd

 iteration 4
th

 iteration 4
th
 iteration 

 

 

 

 

 

Accuracy 0.538596 0.517193 0.483509 0.475439 

G-mean 0.537012 0.504522 0.470416 0.487924 

Prediction 

Performance 0.538358 0.515292 0.481545 0.477312 
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In the case of a disagreement, HM-CII continued until humans and machine agreed 

on the most plausible model by either a human expert changing his or her model preferences 

or the machine yielding a different prediction performance due to a change of data structure.  

The simulation results suggest that HM-CII finally stopped with the causal structure 

that is considered as the best to human experts and machine intelligence for each situation. In 

addition, the prediction performances of the selected models tend to decrease as iteration 

goes, although we count some fluctuations. One possible reason about HM-CII always 

stopped with the agreed model is the threshold difference of the weighted sum of accuracy 

and G-mean, which was assumed to be 0.01. In the final iterations, the difference of the 

weighted sum of accuracy and G-mean was less than 0.01; therefore, both causal structures 

were considered as having the same prediction performance as they yielded in tie ranks. 

These findings imply that the most plausible causal structure in HM-CII was based on human 

rankings and they actually support our expectation that the final model should be satisfactory 

to a human expert.  
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Chapter 5 

Discussions of HM-CII 

 

 

 When we introduce human intelligence into any heuristic optimization process, we 

must accept the limitation of human judgment, since there is no guarantee that human 

behavior is rational or that human experience is always relevant to the (fault) situation of 

interest. The great Scottish philosopher David Hume was the first to recognize this human 

factor problem, and repeatedly brought attention to the dreadful consequences of this so-

called "representative theory of perception."   According to Hume, when a person claims to 

perceive something, such as a white elephant or an over-weight iron worker, what he actually 

means is that he has in his mind a mental idea or image or impression.  Such a concept may 

be an internal thought, verbal statement or mental picture, creating a subjective 

representation of something that we assume to reflect an external physical object.  In this 

way, the mental picture from a human could be comparable with the real pictures provided 

by computational intelligence [36]. 
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 5.1 Challenges of Perceptual Comparisons 

 

There are two major challenges associated with assigning any truth to the perceptual 

comparisons.  If truth is understood as the conformity or adequacy between the image and the 

object, then it is impossible to establish that there is a true world of objects since the only 

evidence we have of an external world consists of internal images.  Thus, even when we 

consider that the mental images from two intelligences are equal, there is no way to verify 

that they are based on the same object in the real world.  In addition, it is impossible to assess 

how accurately mental impressions represent physical objects.  Hume was aware that this 

kind of skepticism with regard to the senses plays havoc with common sense.  However, not 

everything humanly perceivable is meaningful, and not everything meaningful is humanly 

perceivable.  Realistically, one can never know the truth or falsity of any statement with 

absolute certainty.  

 To determine what is true is a self-refuting process confounded by experience 

because "we make inferences on the basis of our impressions whether they be true or false, 

real or imaginary." [36] Total skepticism is infeasible, since we believe that the sun will 

never rise from the west and that "nature is always too strong for principle." Hume therefore 

advances what he calls "mitigated skepticism."   That is, there is a way to find out what is 

more believable or probable.  Thus, we would like to discuss several potential skepticisms or 

uncertainties related the mechanism of HM-CII following Hume‘s types of questions (e.g., 

What is the fault? What causes the fault? What is probable? What is perceptually plausible?)  
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In addition to the exercise of showing caution in reasoning, we limit our discussions to topics 

that are adapted to the capacities of human intelligence.   

In the next section, we first argue that the HM-CII is a negotiation process, with the 

goal of discovering the ―satisficing‖ causal structure. Here, the ―satisficing‖ causal structure 

is defined as ―satisfying‖ in terms of human and machine measures and as ―sacrificing‖ in 

terms of model performance. Second, based on the ―satisficing‖ nature of HM-CII, we 

compare the bases between HM-CII and the ordinal optimization (OO).  Third, on the basis 

that HM-CII resembles OO, we reexamine the results presented in Chapter 4 in details. 

Specifically, we investigate the ordinal rankings of the selected causal structure, where the 

sum of MI is adopted as the performance index.  Fourth, we discuss how humans and 

machines negotiate, and how the result is updated, by comparing the sum of MI and the sum 

of partial correlation used in the given causal structures. Finally, we observe how HM-CII 

terminates its process.  

 After several critical observations are elaborated, in Section 5.6 we move our 

discussion to the limitations of HM-CII. First, we focus on the limitation of Chow tree as a 

causal structure.   Second, since the model performance and the Chow tree construction 

processes are very sensitive to changes in data structure, we discuss the issues of conformity 

or adequacy.  Third, we demonstrate the possibility that the constructed Chow tree and its 

data set may not be one-to-one matching, by using examples.  Lastly, in the final the section, 

we discuss the convergence of HM-CII and identify cases where it may produce divergence, 

by exploring eight possible scenarios based on the expertise of human experts and the quality 

of data structure. 
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 5.2 HM-CII as an Optimization Procedure. 

 

 Broadly, the goal of HM-CII is to find a good solution that could be supported by 

human and machine intelligence. Here, the ―good solution‖ is the solution in which the 

model provides the satisficing performance based on both human and machine performance 

criteria. The human performance criteria could implicitly include the feasibility, 

manageability, conceptual simplicity and ease of operation, among others. The machine 

performance is measured by prediction/classification accuracy and balance (G-mean [52]) of 

prediction/classification performance of major and minor classes. The machine classification 

performance in HM-CII is defined by 

1 1

1 1
( ) ( , ) + ( , )         (5.1)

n n

M i i

t t

J R L L
n n

      
 

 
  

 
   

 Where R is the ranking of the value,  

                       ( , )L    is the prediction accuracy of a test set, 

                        ( , )L    is the G-mean values of a test set,  

                         n is the number of operated tests,   

                        i  denotes the sample randomness of i
th
 test 

               and   and   are the importance weights, where 1   . 

 

 For the human performance criteria, we use ( )HJ   as the rankings of  ; where   is 

the causal structure in the search space  . Our objective is therefore to find the causal 
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structure which minimizes the aggregate ranking of human and machine intelligence, 

namely: 

Min ( ) ( )                                      (5.2)M HJ J


 


  

where  is the aggregate operation of human and machine ranking of model preferences. 

Before revisiting the mechanism of HM-CII, we should discuss the human cognitive 

characteristics that people usually seek the ―good enough‖ solution instead of the ―optimal‖ 

solution [34]. In addition, it is easier for people to provide an answer based on the order of 

object preference instead of estimating the object values [34]. We consider multiple plausible 

causal structures in each of the iterations based on the computation of the sum of MI.  In the 

first iteration, HM-CII selects plausible Chow tree structures using Kruskal‘s algorithm [51] 

and compares their human- and machine-rated rankings. If both the human and machine gave 

the same causal structure the best ranking, then HM-CII stops and that model is adopted. 

Otherwise, HM-CII updates the data structure with the human and machine model 

preferences and repeats the same procedure until a structure is rated as the best by both 

human and machine.  

 

5.3 HM-CII vs. Ordinal Optimization (OO) 

 

In this section, we assess the introduction of HM-CII into the OO. To do this, we first 

introduce OO and make the necessary connections between HM-CII and OO.  Ordinal 

Optimization proposed by Ho [34], employs two ideas. First, people find it easier to answer 

the question of ordering than the question of estimating. Ho showed that ―order‖ converges 



 104 

exponentially faster than ―value‖. Second, considering the complex structures of real world 

problems, it is sometimes impossible or computationally expensive to seek the optimal 

solution.  Thus, it is obvious that the failure rate when finding the optimal solution is much 

higher than the failure rate when finding a good feasible solution. 

 

 5.3.1 Ordinal Optimization (OO) 

 

A graphical illustration of OO and its associated definitions is presented in Figure 5.1 

and Table 5.1.  Ho proved that the probability that at least one of the selected models 

contains the good model is bounded by 1
gs

Ne


   for the blind pick method. In addition, Ho 

proved that when we use the horse race selection method, the probability that at least one 

selected model contains the good enough model is greater than or equal to the probability of 

that event in the blind pick method.  Here we briefly show that the probability that the 

selected model contains at least 1 good enough model is bound when we use the blind pick 

method [34].  
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where N is the size of the design space, g is the size of the good enough set G and s is 

the size of the selected set S. 

 

 

Figure 5.1 Graphical Illustration of , ,and G S  [34] 
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Table 5.1 Definitions and terminologies in OO [34] 

 Definition 

  The search space of tree structures for variables. We assume that it is large but 

finite.  

J  The ranking of classification performance 

Ĵ  The estimated or observed model performance 

w  The noise/error (i.e., performance ranking of human experts) 

N  The number of uniformly and randomly selected models 

G  The good enough set (i.e., top-g models of N or  )  

S  The selected top-s model based on Ĵ  of N  

G S  The considerably good enough models in S  

AP Alignment probability                        , the probability that at least k 

considerably good enough models in  

OPC Ordered Performance curve, a plot of the values of as a function of the order of 

performance 
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            5.3.2 Comparisons between HM-CII and OO  

 

To make a connection between HM-CII and OO, we first briefly identify the 

similarities and differences between HM-CII and OO by the procedure in OO.  The OO 

procedure is shown below [34]: 

Step 1  Uniformly and randomly sample N designs from   

Step 2 Use a model to estimate the performance of these N designs. 

Step 3 Estimate the OPC class of the problem and the noise level of the crude model. 

The user specifies the size of the good enough set, g, and the required 

alignment level, k. 

Step 4 Calculate s = Z (g,k/OPC class, noise level) using provided tables. 

Step 5 Select the observed top s designs of the N designs, as estimated by the crude 

model, as the selected set S. 

Step 6 The OO theory ensures that S contains at least k considerably good enough 

designs with probability no less than 0.95. 

 

        The HM-CII procedure is shown below: 

Step 1  Select s Chow trees using Kruskal‘s algorithm. In the first iteration, HM-CII 

uses the sum of MI values of the original data set. From the second iteration, 

HM-CII uses the changed the sum of MI values due to the change of the data 

structure. In each of the iterations, Kruskal‘s algorithm selects the Chow tree 

candidates based on the observed sum of MI.  
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Step 2   Machine- Use LR models to estimate the performance of these s Chow trees.  

                              Evaluate them using rankings.  

              Human – Use his/her own evaluation criteria and rank them.  

Step 3 Check whether the best model of human and machine matches or not. 

             Compute  

        

( ) 3 ( )    ( ) ( ) 

ˆ( ) 3 ( ) ( )   ( ) ( )

2 ( )+2 ( )  ( ) ( )

M H M H

M H M H

M H M H

J J where J J

J J J where J J

J J where J J

   

    

   

 


  
 

   where ( ) [1, ]          HJ U N   

Step 4 If we have the model with ˆ( )J  =4, then HM-CII stops. The model with           

ˆ( )J  =4 provides the estimated optimal solution.  If we do not have the model 

with ˆ( )J  =4, we check the number of iterations required in HM-CII. If the 

number of iterations is more than that used as the tolerance level of human 

experts, we consider the model with ( ) 1HJ   as the estimated optimal 

solution. Otherwise, we update the human and machine ranking information 

into the data set and go to Step 1. Note that every time we go back to Step 1, 

the selected number of good enough sets is one less than the number in the 

previously selected model (i.e., gnew = gold-1). Iteration continues until g=2.           

 

Based on the comparison of procedures in HM-CII and OO, their similarities are 

presented in Table 5.2. 
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Table 5.2 Similarities and differences between OO (Blind pick) and HM-CII 

Ordinal Optimization HM-CII 

Uniformly and randomly select N 

models and select g models from them. 

 Select N models using Kruskal‘s algorithm. In 

each of the iterations, HM-CII reduces the 

number of models to select until N=2. 

True performance ( )J  , and noise/error 

w where [0, ]w U W  

True performance ( )J   is based on the sum of 

MI, and   noise/error w  is the changes of sum of 

MI due to the change of data structure in each of 

the iterations. Noise/error is not uniformly 

distributed. Rather, it is biased in favor of the 

previously selected Chow tree models.  

ˆ( ) ( )J J w    For Chow tree selection,  

 
ˆ( ) ( )J J w  

 
For model preference matching 

( ) 3 ( )    ( ) ( ) 

ˆ( ) 3 ( ) ( )   ( ) ( )

2 ( )+2 ( )  ( ) ( )

M H M H

M H M H

M H M H

J J where J J

J J J where J J

J J where J J

   

    

   

 


  
 

 

Specify observed top-s models.   Select the model with ˆ( ) 4J   . If there is no 

model with ˆ( ) 4J   , check the number of 

iteration processed. If it reaches to the pre-

determined tolerance level, select the model with 

1HJ  . Otherwise, go to the next iteration with 

the updated data structure.  

 

Instead of using the uniformly and randomly selected N models, HM-CII initially 

selects s models using Kruskal‘s algorithm. Ordinal Optimization assumes that ( )J  is the 
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true performance, and HM-CII assumes that the sum of MI is the reference of true 

performance which is based on the arguments of Chow and Liu [15], who claimed that the 

Chow tree with the maximum sum of MI is the best approximation of the true distribution. In 

addition, Chow and Wagner [16] proved that the estimating tree-dependent probability 

distribution is consistent. Thus, if the quality of the data is good, the model with the 

maximum sum of MI provides the best classification performance. Based on this, we assume 

that the machine ranking follows the sum of MI (true performance). However, we may have 

model performances that differ from what we would expect due to the lack of data objects. 

Since we use machine rankings based on the test results of model classification, the model 

numbers, which are the rankings of the sum of MI and ( )MJ  based on the accuracy and G-

mean values, may differ.   In addition, the noise in HM-CII is not uniformly distributed. The 

noise from the change of the data structure supports the Chow tree structures preferred by 

human and machine in the previous iteration.   

Moreover, HM-CII may take several iterations to obtain the best Chow tree model.  

Although the best model in any iteration is not necessarily the best model in the following 

iterations, the final model from each of the iterations in HM-CII is the satisfactory model 

because human and machine both rate it as the best. Even in the case of the number of 

iteration exceeds the (humanly) tolerable level, the selected model could be the best 

acceptable model to the human expert. Therefore, to show the final model from HM-CII is 

considerably a ―good" model, the relationship between the noise and the change of data 

stricture have to be proved.  
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            5.3.3 The change of the data structure and noise in the sum of MI 

 

In this section, we investigate the relationship between the change of the data 

structure and the corresponding noise in the sum of MI. In addition, we test the hypothesis 

that the noise does not make a significant change in the order of the sum of MI.  Tables 5.3 - 

5.6 show the changes in descending order of mutual information during the HM-CII process 

by using the simulation results in chapter 4. The first column is the order number of mutual 

information. The column of the 1
st
 iteration is the original order of MI, and the other columns 

are the orders of MI in each of iterations. Since HM-CII changes the data structure favoring 

the previously selected Chow trees, we expect the effect of those changes is not critical. 

The yellow shaded cells in the tables present the new MI edge that is previously 

below the red line, the border of frequent and non-frequent usage of MI. The sequential 

comparisons of the order of MI show that there are little changes in the components of MI 

edges above the red line, while the order of the MI changes noticeably; in consideration with 

the noise added in the current iteration supports the previously selected Chow tree models. 

Thus, the edges used in the previously preferred model still remains above the red line. 

However, the MI value itself is sensitive to the changes of data structure which is discussed 

in section 5.7.2; the order of MI has changed as data structure changes.   In summary, the 

results support our expectation that the final model is highly probable to be a ―good‖ model.   
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Table 5.3 Changes in orders of MI (Sub-sampling, Scenario 3&4)  

No. 1
st
 iteration 2

nd
 iteration 3

rd
 iteration 4

th
 iteration 

1 I(W,SL) I(B,IT) I(B,IT) I(ICT,IT) 

2 I(IT,SL) I(ICT,IT) I(ICT,IT) I(IT,IS) 

3 I(ICT,IT) I(W,SL) I(IT,IS) I(B,IT) 

4 I(B,IT) I(IT,SL) I(W,SL) I(IT,SL) 

5 I(ICT,SL) I(IT,IS) I(SL,IS) I(W,SL) 

6 I(ICT,W) I(ICT,W) I(ICT,W) I(IT,W) 

7 I(W,IS) I(SL,IS) I(IT,SL) I(ICT,W) 

8 I(B,IS) I(B,SL) I(IT,W) I(ICT,SL) 

9 I(B,W) I(ICT,SL) I(B,W) I(B,W) 

10 I(B,ICT) I(W,IS) I(B,SL) I(W,IS) 

11 I(SL,IS) I(B,W) I(B,IS) I(B,IS) 

12 I(IT,W) I(IT,W) I(W,IS) I(ICT,IS) 

13 I(B,SL) I(B,ICT) I(ICT,SL) I(B,SL) 

14 I(IT,IS) I(B,IS) I(B,ICT) I(B,ICT) 

15 I(ICT,IS) I(ICT,IS) I(ICT,IS) 

   

Table 5.4 Changes in orders of MI (Sub-sampling, Scenario 5&6)  

No. 1
st
 iteration 2

nd
 iteration 3

rd
 iteration 4

th
 iteration 

1 I(W,SL) I(B,IT) I(B,IT) I(B,IT) 

2 I(IT,SL) I(IT,SL) I(IT,SL) I(ICT,IT) 

3 I(ICT,IT) I(ICT,SL) I(ICT,SL) I(IT,SL) 

4 I(B,IT) I(W,SL) I(ICT,IT) I(ICT,SL) 

5 I(ICT,SL) I(ICT,IT) I(ICT,W) I(W,SL) 

6 I(ICT,W) I(ICT,W) I(W,SL) I(B,SL) 

7 I(W,IS) I(B,ICT) I(B,SL) I(B,IS) 

8 I(B,IS) I(W,IS) I(B,IS) I(B,ICT) 

9 I(B,W) I(B,W) I(W,IS) I(ICT,IS) 

10 I(B,ICT) I(B,IS) I(B,ICT) I(SL,IS) 

11 I(SL,IS) I(IT,W) I(SL,IS) I(IT,W) 

12 I(IT,W) I(B,SL) I(B,W) I(B,W) 

13 I(B,SL) I(IT,IS) I(IT,W) I(W,IS) 

14 I(IT,IS) I(ICT,IS) I(IT,IS) I(ICT,W) 

15 I(ICT,IS) I(SL,IS) I(ICT,IS) I(IT,IS) 
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Table 5.5 Changes in orders of MI (MCS, Scenario 3&4) 

No. 1
st
 iteration 2

nd
 iteration 3

rd
 iteration 

1 I(W,SL) I(W,SL) I(W,SL) 

2 I(IT,SL) I(ICT,IT) I(B,IT) 

3 I(ICT,IT) I(IT,SL) I(B,IS) 

4 I(B,IT) I(B,IS) I(IT,IS) 

5 I(ICT,SL) I(B,IT) I(W,IS) 

6 I(ICT,W) I(IT,W) I(IT,SL) 

7 I(W,IS) I(W,IS) I(ICT,IT) 

8 I(B,IS) I(SL,IS) I(B,SL) 

9 I(B,W) I(ICT,IS) I(ICT,W) 

10 I(B,ICT) I(B,SL) I(SL,IS) 

11 I(SL,IS) I(B,W) I(ICT,IS) 

12 I(IT,W) I(B,ICT) I(ICT,SL) 

13 I(B,SL) I(ICT,SL) I(B,ICT) 

14 I(IT,IS) I(IT,IS) I(B,W) 

15 I(ICT,IS) I(ICT,W) I(IT,W) 

 

Table 5.6 Changes in orders of MI (MCS, Scenario 5&6)  

No. 1
st
 iteration 2

nd
 iteration 3

rd
 iteration 4

th
 iteration 

1 I(W,SL) I(W,SL) I(W,SL) I(IT,SL) 

2 I(IT,SL) I(IT,SL) I(IT,SL) I(IT,W) 

3 I(ICT,IT) I(ICT,IT) I(ICT,IT) I(B,IS) 

4 I(B,IT) I(W,IS) I(B,IS) I(W,SL) 

5 I(ICT,SL) I(B,IT) I(IT,W) I(B,IT) 

6 I(ICT,W) I(IT,W) I(B,IT) I(IT,IS) 

7 I(W,IS) I(B,IS) I(B,SL) I(B,SL) 

8 I(B,IS) I(ICT,SL) I(B,ICT) I(ICT,IT) 

9 I(B,W) I(SL,IS) I(W,IS) I(B,W) 

10 I(B,ICT) I(B,SL) I(IT,IS) I(ICT,W) 

11 I(SL,IS) I(B,W) I(B,W) I(W,IS) 

12 I(IT,W) I(ICT,W) I(ICT,SL) I(SL,IS) 

13 I(B,SL) I(B,ICT) I(ICT,W) I(ICT,IS) 

14 I(IT,IS) I(IT,IS) I(ICT,IS) I(B,ICT) 

15 I(ICT,IS) I(ICT,IS) I(SL,IS) I(ICT,SL) 
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             5.4 How to measure the performance of the selected model 

 

In the previous section, we compare the procedural similarity between HM-CII and 

OO.   Following that, we want to measure the performance of the selected causal structure 

using the results presented in Chapter 4.  Based on the argument in section 5.2, we use the 

order of the sum of MI as the reference of the model performance.  

Now we want to know the total number of causal structures in the search space  . 

We compute the number of Chow tree structures in the search space using Cayley‘s 

theorem [61], which tells us that the number of tree structures constructed by n variables is 

2nn  .  Since we have 6 variables in the ergonomic incident data, there are 2 46 1296nn     

labeled trees in the search space.  Since we simulate all possible scenarios in the ergonomic 

incident data, we measure the ordinal rankings of the final model among the 1296 causal 

structures. Here, the design number is the true ranking of the causal structures and we assume 

that the larger the sum of MI, the higher the rank of the design number. Thus, the optimal 

Chow tree has the design number 1; the second best chow tree has the design number 2, and 

so on. As the iteration proceeds, there is no change in the search space  . The change of the 

data structure affects the selection of the Chow tree models.  Tables 5.7 to 5.10 present the 

ordinal rankings of the final causal structures in each situation.  

When we consider the ordinal rankings of selected causal structures, the worst case 

among all situations is ranked 336
th
 out of 1296 causal structures. This position is still within 

the top 30%.  In addition, when the number of iteration goes over three, the ordinal ranking 
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of the selected model is significantly dropped. This observation could be determined by the 

human experts about the tolerance level of the number of iterations.  

 

Table 5.7 Final Models (Sub-sampling method, Scenarios 3&4) 

 1
st
 iteration 2

nd
 

iteration 

3
rd

 iteration 4
th

 iteration 4
th

 iteration 

 

 
   

 

Accuracy  0.5789 0.6060 0.5944 0.5835 0.5923 

G-mean  0.5174 0.5154 0.5385 0.5497 0.5220 

Ordinal 

ranking 1
st
 4

th
 73

rd
 4

th
 225

th
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Table 5.8 Final Models (Sub-sampling method, Scenarios 5&6) 

  2
nd

 iteration 3
rd

 

iteration 

4
th

 iteration 5
th

 iteration 

 

  

      
 

 

Accuracy  0.5789 0.5853 0.5077 0.4803 0.5835 

G-mean  0.5174 0.5738 0.5036 0.5101 0.5311 

Ordinal 

ranking 1
st
 5

th
 89

th
 2

nd
 336

th
 

 

 6
th

 iteration 7
th
  iteration 8

th
 iteration 8

th
 iteration 

 

 

 

 

 

Accuracy  0.6059649 0.594386 0.5835088 0.5922807 

G-mean  0.5153534 0.5385086 0.5497086 0.5220159 

Ordinal ranking 4
th
 73

rd
 4

th
 225

th
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Table 5.9 Final Models (MCS method, Scenarios 3&4) 

 1
st
 iteration 2

nd
 iteration 3

rd
 iteration 3

rd
 iteration 

 

       

 

Accuracy 0.5867 0.468421 0.436842 0.435439 

G-mean 0.5442 0.483103 0.448867 0.453037 

Ordinal 

ranking 1
st
 1

st
 25

th
 91

st
 

 

 

Table 5.10 Final Models (MCS method, Scenario 5&6) 

 1
st
 iteration 2

nd
 iteration 3

rd
 iteration 4

th
 iteration 4

th
 iteration 

 

  

 

  

Accuracy 0.5867 0.538596 0.517193 0.483509 0.475439 

G-mean 0.5442 0.537012 0.504522 0.470416 0.487924 

Ordinal 

ranking 1
st
 1

st
 37

th
 159

th
 328

th
 

 

 



 118 

5.5 Measuring the gap between human and machine  

 

We next explain HM-CII as the negotiation process between human and machine. To 

the progress of negotiation, we compute the gap between human and machine in each of the 

iterations. We hypothesize that, if they negotiate as the iteration proceeds, the gap between 

human and machine should decrease, although some fluctuations due to minor causal 

differences are expected.  Several measures are available: cross entropy [53], the tree 

distance [119], the sum of MI [15], the model performance and the ordinal rankings of the 

compared Chow trees [15, 34]. Of the available measures listed above, here we chose the 

difference in the sum of MI and the difference in model performance. Figures 5.2 and 5.3 

present the changes in the difference in sum of MI and the difference in model performance 

as the iterations progress. In the case of the MCS method, we could see that the difference in 

the sum of MI and the difference in model performance decrease as iteration proceeds. 

However, in the case of the sub-sampling method, the difference in the sum of MI increases 

while the difference in model performance decreases as iteration progresses. These results 

lead us to investigate whether the sub-sampling method sufficiently samples the data 

combinations supporting the given causal structure. Figure 5.4 compares the sum of partial 

correlation of before and after sub-sampling method applied.  The sum of partial correlation, 

obtained after sub-sampling the data combinations, supports the hypothesis that the given 

casual structure is greater than the sum of partial correlation before the sub-sampling in most 

cases. Therefore, we can conclude that the sub-sampling method selects the data 

combinations representing the given causal structure in our simulation experiment.  
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 Figure 5.2 Differences in the sum of MI 

 

 

 Figure 5.3 Differences in the prediction performance of tested models 

2nd 3rd 4th 5th 6th 7th 8th

Sub-sampling C1+C2 0.00338 0.00734 0.03942

Sub-sampling C1+C3 0.00066 0.00217 0.00466 0.00163 0.00312 0.01271 0.03942

MCS C1+C2 0.00263 0.00061

MCS C1+C3 0.00296 0.002108 0.00069
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Figure 5.4 Comparison of the sum of partial correlations 

 

 

5.6 How to terminate HM-CII 

 

The stopping rule was first introduced in Chapter 2. If we consider HM-CII as a 

negotiation process between human and machine, it is not surprising that there may be cases 

of no agreement on the acceptable model after many of iterations. In those situations, we 

devised a rule to force the HM-CII to terminate with the best model rated by human experts. 

Thus, HM-CII always terminates with a model which agreeable with the human expert.  

   In Chapter 4, we carried out a simulation study to determine that what happens 

when there is no termination rule in HM-CII. Specifically, without the termination rule, we 

want to investigate whether the HM-CII runs forever or not. The answer is provided by 

simulation results in Chapter 4.  The differences in the model performances of compared 
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candidates are shown in Figure 5.3. Although there are minor fluctuations, the differences in 

model performance of tested models eventually diminish. This result provides evidence that 

the data manipulation and update process construct similar causal structures. If this 

phenomenon were to occur in during the data analysis, machine intelligence would give tied 

ranks to the compared candidates in the final stage. Therefore, model finalized by HM-CII is 

the model ranked as the best by human experts, implying that the model satisfies both human 

and machine.    

 

5.7 Limitations of HM-CII 

 

Here, we introduce some observations considered as limitations.  

 

5.7.1 Rough form of the causal structure 

 

 The Chow tree is the 1
st
 order approximation of the distribution. It is constructed 

using the amount of information shared between considered variables. However, it is well 

known that probabilistic dependency does not imply causation. Although there are three 

causality conditions to test causality, these are not considered in the Chow tree construction 

procedure. Finally, the Chow tree used in HM-CII does not imply a causal structure.  In 

addition, the Chow tree is constructed based on the MI, which is computed using contingency 

tables. Usually the data set is imperfect due to noise and outliers, so the Chow tree also 
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contains biased or incorrect information.  In light of these considerations, the gap between 

Chow trees and real causal structures must be further investigated.  

 

5.7.2 Sensitive results to the data structure 

 

HM-CII is a data-driven process that uses the Chow tree and LR model, both of 

which depend on the data set. If the final model in HM-CII varies due to small changes in the 

data structure, then the results of the HM-CII may be unreliable. If HM-CII is sensitive to the 

data structure, there are two possible causes of variations in the results from HM-CII. The 

first candidate is the order of MI. The Chow tree is constructed by the order of MI, which is 

computed by the contingency table of data sets. If the constructed Chow trees are different 

under small changes in the input data set, we could say that HM-CII is sensitive to the data. 

Sensitive response is also possible due to the variations of the ranking of the prediction 

performance. However, it is hard to measure this sensitivity of HM-CII because its sensitivity 

is based on the properties of the data set. Thus we present two examples that occurred during 

the ergonomic incident data analysis. These are shown in Figure 5.5.and Table 5.11.   

Figure 5.5 illustrates the case where the ranking of the prediction performance 

changes due to changes in the data combinations. Given the same causal structure, the 

difference in data combinations between cases 1 and 2 is only two data combinations. That 

is, the data combinations of (0,1,0,0,1,0) and (0,1,0,1,1,0) in Case 1 are replaced with 

(0,0,1,1,1,0) and (1,0,0,0,0,1), respectively, in Case 2.  In total, about 7 of the 215 data 
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objects are changed. The differences in prediction performance due to these changes are 

shown in Figure 5.5.  

 

 

 
 

                                                               
 

 

 

 

 

 

 

 

         Figure 5.5 The changes in data combination and prediction performance 

 

Table 5.11 illustrates an example where the causal structure is changed due to 

changes in the data structure. In the 7
th
 iteration of Scenarios 5 and 6 in the sub-sampling 

approach, we eliminated five data objects from the given data set consisting of 235 data 

objects used to update model preference information into the data set. Although we 

Case 1  Case 2 

(B,ICT,IT,W,SL,IS)  

(0,0,0,0,0,0)  (0,0,0,0,0,0)  

(0,0,0,1,1,0)  (0,0,0,1,1,0)  

(0,1,0,0,1,0)  (0,0,1,1,1,0)  

(0,1,0,1,1,0)  (1,0,0,0,0,1)  

(0,1,1,0,0,1) (0,1,1,0,0,1) 

(1,1,1,1,1,1)  (1,1,1,1,1,1)  

Sensitivity  
0.3695652 0.476087 

Specificity  
0.7186528 0.634715 

Accuracy  
0.6059649 0.5835088 

G-mean  
0.5153534 0.5497086 
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eliminated only five data objects, this changed the order of MI, yielding different causal 

structures from the previous iteration.    

 

Order Original MI 

 

 New MI 

1 I(ICT,IT) I(ICT,IT) 

2 I(IT,IS) I(IT,IS) 

3 I(B,IT) I(B,IT) 

4 I(IT,SL) I(W,SL) 

5 I(W,SL) I(SL,IS) 

6 I(IT,W) I(IT,SL) 

7 I(ICT,W) I(B,SL) 

8 I(ICT,SL) I(IT,W) 

9 I(B,W) I(ICT,W) 

10 I(W,IS) I(B,W) 

11 I(B,IS) I(W,IS) 

12 I(ICT,IS) I(ICT,IS) 

13 I(B,SL) I(ICT,SL) 

14 I(B,ICT) I(B,IS) 

15 I(SL,IS) I(B,ICT) 

 

Figure 5.6 Changes in the descending order of MI  

 

 

5.7.3 No guarantee of the one-to-one matching 

 

It is possible to have the same data set for different Chow tree structures when we use 

the sub-sampling method, if the dominant data combinations of the sub-causal blocks match. 

Table 5.12 illustrates such causal structures with the difference between compared Chow tree 

Eliminate 5 

data objects  
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models marked by the red dotted area. Thus, if the united data combinations of (B, IT, W, IS) 

are same, then they share the same data set.  The contingency tables and dominant data 

combinations shaded by yellow in the sub-causal blocks are presented in Table 5.12.  After 

unification of the data combinations of (B, IT, W, IS), they share the same data set.   

 

 

 

 

         IS 

B 

0 1 

0   

1   

            B 

(W,IT) 

0 1 

(0,0)   

(0,1)   

(1,0)   

(1,1)   

(B,IT,W,IS) 

(0,0,0,0) 

(0,1,0,0) 

(1,0,1,1) 

(1,1,1,1) 

 

 

 

     W 

B 

0 1 

0   

1   

            IS 

(B,IT) 

0 1 

(0,0)   

(0,1)   

(1,0)   

(1,1)   

(B,IT,W,IS) 

(0,0,0,0) 

(0,1,0,0) 

(1,0,1,1) 

(1,1,1,1) 

 

Figure 5.7 An example lacking one-to-one matching 
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             5.8 General Discussions 

 

There is no guarantee that the machine has sufficient correct data to provide plausible 

causal candidates.  Similarly, the human expert may not have the appropriate knowledge, 

motivation or intention to diagnose the problem of interest.  A sensible metaphor regarding 

the effectiveness of decision support is a scene from Lewis Carroll‘s Alice in Wonderland 

[10] where Alice asks the Cheshire cat for directions: 

 

―Would you tell me, please, which way I ought to go from here?‖  

―That depends a good deal on where you want to get to,‖ said the Cat. 

―I don‘t much care where…‖ said Alice. 

―Then it doesn‘t matter which way you go,‖ said the Cat. 

―—so long as I get somewhere,‖ Alice added as an explanation. 

―Oh, you‘re sure to do that,‖ said the Cat, ―if you only walk long enough.‖ 

 

When will HM-CII work well to provide a ―good‖ diagnosis and when will it fail to 

converge?  There is no clear answer to this question.  The benefit of a particular search 

method should not be stated in broad, general terms, such as its role in terms of (1) learning 

something interesting or false, (2) gaining insight into potential fault behaviors, or (3) 

discovering meaningful patterns in data.  These are all worthy attributes of HM-CII, but even 

when they have been achieved, they are hard to measure. Wherever possible, the broad, 

general goals should be broken down into more specific goals to make it easier to monitor 



 127 

progress with regard to their achievement. Based on the level of expertise and the data 

quality, we may split the human and machine opinions into two categories: strong and weak. 

This yields four possible scenarios for the HM-CII. We next discuss what is expected from 

the HM-CII process in each of these cases.  

 

Case 1 When both human and machine have strong opinion 

 

If we assume that the considerably good model could be identified no matter who is 

the evaluator, and that HM-CII provides considerably good enough models, human and 

machine could converge rapidly on their best model. Fast agreement may be possible when 

both entities have strong opinion with respect to model evaluation, because, according to the 

study by Chow and Liu, HM-CII provides the optimal Chow tree in the first iteration.  It is 

also possible that human and machine do not agree on the best model, and that the human 

may refuse to search the other models using HM-CII. In that case, HM-CII defines a 

tolerance level for the number of iterations and when the number of iterations reaches that 

pre-determined tolerance level, it chooses the best model ranked by human experts. Thus, 

HM-CII always has a solution which is satisfactory to the human experts. In addition, the 

simulation study shows that the data manipulation task performed during the feedback 

process could make the data clearer. Therefore, the final model could provide better 

prediction performance than that of the best causal structure provided in the first iteration. 

Finally, HM-CII could provide useful information to both human and machine. 
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Case 2 When human and machine both have weak opinion 

 

When the level of expertise in human experts is low, they tend to take a longer time 

and carry out more extensive searching before making a decision [23]. When the data quality 

is insufficient, the Chow tree model and the corresponding LR model are liable to contain 

noisy, erroneous information and are thus vulnerable to small changes in the data structure. If 

we believe the cases where the human and machine agree on the best model in the first 

iteration, then the model may not provide good prediction performance. However, since the 

human is satisfied by the model and the machine ranks it as the best, based on the current 

data structure, there is no apparent problem. On the other hand, if human and machine 

disagree on the best model but they both lack sufficient intelligence to find the right direction 

in which to search, HM-CII may guide them. However, it may take a long time to obtain an 

agreed model, if such an agreement is reached at all. .  

 

Case 3 Strong human opinion and weak machine opinion 

 

When either human or machine have weak opinion, then the participant with strong 

opinion could guide the other intelligence by exchanging their model preference information.  

Although there is no clear scientific explanation as to why human experts rank like that, 

whatever information or criteria they use while evaluating Chow tree models, the machine 

intelligence could use the rankings of human experts to clarify the data structure. At the same 

time, human experts could evaluate their model preferences and update their information 
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using the different rankings of candidate models provided by computational intelligence. 

This process improves the clarity of knowledge in human experts as well as the clarity of the 

data structure, no matter whether the human expert and machine have an agreed model or 

not.  

In particular, when a human has strong opinion and the machine has weak opinion, 

the human has a clearer internal image of the system, and their ranking information guides 

the computational intelligence by updating the data set. Since the machine possesses no clear 

representation of the system, the data manipulation will make the data set clearer and will 

affect its model selection and evaluation process. Finally, human intelligence helps the data 

selection process, yielding a more accurate prediction performance.   

 

Case 4 Weak human opinion and strong machine opinion 

 

Suppose the human has weak opinion, while the machine has strong system opinion. 

Here, the machine‘s strong opinion guarantees a sufficiently high data quality to ensure a 

stable solution. Although the human might provide totally different rankings of the model, 

there is a high possibility that the machine provides the same models and model preferences, 

which are based on the data. There is no function in the process that can shift the human‘s 

paradigm or decision, but there is an agreement that the human can change his/her paradigm 

when the human faces a number of counter examples.  Finally, human experts see the 

different model preferences again and again when they repeatedly disagree with machine, 
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which will affect the human‘s paradigm of the system. Thus, in this case, the computational 

image guides the human expert‘s subjective representation such that it becomes clearer. 

 

HM-CII proposes a novel causal structure-based model combination method to 

improve the model acceptance by human experts as well as the model accuracy. There are 

many different models to solve the specific problems using different parameters and 

frameworks. Even though there is a model to cover all problems using relevant information, 

it would be too complicated to use and could not be understood by the model user. Therefore, 

HM-CII combines parallel intelligences, such as human and machine intelligence, with a 

simple graphical casual structure, called the Chow tree, for easy visualization and 

parameterization. HM-CII is a decision support tool that not only provides the agreed causal 

structure, but also helps to clarify the data structure and fuzzy human thought. Due to the 

uncertainty of the human characteristics, it is impossible to guarantee human and machine 

convergence, but this framework could provide another possibility for human and machine 

interaction and collaboration.   
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Chapter 6 

Summary and Future Research 

 

 

6.1 Summary 

 

Many researchers have worked in the area of human-machine interaction or human-

machine collaboration [18, 35, 44, 45, 63, 76, 80, 103, 111], but most of them are either 

human or machine oriented model. Thus their models either do not use a quantitative 

mechanism or heavily depend on the computational method with a little involvement of 

human.  Moreover, previous research in human and machine collaboration has not been 

conducted in terms of compromise or negotiation between human and machine, especially 

when the opinions are incoherent.  Our current research goal is to reduce the differences by 

developing a reliable system which identifies and reinforces the common strong points of 

human and machine intelligence, and weakens their respective weak points that are less 

preferable or plausible from the point of view of the opposite intelligence. The analogy here 

is that people tend to be ―louder‖ when they are agreed with by their adversaries. 
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To yield satisfactory HM-CII performance, we first determined the characteristics of 

human and machine intelligence, and summarized their strengths and weaknesses. Based on 

these qualities, HM-CII was developed. In consideration of the human‘s limited analysis 

capacity, HM-CII first identified the top individual causes of the system faults and showed 

causal relationships between them by constructing top-k Chow tree models, which include 

the optimal Chow tree, from a conventional mutual information perspective. This could help 

human experts to visualize and evaluate the data structure and causal relationships in a 

complex system. Based on the causal structures available, the human and machine can 

evaluate the most plausible causal structure for representation of the system faults.  

Machine intelligence can distinguish the model performance of causal structures by 

transforming the graphical causal structures to statistical models such as logistic regression or 

discriminant analysis. Human intelligence does not need any strictly computational efforts. 

HM-CII employs the human expert‘s experience, domain knowledge, analogies, intuitions or 

gut feelings. Since human and machine may have different evaluation criteria and different 

weightings of the importance among the evaluation criteria, their model preferences may not 

be the same.  

When human and machine disagree on the most plausible model, HM-CII keeps the 

data objects supporting the selection and eliminates the data objects supporting the least 

plausible Chow tree. This procedure is slightly different from the common choice narrowing-

down process. That is, instead of eliminating the least favorable candidates, HM-CII 

eliminates the data objects supporting the least favorable candidate. This change of data 

structure affects (1) the next iteration results, such as the constructed Chow tree models, (2) 
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the prediction of performance computation, and (3) the model preference rankings of the 

machine intelligence, which based on the statistical model of causal structure.  

Unfortunately, we cannot detect and measure when or how a human expert‘s 

paradigm shifts with respect to the causal relationship for the system. We can only guess that 

a human expert‘s paradigm has shifted after noticeable inconsistency in their model 

preference rankings. However, since the constructed Chow tree models may be different 

from the previous iteration due to the change of data structure, the intractability of the human 

paradigm shift would not be detrimental to the human and machine negotiation.    

Using the developed HM-CII, we conducted two experiments. First, we simulated HM-CII 

without involvement of real human experts. That is, we simulated all possible scenarios due 

to different human model preference rankings. For example, if HM-CII constructs three 

causal structures for plausible candidates, then there are 6 possible rankings by the human 

experts. We synthesized all possible human ranking cases and obtained the corresponding 

observations. Based on the results, we established some useful analogies between HM-CII 

and OO. In addition, the results showed that HM-CII finally terminates with a human and 

machine agreed model, although it takes many iterations (8 iterations for the ergonomic 

incident data) and the worst case of the selected model is within the top-30% of rankings. 

Despite this apparently poor ranking, its prediction performance is still better than the Chow 

tree with the maximum sum of MI.  

            Further, the overall prediction performance is better than the prediction performance 

of the optimal Chow tree. This is because in each of the iterations, HM-CII eliminates the 

data objects disfavored by the causal structures of interest. Thus, HM-CII changes the data 
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structures to improve the fit to the true distribution as well as to find the satisfactory causal 

structures. This result could be seen as equivalent to arguing that "a lie told often enough 

becomes a truth" (Vladimir Lenin) or "If you tell a lie big enough and keep repeating it, 

people will eventually come to believe it...." (Joseph Goebbels). Repeat a lie often enough 

and it will believed as long as the data structures are adaptable for the most agreeable model.   

 

             Second, we applied HM-CII to predict the amount of delay in a pipe installation 

project plan. Here, instead of simulation, we worked with the real human expert to build 

satisfactory causal structures. Since the civil engineering project delay data consist of multi-

level categories in some variables, HM-CII first constructed the causal structure with the 1
st
- 

level variables. Then, HM-CII built sub-causal structures for each level of variables. After 

constructing all sub-causal structures in all level of variables, we united them into one 

complete causal structure.  Using this strategy, HM-CII built three causal structures, and 

human and machine reached an agreement on the most plausible causal structure in the first 

iteration of HM-CII. This experiment supports our expectation that true optimal causal 

structure will be evaluated as a good model, no matter what the evaluation criteria are. Since 

HM-CII uses Kruskal‘s algorithm, in each of the iterations it always constructs the best 

Chow tree model under the new data structure. This fact increases the possibility of 

agreement between human and machine. In addition, the human expert found it easy to rate 

the causal structures because of their simple form (a tree structure). Even if the human 

experts do not have enough knowledge in fields such as statistics and artificial intelligence, 
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they can easily match and evaluate the Chow trees by applying their relevant knowledge and 

experience.   

 

            6.2 Conclusion 

 

Our proposed HM-CII algorithm for fault diagnosis and detection in complex systems 

first uses the causal structure to provide a visualization of the system structure to human 

experts and secondly to parameterize the system for the machine intelligence. In addition, we 

have taken both the human- and machine-centered points of view to study fault detection 

problems in the real world. HM-CII enables negotiation between human experts and machine 

intelligence by using ordinal comparisons.  Moreover, by providing two approaches for data 

manipulation and by invoking a sub-causal structure for multi-level data, HM-CII prevents 

the possible limitations arising from various data structures.  

The first major contribution of this thesis is the finding that HM-CII provides different 

possibilities for human and machine collaborative research.  HM-CII is based on objects and 

embodies a co-constructed thought process designed to produce satisficing solutions using 

quantitative methods. To date, many researchers have tried to make human experts and 

machines co-operate, but have mostly used qualitative notations such as discussion, meeting 

and documentation, among others. Some researchers have tried to use quantitative methods 

such as fuzzy logic to synthesize human and machine intelligences, but they did not focus on 

the mechanism of human and machine interaction and associated feedback process. Here, 

HM-CII uses a selection of graphical and quantitative methods, such as the Chow tree, 
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information theory, voting and simulation, to show how human and machine could 

communicate and exchange mutual feedbacks. HM-CII thus shows how human intuitive 

deliberations and machine computational intelligence could work in cooperation.   

The second contribution is that, by adopting a rough causal structure and ordinal 

comparison, HM-CII shows that negotiation between human and machine becomes possible. 

Moreover, our simulation results and observations show that the model final by HM-CII 

meets the demands of human experts as well as the model performance criteria.  

 

The third contribution is the mathematical explanation of HM-CII. We have discussed 

that the performance of the models, the interaction results and the termination of HM-CII. 

Using the proofs of ordinal optimization and the consistency of the Chow tree, we roughly 

showed that the models selected by HM-CII provide quite ―good‖ prediction performance.  

By these investigations, our understanding of HM-CII has become stronger.   

 

The fourth contribution concerns the usage and flexibility of HM-CII. The developed 

HM-CII can be used in decision making problems, such as classification of customers and 

prediction of failure in various areas. In addition, it is possible to replace certain parts of HM-

CII with other techniques if necessary, based on the intended purpose. Thus, the developed 

HM-CII provides the basic framework with which to obtain a customized causal structure, 

based on demands of the final decision makers. In the next section, we briefly summarize 

some possible extensions of HM-CII.     
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6.3 Future research 

 

         This dissertation represents a preliminary study of the growth of human- machine 

interaction and of a new application of fault diagnosis that maps causal structures. In this 

expanding field, we are currently working with other domain experts (for example, health 

care and power utilities) to extend this preliminary study to a much larger scale analysis of 

the intellectual structure.  There are many problems involved in scaling the method used in 

HM-CII to deal with large database. However, this does seem to be a very promising field for 

future research.  There are five areas that we consider for potential improvement:   

 

First, we can relax the causal structure condition. The Chow tree is the directed 

acyclic graph which does not allow cycles. However, in reality some situations are 

characterized by underlying cycles. The vicious cycle of poverty is an example. Although the 

inclusion of cycles in the causal structure makes the problem complicated, sometimes it is 

necessary. We can add cycles in the causal structure by using Bayesian networks.   

 

Second, we may be able to use more concrete theories, such as fuzzy methods or the 

rough set method, for building data combinations with the given causal structures. The social 

network analysis technique can also be applied to detect the data observations that support the 

given causal structure and to find the closest available data combinations in sub-sampling 

methods. 
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Third, HM-CII can use other methods to construct top-k Chow tree models. At 

present we are using the modified Kruskal‘s algorithm, but if we can build top-3 or top-4 

Chow tree models in all situations, convergence will be faster during human and machine 

negotiation.  

 

Fourth, HM-CII should be able to deal with multiple faults. Although the presented 

application examples are all binary data cases, there are many situations in which more than three 

faults are involved.  In multiple faults cases, there are two broad approaches. First, the Cox 

proportional hazard model can be used to classify multiple faults. In this case, we can only 

replace the LR method with the Cox proportional hazard model. However, if the number of 

faults is too many, we can add a fault reduction step into the HM-CII. Developing a 

concurrent choice narrowing technique will be helpful in reducing the search space. 

 

Fifth, HM-CII should be able to predict time-dependent data. Sometimes, it is necessary 

to predict the time to failure as well as the classification. For example, in medical diagnoses, it is 

important to determine whether the patients have died or not and, if they died, when it happened. 

Likewise, for business credit scoring analyses, it is important to determine whether the customers 

failed or not and, if they failed, when it happened. In addition, if a patient dies or a customer 

fails, there is a need to find the main cause of death or failure. If HM-CII can deals with the 

corresponding time data, then a more self-contained system can be developed.  
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6.4 Intellectual Merits and Broader Impacts 

 

Briefly, Asimov‘s three laws of robotics are as follows: (1) a robot may not injure a 

human being or, through inaction, allow a human being to come to harm; (2) a robot must 

obey any orders given to it by human beings, except where such orders would conflict with 

the First Law; and (3) a robot must protect its own existence as long as such protection does 

not conflict with the First or Second Law.   

The real challenge here is to differentiate what actions are considered friendly, 

protective or beneficial and what are ill-disposed, harmful or wrongful to humans.  If there 

are sufficient, reliable and consistent data, the machine intelligence would be able to follow 

Asimov‘s laws without any problems.  In contrast, a human can easily be followed or 

directed, if their desires and goals are clear and well-defined.   

In most cases of modern complex systems, the value judgment of Asimov‘s laws is 

not clear to machines, and it may not even be clear to well-trained logical human decision 

makers.  As such, both the best (or worst) outcome and the logics to reach that outcome are 

moving targets.  All human conventional wisdoms and, even those not necessarily based on 

scientific reasoning – from the structure of the household and patterns of residence to moral 

values and forms of supply-chains – would have to be diagnosed and redesigned.  The human 

causal structures of the past could be the products of myth, superstition, and religious 

prejudice.  What a human can only hope for is that there are ―some data‖ to back them up.   

In machine intelligent process, we always pursue the optimal solution. However, in 

human decision making process, we usually find a satisficing solution within a reasonable 
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time. If the final decision maker is human, they may want to customize the model based on 

their demands. Here we develop HM-CII as a bridge connecting precise computations and 

subjective decisions, to produce increasingly consistent and better solutions, hybridizing not 

only human and machine decision making process and their model preferences, but also 

many methods in artificial intelligence, data mining, decision science, mathematics, and 

statistics. We hope that the proposed HM-CII paves the way for the ongoing human and 

machine collaboration.         

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 141 

 

REFERENCES 

 

   [1]        Anderson, J. R.(1981). Cognitive skills and their acquisition. Hillsdale: Erlbaum. 

 

   [2]        Armstrong, J.S. (1985).  Long-Range Forecasting from Crystal Ball to Computer.  

                John Wiley & Sons. 

 

   [3]        Arrow, K.J. (1950). ―A Difficulty in the Concept of social Welfare.‖ Journal of  

                Political Economy, 58(4): 328-46. 

 

 [4]        Ballard, G. and Howell, G.(1988). ―Shielding Production: An Essential Step in                 

              Production Control.‖ The Journal of Construction engineering in Management,  

             124(1):18-24. 

 

 [5]        Banasik, J., Crook, J. N., and Thomas, L. C. (1999). ―Not if but when will  

             borrowers default.”  Journal of Operations Research Society, 50:1185-90. 

   

   [6]       Bien, Z. and Song, W.-K.(2003). ―Blend of soft computing techniques for effective  

                human-machine interaction in service robotic systems.‖ Fuzzy Sets and Systems,    

               134 (1):5-25. 

 

   [7]        Brazdil, P.B., and Soares, C.(2000). ―A Comparison of Ranking Methods for      

               Classification Algorithm Selection.‖ In Mantaras, R.L.D., and Plaza E.. In  

                Proceedings of 11
th
 European Conference on Machine Learning (ECML 2000),  

               1810:63-75. 

 



 142 

[8]       Bruggen, G.H.V., Lilien, G.L., and Kacker, M.(2002). ―Informants in  

            Organizational Marketing Research: Why Use Multiple Informants and How to  

            Aggregate Responses.‖ Journal of Marketing Research, XXXIX: 469-78. 

    

   [9]        Bureau of Labor Statistics (1998). Occupational injuries and illnesses in the United  

               States by industry. Washington, DC: Government Printing Office. 

 

   [10]      Carroll, L.(1865). Alice’s Adventures in Wonderland. London: Macmillan and Co.   

 

   [11]      Cheng, J., Druzdzel, M.J. (2000). ―AIS-BN: An Adaptive Importance Sampling  

                Algorithm for Evidential Reasoning in Large Bayesian Networks.‖ Journal of  

                Artificial Intelligence Research, 13:155-88. 

 

   [12]      Chien, C.-F., Chen, L.-F.(2008). ―Data mining to improve personnel selection and  

               enhance Human capital: A case study in high –technology industry.‖ Expert  

               Systems with Application, 34(1):280-90. 

 

   [13]      Chien, C.-F., Wang, W.-C, and Cheng, J.-C.(2007). ―Data mining for yield  

               enhancement in semiconductor manufacturing and an empirical study.‖ Expert  

               Systems with Applications, 33(1):192-98. 

 

   [14]      Chi, M.T.H.(2006b). Laboratory methods for assessing experts and novices  

                Knowledge In Ericsson, K.A., Charness, N., Hoffman R.R., and Feltovich P.J.  

                (Eds.), The Cambridge handbook of expertise and expert performance. 167-84,  

                Cambridge: Cambridge University Press. 

 

   [15]      Chow, C.K., and Liu, C.N.(1968). ―Approximating discrete probability  



 143 

               Distributions with dependence trees.‖ IEEE Transactions on Information Theory,  

               14(3):462–67. 

  

   [16]      Chow, C.K., and Wagner, T.J.(1972). ―Consistency of an Estimate of Tree- 

               Dependent Probability Distributions.‖ IEEE Transactions on Information Theory,  

               19(3):369-71. 

 

   [17]      Chow, M.-Y., and Yee, S.-O.(1991). ―Methodology for On-Line Incipient Fault  

                Detection in Single-Phase Squirrel-Cage Induction Motors using Artificial Neural  

                Networks.‖ IEEE Transactions on energy conversion, 6(3):536-45. 

 

   [18]      Colgan, L., Spence, R., and Rankin, P.(1995). ―The Cockpit Metaphor.‖ Behavior  

               & Information Technology, 14(4):251-63. 

 

   [19]      Dempster, A.P.(1968). ―A Generalization of Bayesian Inference.‖ Royal Statistical  

               Society, 30:205-47. 

 

   [20]      Dimitras, A.I., Slowinski, R., Susmaga, R., and Zopounidis, C.(1999). ―Business  

                failure prediction using rough sets.‖ European Journal of Operational Research,  

               114(2):263-80. 

 

   [21]      Druzdzel, M.J., and Glymour, C.(1995). What Do College Ranking Data Tell Us  

               About Student Retention: Causal Discovery in Action. In Proceedings of the Fourth    

               International Workshop on Intelligent Information Systems (WIS’95), 138-47. 

 

   [22]      Erp, M.V., and Schomaker, L.R.B. (2000). Variants of the Borda Count method for  

                combining ranked classifier hypotheses, In Schomaker, L.R.B., and Vuurpijl, L.G.  



 144 

                (Eds.), In Proceedings of the Seventh International Workshop on Frontiers in  

                Handwriting Recognition, 443-52. 

 

   [23]      Ferguson, M.(1980). The Aquarian Conspiracy: Personal and Social  

               Transformation in the 1980s. Arlington: Soundworks. 

 

   [24]      Fischhoff, B.(1989). ―Eliciting Knowledge for Analytical Representation.‖ IEEE  

               Transactions on Systems, Man, and Cybernetics, 19(3):448-61. 

 

   [25]     Fitts, P.M (1951). Human Engineering for an Effective Air Navigation and Traffic  

               control System. Washington, DC: National Research Council. 

 

   [26]      French, S.(1984).  Fuzzy decision analysis: Some criticisms. in: H.J. Zimmerman,  

               L.A. 

 

 [27]      Gigerenzer, G., and Goldstein, D.G.(1996). ―Reasoning the Fast and Frugal Way:  

              Models of Bounded Rationality.‖ Psychological Review, 103(4):650-69. 

 

   [28]      Goto M. and Takada Y.(1990). ―Application of expert system to nuclear power  

                plant operation and guidance system.‖ Artificial Intelligence in Nuclear Power  

               Plants,UTT Symposium 109-110, 185-96. 

  

   [29]      Han, J. and Kamber, M.(2001). Data Mining: Concepts and Techniques. San  

                Francisco: Morgan Kaufmann. 

 

   [30]      Harding, J.A., Shahbaz, M., and Srinivas (2006). ―Data Mining in Manufacturing:  



 145 

                A Review.‖ Journal of Manufacturing Science and Engineering, 128:969-76. 

 

   [31]      Heckerman, D.(1990). Probabilistic interpretations for MYCIN‘s certainty factors.  

                In Kanal, L.N. and Lemmer, J.F (Eds.), Uncertainty in Artificial Intelligence. New  

               York: New-Holland. 

 

 [32]      Heckerman, D.(1995). A Tutorial on Learning with Bayesian Networks.  

              TechReport, MSR-TR-95-06, Microsoft Research. 

   

   [33]      Heller, D., Levin, I.P., and Goransson, M.(2002). ―Selection of strategies for  

                narrowing choice options: Antecedents and consequences.‖ Organizational  

                Behavior and Human Decision Processes, 89(2):1194-213. 

 

   [34]      Ho, Y. –C.(1999), ―An explanation of ordinal optimization: Soft computing for  

                hard Problems.‖ Information Sciences, 113(3-4):169-92. 

 

   [35]      Hu. K, Lu, Y., and Shi, C.(2003). ―Feature Ranking in Rough Sets.‖ AI  

               Communications, 16(1):41-50. 

 

   [36]      Hume, D.(2008). An Enquiry Concerning Human Understanding. NuVision  

               Publications, LLC. 

 

   [37]      Iwasaki, Y. and Simon, H. (1986), ―Theories of Causal Ordering: Reply to de Kleer  

               and Brown.‖ Artificial Intelligence, 29 (1): 63-72. 

 

   [38]      Jagadish, H.V., Koudas, N., Muthukrishnan, S., Poosala, V., Sevcik, K., Suel, T.  



 146 

                (1988). ―Optimal Histograms with Quality Guarantees.‖ In Proceedings of the 24
th
  

               VLDB Conference, New York. 

 

   [39]      Janis, I.L.(1972). Victims of Groupthink: A psychological study of foreign-policy   

               decisions and fiascoes. Boston: Houghton Mifflin Company. 

 

   [40]      Jeffers, J.N.R.(1985). ―Ecological Advice through Expert Systems‖, In  

               Proceedings of  the First International Expert Systems Conference. 

 

   [41]      Kahneman, D., and Frederick, S.(2002). Representativeness revisited: Attribute 

               Substitution in intuitive judgment. In Gilovich, T., Griffin, D., and Kahneman,  

                D.(Eds.), Heuristics and biases: The psychology of intuitive judgment.  49-81, New  

               York:Cambridge University Press. 

 

   [42]      Kahneman, D., Slovic, P., and Tversky, A. (1982)(Eds.).  Judgment under  

               uncertainty: Heuristics and biases. New York: Cambridge University Press. 

 

   [43]      Katipamula, S., and Brambley, M.R.(2005), ―Methods for Fault Detection,   

               Diagnostics, and Prognostics for Building Systems- A Review, Part I.‖  

                International Journal of  HVAC&R Research, 11(1):3-26. 

 

   [44]     Kim, C.-H., Park, S.-Y., and Lee, J.-J.(2004). ―Intelligent Motion Planning for Man- 

               Machine Interactive Redundant Manipulator.‖ In Asia-Pacific conference on  

               control and Measurement, 87-92. 

 

   [45]      Kim, M.J, Han, I. and Lee, K.C.(1998), ―The integration framework for the  

               prediction of Stock Price Index, the Korea Society of Management Information  



 147 

               System.‖ In Proceedings of international conference 98, 485-94. 

 

   [46]      Kim, M.J, Han, I. and Lee, K.C. (1999). ―The Hybrid Knowledge Integration Using  

               the Fuzzy Genetic Algorithm.‖ In Proceeding of the Korea Intelligent Information  

                System Society Conference, 1:145-54 

 

   [47]      Kim, M.J, Lee, K.C, and Han, I.(1998). ―The Integration of machine and human  

                knowledge by fuzzy logic for improving the reasoning performance.‖ In  

                Proceeding of the Korea Intelligent Information System Society Conference, 1:110- 

               11. 

 

   [48]      Klein, G.A.(1989). ―Recognition-Primed Decisions.‖ Advanced in Man-Machine  

               system Research, 5:47-92. 

 

   [49]      Kohavi, R., ―A study of cross-validation and bootstrap for accuracy estimation and  

               model Selection‖, In Proceedings of the Fourteenth International Joint Conference  

                on Artificial Intelligence, 2(12):1137-43, San Mateo: Morgan Kaufmann. 

 

   [50]      Komorowski, J., Polkowski, L., and Skowron, A.(1998), Rough Sets: A Tutorial.  

 

   [51]      Kruskal, J.B., Jr.(1956). ―On the Shortest Spanning Subtree of a Graph and the  

               Traveling Salesman Problem.‖ In Proceedings of the American Mathematical  

               society, 7(1):48-50. 

 

   [52]      Kubat, M., Holte, R., and Matwin, S.(1998). ―Machine learning for the detection of  

               oil spills in radar images.‖ Machine Learning, 30:195-215. 

 



 148 

   [53]      Kullback, S., and Leiber, R.A.(1951). ―On Information and Sufficiency.‖ The  

                Annals of Mathematical Statistics, 22:79-86. 

 

   [54]      Kusiak, A.(2001). ―Rough set theory: A data mining tool for semiconductor  

               manufacturing.” IEEE Transactions on Electronic Packaging Manufacturing,  

               24(1):44-49. 

 

   [55]      Kwon, S., and Kim, J.(2009), ―Real-time upper limb motion prediction rom  

               noninvasive biosignals for physical human-machine interactions.‖ In Proceedings  

               of the 2009 IEEE International Conference on Systems, Man and Cybernetics  

                (SMC’09).  

 

   [56]      Levin, I.P., Prosansky, C.M., Heller, D., and Brunick, B. M.(2001), ―Prescreening  

                of choice options in ‗positive‘ and ‗negative‘ decision-making tasks.‖ Journal of   

                Behavioral Decision Making, 14(4):279-293. 

 

   [57]      Levin, I.P., Jasper, J.D., and Forbes, W.S.(1998). ―Choosing Versus Rejecting  

                Options at Different Stages of Decision Making.‖ Journal of Behavioral Decision  

                Making, 11(3):193-210. 

 

   [58]      Li, M., and Smidts, C.S.(2003). ―A Ranking of Software Engineering Measures  

               Based on Expert Opinion.‖ IEEE Transactions on Software Engineering, 29(9):811- 

                824. 

 

   [59]      Liou, Y.I., Weber, E.S., and Nunamaker, J.F.(1990). ―A methodology for  

               knowledge acquisition in a group decision support system environment.‖  

                Knowledge Acquisition, 2(2):129-144. 



 149 

   [60]      Liu, M. and Ballard, G.(2009). ―Factors Affecting Work Flow Reliability – A Case  

               Study.‖ Proceedings for the 17th Annual Conference of the International Group for  

               Lean Construction (IGLC 17), Taipei, Taiwan. 

 

   [61]     MacKinnon, N.(1988). ―Cayley‘s Theorem and a Method for Approximating e.‖  

                The Mathematical Gazette, 72(462):293-297 

 

   [62]     Madelyn L. I. (2003).  Data-Driven Decision Making: The Engine of Accountability.  

               Professional School Counseling, 6(4):288-295. 

 

   [63]      Malasky, J.S. (2005). Human Machine Collaborative Decision Making in a  

               Complex Optimization System, Master Thesis in Operations Research, Cambridge:  

                Massachusetts Institute of Technology. 

 

   [64]      McCarthy, J.(1986). ―Applications of Circumscription to Formalizing Common  

                Sense Knowledge.‖ Artificial Intelligence, 28:89-116. 

 

   [65]      McGraw-Hill Economics (1985). Survey of investment in employee safety and  

                health. New York: McGraw-Hill. 

 

   [66]      McGraw, K.L. and Harbison, -B. K.(1989). Knowledge Acquisition: Principles and  

               Guidelines. Prentice Hall. 

 

   [67]      Medsker, L., and Turban E.(1994). ―Integrating expert systems and neural  

               computing for decision support.‖ In Proceedings of the Twenty-Seventh Hawaii  

                International Conference on Decision Support and Knowledge-Based Systems,  

                656-65. 



 150 

   [68]      Metropolis, N., and Ulam, S.(1949). ―The Monte Carlo Method.‖ Journal of the  

               American Statistical Association, 44(247):335-41. 

 

   [69]     Morris, P.A.(1974) ―Decision analysis expert use.‖ Management Science,  

                20(9):1233-41. 

 

   [70]     Morris, P.A.(1977). ―Combining expert judgment: A Bayesian approach.‖  

               Management Science, 23(7):679-93. 

 

   [71]      Naser, J.(2000). Human Factors Guidance for Digital I&C Systems and Hybrid  

               Control Rooms: Scoping and Planning Study final Report. EPRI. 

 

   [72]      National Safety Council (1999) Injury Facts. Chicago: National Safety Council. 

 

   [73]      Newell, A. and Simon, H.A.(1972). Human Problem Solving. New York: Prentice  

                hall. 

 

   [74]      Ng, A.Y., and Jordan, M.I.(2002). ―On Discriminative vs. Generative classifiers: A   

                comparison of logistic regression and naïve bayes.‖ Neural Information Processing  

                Systems, 2:841-48. 

 

   [75]      Nonaka, I. and Takeuchi, H.(1995). The Knowledge — Creating Company. New  

               York: Oxford University Press. 

 

   [76]      Osyk, B. A. and Vijayaraman, B. S.(1995). ―Integrating Expert Systems and Neural  

               Nets: Exploring the Boundaries of AI.‖ Information Systems Management,  



 151 

               12(2):47-54. 

 

   [77]      Pal, S.K., and Mitra, P.(2004). ―Case Generation Using Rough Sets with Fuzzy  

               Representation.‖ IEEE transactions on knowledge and data engineering, 16(3):292- 

               300. 

 

   [78]      Pareto, V., Page, A.N.(1971), Translation of Manuale di economic politica  

                (―Manual of Political economy‖), Kelley, A.M. 

 

   [79]      Park, H.J., Kim, B.-K., and Lim, G.-Y.(1999). Measuring Machine Intelligence for   

               Human- Machine Cooperative Systems using Intelligence Task Graph. In  

               Proceedings of IEEE/RSJ International Conference on Intelligent Robots and  

               Systems (IROS '99), 689-94. 

 

   [80]      Pawlak, Z.(1997). Rough set approach to knowledge-based decision support.  

               European  Journal of Operational Research, 99:48-57. 

 

   [81]      Pearl J.(1988). Probabilistic Reasoning in Intelligent Systems: Networks of  

                Plausible Inference. San Mateo: Morgan Kaufmann. 

 

   [82]      Pearl, J.(2000), Causality: Models, Reasoning and Inference. Cambridge:  

               Cambridge University Press. 

 

   [83]      Pearson, K.(1901), On Lines and Planes of Closest Fit to Systems of Points in  

               Space. Philosophical Magazine, 2(6):559-572. 

    



 152 

   [84]      Perrow, C.(1984), Normal Accidents: Living with High-Risk Technologies. New  

                York: Basic Books. 

 

   [85]      Pohl, J.(2006), Elements of Human Decision-Making. In Proceedings of the 18
th
  

               International Conference on Systems Research, Informatics and Cybernetics  

               (InterSymp-2006). 

 

   [86]      Price, H.E.(1985), The Allocation of Functions in Systems. Human Factors,  

                27(1):33-45, 1985. 

 

   [87]      Rasmussen, J.(1987), Cognitive control and human error mechanisms. In  

                Rasmussen, J.,Duncan, K., and Leplat, J. (Eds.), New Technology and Human  

                Error. Chichester: John Wiley & Sons. 

 

   [88]      Reason, J.(1990), Human Error. Cambridge: Cambridge University Press. 

 

   [89]      Ross, K. G., Shafer, J. L., and Klein, G.(2006), Professional judgments and  

                Naturalistic Decision Making. In Ericsson, K.A., Charness, N., Feltovich, P.J., and  

                Hoffman, R.R., (Eds.), The Cambridge handbook of expertise and expert  

                performance. New York: Cambridge University Press. 

 

   [90]      Salas, E., and Klein, G. (2001)(Eds.), Linking Expertise and Naturalistic Decision  

                Making. Mahwah: Erlbaum. 

 

   [91]      Sawaragi, Y., Naito, M., and Nakamori, Y.(1990), ―Shinayakana Systems  

                Approach in Environment Management.‖ In Proceedings of the 11th World  

                congress on automatic  control, IFAC, V, Pergamon Press, 511-16. 



 153 

   [92]      Shanteau, J.(1992), ―Competence in experts: the role of task characteristics.‖  

               Organizational Behavior and Human Decision Processes, 53:252-66. 

 

   [93]      Sheridan, T.B., Parasuraman, R., and Wickens, C.D.(2000), ―A model for types and  

                levels of human interaction with automation.‖ IEEE Transactions on Systems, Man,   

                and Cybernetics - Part A: Systems and Humans, 30(3):286-97. 

 

   [94]      Simon, H.A.(1955), ―A Behavioral Model of Rational Choice.‖ The Quarterly  

                Journal of Economics, 69(1):99-118. 

 

   [95]      Simon, H.A.(1956). ―Rational choice and the structure of the environment.‖  

               Psychological Review, 63(2):129-38. 

 

 [96]      Simon, H. A.(1982). Models of bounded rationality, Cambridge, MA: MIT Press. 

 

   [97]      Singleton, R.A., and Straits, B.C.(1999), Approaches to Social Research. New  

                York: Oxford University Press. 

 

   [98]      Sloman, S.A.(1996), ―The Empirical Case for Two systems of Reasoning.‖  

               Psychological Bulletin, 119(1):3-22.  

 

   [99]      Spellman, B. A. (2007), Judges, Expertise, and Analogy. In D. Klein & G. Mitchell  

                (Eds.), The Psychology of Judicial Decision Making. Oxford: Oxford University  

                Press. 

 

   [100]    Spirtes, P., Glymour, C.,and Schienes, R.(1993), Causation, Prediction, and Search.  



 154 

                New York: Springer-Verlag. 

 

   [101]    Stepanova, M. and Thomas, L.(2002), ―Survival Analysis Methods for Personal  

                Loan Data.‖Operations Research, 50(2):277-89. 

 

   [102]    Tay, F.E.H., and Shen, L.(2002), ―Economic and financial prediction using rough  

                sets model.‖ European Journal of Operational Research, 141:641-59. 

 

   [103]    Teh, C.S. and Lim, C.P.(2007), ―An Intelligent Human-Computer Interaction  

                system for Decision Support.‖ International Journal of Information Technology,  

                3(1):54-63. 

 

   [104]    Torra, V. and Narukawa, Y.(2007), Modeling Decisions: Information Fusion and  

               Aggregation Operators. Berlin: Springer-verlag. 

 

   [105]    Tversky, A.(1972), ―Elimination by aspects: A theory of choice.‖ Psychological  

                Review, 79(4):281-99. 

 

   [106]    Tversky, A., and Kahneman, D.(1974), ―Judgment under Uncertainty: Heuristics  

                and Biases.‖ Science,185:1124-31. 

 

   [107]    US Department of Defense (1987), Human engineering procedures guide.  

               Washington D.C. 

 

   [108]    Venkatasubramanian, V., Rengaswamy, R., Yin, K., and Kavuri, S., N.(2003), ―A  

                review of process fault detection and diagnosis Part I: Quantitative model-based  



 155 

                methods.‖ Computers and Chemical Engineering, 27:293-311. 

 

   [109]    Venkatasubramanian, V., Rengaswamy, R., and Kavuri, S., N.(2003). ―A review of  

                process fault detection and diagnosis Part II: Quantitative models and search  

                strategies.‖ Computers and Chemical Engineering, 27:313-26. 

 

   [110]    Venkatasubramanian, V., Rengaswamy, R., Kavuri, S., N., and Yin, K.(2003). ―A  

                review of process fault detection and diagnosis Part III: Process history based  

               methods.‖ Computers and Chemical Engineering, 27:327-46. 

 

   [111]    Waters, C.D.J.(1984). ―Interactive vehicle routing.‖ Journal of the Operational  

               Research Society, 35(9):821-26.  

 

   [112]    Wolpert, D.H., and Macready,W.G.(1995). ―No Free Lunch Theorem for search.‖  

               Technical Report SFI-TR-95-02-010 (Santa Fe Institute). 

 

   [113]    Wolpert, D.H., and Macready,W.G.(1997). ―No Free Lunch Theorem for  

               Optimization.‖ IEEE transactions on Evolutionary Computation, 1(67):67-82. 

 

   [114]    Xu, L., and Chow, M.-Y., and Gao, X.Z.(2005). ―Comparisons of logistic  

                regression and artificial neural network on power distribution systems fault cause  

                identification.‖ In Proceedings of IEEE Mid-Summer Workshop on Soft computing  

               in Industrial Applications (SMCia/05), 128-31. 

 

   [115]    Xu, L., and Chow, M.-Y.(2006). ―A Classification Approach for Power  

               Distribution Systems Fault Cause Identification.‖ IEEE Transactions on Power  

               systems, 21(1):53-60. 



 156 

   [116]    Xu, L., and Chow, M.-Y., and Taylor, L.S.(2006). ―Data Mining Based Fuzzy   

                Classification Algorithm for Imbalanced Data.‖ In Proceedings on IEEE  

                International Conference on Fuzzy Systems, 825-30. 

 

   [117]    Xu, L., Hsiang, S.M., Chow, M.-Y.(2006). ―The development of Fault diagnosis  

                methodologies using Hierarchical Clustering and Small world Network  

                Stratification.‖ IEEE Mountain workshop on Adaptive and Learning Systems, 149- 

                53.  

 

   [118]    Xu, L., Chow, M.-Y., and Taylor, L.S.(2007). ―Power Distribution Fault Cause  

                Identification With Imbalanced Data Using the Data mining-Based Fuzzy  

                Classification  E-Algorithm.‖ IEEE Transactions on Power Systems, 22(1):164-71. 

 

 [119]    Xue, Y., Wang, C., Ghenniwa, H.H., and Shen, W.(2009). ―A Tree Similarity  

             Measuring Method and its Application to Ontology Comparison.‖ Journal of  

             Universal Computer Science, 15(9):1766-81. 

 

 [120]    Yang, L., Schopf, J.M., Dumitrescu, C.L., and Foster, I.(2005). Statistical Data   

              Reduction for Efficient Application Performance Monitoring. ANL/MCS-P1281- 

             0805. 

   

   [121]    Yaniv, I., and Foster, D.P.(1995). ―Graininess of Judgment under Uncertainty: An   

                Accuracy- Informativeness Trade-Off.‖ Journal of Experimental Psychology:  

                General, 124(4):424-32. 

 

   [122]    Yaniv, I., and Schul, Y,(1997). Elimination and Inclusion Procedures in Judgment.  

                John Wiley & Sons. 


	ABSTRACT(ETD rule).pdf
	DEDICATION(final).pdf
	Body(ETD) (복구됨).pdf

