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ABSTRACT 

This study investigated how human mental learning reaches an 

asymptotic state at an acceptable performance level. The mental learning model 

may encompass multiple factors not previously revealed, including threshold 

learning. Numerous studies have explored the physical and psychological 

aspects of human learning. Several components of learning have been 

identified, including time, accuracy, individual differences, and fatigue. 

Furthermore, previous findings have shown a relationship between time and 

errors, or time and quantity production as s-shaped curves. However, previous 

learning curve research concentrated more on skill learning or maze learning. 

Few studies evaluated detailed human mental learning or strategic information 

processing. In particular, these studies did not explicitly evaluate mental learning 

in terms of "threshold overcome," which possibly indicates an initial change in 

speed of the rate of learning. 

The study was inductive research comprising designs of one exploratory 

and two confirmatory experimental sessions (a monochrome puzzle and a 

typical-image puzzle) with repeated within-subject measures. Computer-based 

jigsaw puzzles were employed to explore constructs of mental learning, including 

the rate of learning, strategic utilization, and errors. Mathematical mental 

learning models and strategy information processing also were examined. A 

total of 125 participants were recruited. Participants with color vision deficiency 

were dismissed. Learning phenomenon was ascertained over the three 

experiments and completion times in puzzle-solving tasks were considerably 

reduced after four repetitions. Threshold learning did not exist in this study while 

learning models demonstrated a power function. The feature of puzzle edges 

and the memorization function were the two most adopted approaches. No 

significant error reduction was found in the two confirmatory sessions. 

VIII 



Various inferences can be made. First, consistent instructions for tasks 

(e.g., product quality inspection through visual references) can be more easily 

established. Such instructions can also help individuals develop potential 

strategies and reinforce training. Second, learning time may be reduced to 

potentially decrease training costs. Third, productivity, efficiency, and 

effectiveness of problem-solving tasks may be enhanced by utilizing particular 

problem-solving skills. Finally, outcomes of strategic processing can be used to 

facilitate the design of web-based training materials or navigational tasks. 
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CHAPTER I 

INTRODUCTION 

Rene Descartes (1641) wrote: "I think, therefore I am." Even though this 

statement implies the conclusion that human beings exist, it is from here we 

begin searching for meaning and understanding of the mind of man. Over time, 

philosophers and psychologists have been looking for the answer to how human 

beings learn and acquire knowledge or information of the external world. 

Numerous studies have explored the physical and psychological aspects 

of human learning. For example, in 1950, Gibson posited that human beings 

acquire knowledge and understand surroundings by picking up environmental 

information (Goldstein, 1999). Maze learning particularly examined how much 

time it takes and how many errors humans make in order to complete a maze 

(Hicks & Carr, 1912). Additionally, skill learning or motor learning in regard to 

telegraphy, ball tossing, or typewriting (Braden, 1924; Bryan & Harter, 1897; 

Peterson, 1917; Swift, 1904) has been thoroughly investigated. In these studies, 

acquisition of learning skills is regarded as a trade-off of between speed and 

accuracy. Another example of motor learning is memorizing a lifted weight 

(Hayden, 1906). The study reports that memorization and recognition for lifted 

weight strongly involve mental processes. Based on these studies, several 

components of learning have been identified, including time, accuracy, practice 

time (initial performance), individual differences, gender, age, fatigue, training, 

and individual capabilities. 

Nonetheless, the majority of the studies about learning seem to lose 

focus. In the 1930s, psychologists started to question the nature of "learning" 

and attempted to operationalize the definition of learning (Hollingworth, 1932). 

One definition of learning states: "Learning is a process by which an activity 

originates or is changed through reacting to an encountered situation, provided 

that the characteristics of the change in activity cannot be explained on the basis 



of native response tendencies, maturation, or temporary states of the organism" 

(Hilgard & Bower, 1966). 

Previous findings in acquisition of skills and functions of machinery 

progress have shown relationships between time and errors, or time and quantity 

production as s-shaped curves. This type of curve was referred to as a practice 

curve (Bair, 1903), work curve (Thorndike, 1912), or learning curve (Peterson, 

1917) which is the term most used nowadays. Additionally, mathematical forms 

of the learning curve were proposed (Thurstone, 1918). 

Since the late 1930s, researchers in engineering and management began 

to notice practical applications of the learning curve, such as a production 

function in the aircraft industry (Wright, 1936), employees' skill learning time 

(Smyth, 1943) and manufacturing production functions (Hughes, 1944). 

According to the findings, the learning curve models are able to show which 

employees deserve skill training (Knowles & Bell, 1950), or how production 

progresses in manufacturing in terms of improvements (Hirsch, 1952). 

However, previous learning curve research concentrated more on motor 

learning, skill learning, or maze learning. Few studies evaluated detailed human 

mental learning. In particular, these previous studies did not explicitly evaluate 

human mental learning during the learning process in terms of "threshold 

overcome," which possibly indicates an initial change in speed of the rate of 

learning. 

In summary, the learning curve model may encompass multiple types of 

factors not previously revealed. From an engineering point of view, 

understanding time duration and causes of learning is a valuable tool; among its 

uses are establishing training instructions; reducing the time required to develop 

skilled knowledge-based workers; and ensuring optimal efficiency and 

effectiveness when designing work environment for these types of workers. 

Other potential applications include evaluation of task efficiency, job re-design, 

visualization, and effective knowledge-based worker training programs. 



1.1 Research Problem Statement 

Human learning studies have been initiated in the field of psychology and 

continue to be investigated. The learning curve model is one of the research 

outcomes indicating the progress of human learning. The mathematical form of 

the learning curve model also has been applied in engineering and management 

involving such concerns as training issues in human resources management 

(Knowles & Bell, 1950). However, currently the relationship between the learning 

curve model and mental information processing is not well explored. This study 

aims to both analyze human mental learning, especially threshold learning of 

knowledge-based workers in a domain for discovering possible distinctive 

characteristics and factors, and to construct a mental learning model. 

On the basis of the mental learning model, practitioners will be able to 

determine the effectiveness of performance after training, especially potential 

time and cost reductions. Additionally, performance standards can be 

established by controlling the constructs or factors of specific mental learning 

processes, particularly in the domains of decision-making, problem-solving, and 

educational instrumental designs. 

This study analyzes human mental learning, especially threshold mental 

learning and strategic information processing. Particularly, the study investigates 

whether human mental learning reaches an asymptotic state at an acceptable 

performance level (Beruvides, 1997). 

1.2 Research Questions 

This study aims to identify the structure of a mental learning model. The 

main research question is: what is the major construct or structure of the mental 

learning model for knowledge-based workers? Additionally, what is an 

operational definition of mental learning? Components of mental learning should 

be operationally identified. In this study, several sub-questions also require 

answers with respect to mental learning: 



1. Is there a threshold learning region (Beruvides, 1997) in problem-

solving tasks? 

2. Does the threshold learning region enclose an extended threshold 

of mental learning? 

3. What is the mathematical form of the mental learning model 

(exponential, infinite, or asymptotic)? 

4. Is there a positive relationship between strategic information 

processing and mental learning? 

5. How does strategic information processing evolve during mental 

learning processes? 

1.3 Research Objective 

The objectives of this study are to develop a mental learning model in 

order to theoretically illustrate mental learning from an initial spurt through an 

acceptable performance level, and to potentially clarify hidden causal factors on 

the threshold of learning. 

1.4 General Hypothesis 

Hypotheses examined in this study are described in this section. The 

main hypothesis is that the mental learning for a problem-solving task manifests 

a similar anatomy to the previously defined learning curve model. 

Sub-hypotheses supporting the main hypothesis are as follows: 

1. The shape of the mental learning model has a more extended 

knowledge acquisition region (threshold learning) when compared 

to the traditional skill-acquisition type of learning curve models. 

2. The mathematical function of the mental learning model is similar to 

the previously defined sigmoid curve model. 



1.5 Delimitations 

Limitations of this study need to be addressed. This study concentrates 

on the mental learning development of problem-solving tasks. Therefore, the 

study did not involve people with learning disabilities. Time constraints 

prevented using laboratory experiments to fully represent the development of a 

person from novice to expert. Additionally, owing to limited resources, experts or 

real life professionals were not available. Participants in this study were limited 

with regard to their availability and their developed expertise. 

1.6 Assumptions 

Several underlying assumptions in this study include: 

1. Individuals have ability and capability to learn (Imhoff, 1978), and 

are in good mental health condition, unless recorded or noted 

otherwise. 

2. Individuals are able to express their learning behaviors in a way 

such as verbalizing events (linguistic), paralinguistic, or non-

linguistic communication about learning. 

3. Individuals bear certain unique cognitive structures in their mind in 

terms of learning, problem-solving, or decision-making strategies. 

4. Individuals have short-term memory in order to think, to process 

information, and to solve problems (Chase & Ericsson, 1981). 

5. Individuals are able to voluntarily deliberate improvements. 

6. Individuals are able to respond to external stimuli through sensory 

systems, such as visual and auditory stimulations. 

7- Comprehensive capability of participants is at least at the level of a 

college student who has developed a certain level of knowledge. 

8. Individuals are in good physical condition in order to utilize 

experimental instruments. 

9. Individuals voluntarily show interest by joining in the experiments. 



1.7 Need for the Research 

According to Lehrer (1983), knowledge work, which requires high-level 

knowledge acquisition and skill sharing, constitutes over 70% of the work force in 

the United States. Taylor and Felten (1993) pointed out that designing 

knowledge work is an essential step in improving both the performance of 

knowledge-based workers and their quality of work life. The goal of this study is 

to provide a more comprehensive conceptual model of learning and strategic 

information processing for knowledge workers. 

Practically, the model proposes to help measure the progress of 

knowledge-based workers. In particular, this study may offer organizations (e.g., 

financial services or the health care industry) a better understanding of mental 

learning processes. Moreover, this study provides management a preliminary 

tool that potentially will provide better understanding in terms of the rate of 

learning for various levels of knowledge-based workers. Frequent assessments 

can facilitate potential cost and time reductions on knowledge-based worker 

training. 

1.8 Benefits of This Research 

The research is expected to produce a well-adjusted mathematical 

formula describing a human mental learning model. Theoretically, the study lays 

a foundation for knowledge work by understanding how mental learning develops 

and advances, and what factors affect learning. 

Several implications can be made in terms of practical applications. First, 

consistent instructions for tasks such as product quality inspection through visual 

references can be more easily established. Such instructions can also help 

individuals develop potential strategies and reinforce training. Second, threshold 

learning may be reduced in order to improve learning rate, which will possibly 

save labor and capital costs for corporations. Third, professional productivity, 

task efficiency, and effectiveness of knowledge work may be enhanced by 



utilizing particular problem-solving skills. Last but not least, outcomes of 

strategic information processing can be used to facilitate the design of computer 

database, on-line tutorials, and web-based training materials. 

This dissertation is organized as follows: in Chapter II, an extended review 

of literature related to learning will be presented. Chapter III states results of the 

preliminary experimental study. In Chapter IV, the methodology and apparatuses 

employed in the experiments are described. Chapter V presents results from the 

repeated measures analysis of variance (ANOVA) analyses. Finally, Chapter VI 

discusses and concludes the findings from the experiments in regard to mental 

learning. 



CHAPTER II 

LITERATURE REVIEW 

How the mind works has always been an interesting question to many 

philosophers. Plato (427 - 342 BC) viewed the learning process as the mind of a 

newborn, which is like a giant empty birdcage, gradually filling with different kinds 

of birds that represent pieces of knowledge (Wartik & Carlson-Finnerty, 1993). 

Aristotle, on the other hand, believed that the mind works by using cues 

associated with thoughts that are either similar, opposite, or closely related in 

time or space (Wartik & Carlson-Finnerty, 1993). 

High-level mental processes were considered difficult or impossible for 

quantitative study by Herbart in 1816 (Proctor & Zandt, 1994). However, in the 

late 19'̂  century, Ebbinghaus (1885) first successfully applied an experimental 

study addressing learning and memory (Proctor & Zandt, 1994). The study 

opened the door to investigation on learning in many respects, such as maze 

learning and motor learning. In the mid-1930s, researchers in the engineering 

area revealed relationships between direct labor and production cost as an 

asymptotic function (Hughes, 1944; Wright, 1936). The function was also used 

as a production economics tool for cost estimation (Carr, 1946), and is called the 

"learning curve" (Hughes, 1944) as named in the psychology field. 

It is necessary to review the development of learning theory from different 

perspectives. Therefore, in this chapter, the history of learning is reviewed; 

definitions and components of learning also will be discussed. Secondly, 

learning curve models in previous studies are investigated. This includes a 

review of the development of mathematical learning curve models since 1918 by 

Thurstone. Thirdly, deficiencies and limitations of current learning curve models 

are analyzed. Finally, a mathematical model for threshold mental learning is 

proposed. 
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2.1 Historical Background 

In engineering, Wright (1936) is the researcher who comes to mind when 

studies on learning curves are mentioned (Dutton & Thomas, 1984). In fact, 

Ebbinghaus (1885) was the first to apply empirical study on learning and memory 

in psychology. His study drew the attention of the public at that time, and raised 

questions regarding mental cognitive structures. 

In this study, learning theory is emphasized both from psychological and 

engineering perspectives. Figure 2.1 presents a State-of-the-Art-Matrix (SAM) 

analysis (Beruvides, 2000; Beruvides & Omachonu, 2001), which shows the 

number of studies on learning theory since 1885 in selected disciplines. The 

boom period of studies in psychology was from 1900 to 1950, especially the 

1930s. 

From 1931 to 1940, a peak in number of published articles occurred 

related to learning theory (44 publications) in the psychology area, and the 

secondary peak (44 publications) occurred in 1980s, along with a high point in 

management (44 publications) and economics (31 publications). 

From 1930, researchers working in engineering began to notice a 

relationship between production cost and quantity (Hughes, 1944; Wright, 1936), 

which were similar to findings of learning in psychology. Studies in engineering 

increased from the mid-1930s, and grew continuously over the next four decades 

(Figure 2.1). Figure 2.1 also shows that research from the management 

perspective has grown largely since the 1950s. The major concerns in 

management focus on cost control and forecasting (Conley, 1970; Knowles & 

Bell, 1950). 
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Figure 2.2 represents a percentage breakdown in selected disciplines of 

studies on learning theory and its applications over the period from 1885 to 

present. More than eighty percent (80%) of previous studies on learning theory 

were conducted in the psychology, management, and engineering areas, with 

38.3%, 19.9%, and 23.2%, respectively. 

Economics 
/Business, 
15.5% 

Education, 3.1% 

Engineering, 
23.2% 

Psychology & 
Physiology, 
38.3% 

Management, 
19.9% 

Figure 2.2. Percentages of various disciplines. 

The two charts shown above represent intertwined relationships among 

studies from many perspectives, including research from business, education, 

and philosophy. They also show that learning theory is considered and 

investigated from several views, rather than as a single discipline. 

Studies in learning theory can also be categorized based on their 

emphases, such as in modeling, definitional, experimental, and/or opinion-based 

fashions. Additionally, regarding subject matters, studies can be classified into 

theoretical, qualitative, experimental, or case study research. Tables 2.1 and 2.2 

represent the total number of studies on the basis of these categorizations. 

11 



Several keywords also have been applied in previous studies. Table 2.3 lists the 

most important keywords related to learning theory. 

Table 2.1. Total number of studies classified according to their emphases. 

EMPHASIS FREQUENCY 
Model 130 
Definitional 186 
Experimental 220 
Opinion-based 206 

Table 2.2. Total number of studies classified according to their subject matters. 

SUBJECT MATTER FREQUENCY 
Theoretical 28 
Qualitative 317 
Experimental 207 
Case study/Survey 74_ 

Table 2.3. Keyword listing. 

KEYWORDS 
Attention, memory, thought 
Cognitive process 
Learning 
Learning & memory 
Learning curve 
Memory 
Motor phenomena & action 
Practice 
Skill acquisition 

2.1.1 History 

Learning theory has been used as a general term historically in various 

domains. A historical timeline in the development of the learning theory is 

represented in Table 2.4, and major developments in learning theory are shown 

in Figure 2.3. In Table 2.4, Plato's idealism is considered as the origin of 

learning theory, since it refers to efforts to account for all objects in nature and 

experience as representations of the mind, and sometimes to assign to such 
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Table 2.4. A historical timeline in learning theory* (Source: Kearsley, 2001; van 
Schalkwyk, 1997; Walsh, 1998). 

YEAR 

427-347 BC 
384-322 BC 
354-430 AD 
1596-1650 
1632-1704 
1685-1753 
1770-1831 
1724-1804 
1903 
1878-1958 
1889 
1909 
1911 
1912 
1921 

1922 
1929 
1930 
1938 
1938 
1950 
1950 
1953 
1956 
1965 
1966 
1967 
1968 
1969 
1970 
1972 
1973 
1977 
1978 
1983 
1985 
1986 
1986 
1988 
1990 

* See Appenc 

SCIENTIST 

Plato 
Aristotle 
Augustine 
Descartes 
Locke 
Berkeley 
Hegel 
Kant 
Thorndike 
Watson 
Pavlov 
Wolfgang Kohler 
Frederick Taylor 
Max Wertheimer 
Wittgenstein 

Kurt Koffka 
Piaget 
Sir Frederic Bartlett 
Guthrie 
Skinner 
Newell & Simon 
von Bertalanffy 
Wittgenstein 
Miller 
Premack 
Bruner 
DeBono 
Shiffrin 
Rogers 
Scandura 
Craik & Lockhart 
Drabman 
Meichenbaum 
Rumelhart & Norman 
Gardner 
Gagne 
Paivio 
Witrock 
Lave 
Bransford 

THEORY 

Idealism 
Realism 
Idealism 
Idealism 
Realism 
Idealism 
Idealism 
Idealism 
Connectionism 
Behaviorism 
Classical Conditioning (Behaviorism) 
Gestalt Theorist 
Scientific Management 
Gestalt Theorist 
Logical Positivism 
Tractatus Logico-Philosophicus 
Gestalt Theorist 
Genetic Epistemology 
Schema Theory 
Contiguity Theory 
Operant Conditioning 
Information Processing 
General System Theory 
Linguistic Analysis 
Information Processing Theory 
The Premack Principle 
Constructivist Theory 
Lateral Thinking 
Cognitive Learning 
Experiential Learning 
Structural Learning 
Levels of Processing Theory 
Self-Reinforcement 
Cognitive Behavior Modification 
Modes of Learning 
Multiple Intelligence 
Condition of Learning 
Dual Coding Theory 
Generative Learning Theory 
Situated Learning 
Anchored Instruction 

lix A for detailed descriptions of each learning theory. 
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Figure 2.3. Progressive developments in learning research. 

representations a higher order of existence (The Columbia Electronic 

Encyclopedia, [TCEE], 2001). On the contrary, realism also represents that 

particular things exist independently of our perception and the human mind 

(TCEE, 2001). More details regarding each learning theory are presented in 

Appendix A. 
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Learning theory was understood in a theoretical fashion until Ebbinghaus 

conducted an empirical study in 1885. Series of nonsense syllables were 

developed to investigate deeper memory processes. It is believed that 

manifestations of memory help understanding in the workings of the mind, 

including learning (Ebbinghaus, 1885). 

In 1902, Bair attempted to explore a learning process, and developed a 

theoretical model about the "practice curve" in 1903. This is the first time that 

researchers established a model with regard to the learning process. Bair (1902; 

1903) also concluded that learning is active. Bertalanffy (1969) asserted that 

human beings are not passive receivers in learning, or to external stimuli. Both 

studies reported that duration of practice and errors made during the process 

take effect on learning. Coupled with the studies by Ebbinghaus in 1885 and 

Bair in 1902, Kjerstad (1918) reported forms of memorization, which was 

independent of learning materials, and could be affected by practice and 

individual differences, such as age and skills (Charness, 1981), and physical 

perception (Starkes & Deakin, 1984). However, in 1922, Robinson and Heron 

replicated a similar experiment, and found length of learning materials either may 

increase or decrease acceleration for human memorization. It also is suggested 

that the longer the length of learning materials, the more time will be needed to 

memorize (Robinson & Darrow, 1924). In 1908, Thorndike theorized that 

learning results from bonding associations between external stimuli and internal 

responses (Kearsley, 2001). A series of Vincent's (1912; 1915) experiments in 

animal learning behaviors in a maze confirm the relationship. The results show 

significant physiological and environmental influences on learning (Swift, 1904; 

Vincent, 1912, 1915). 

Contiguity theory, described in 1938 by Guthrie, is similar to stimulus-

response theory. In contiguity theory learning is a consequence of association 

between a particular stimulus and response which affect specific sensory-motor 

patterns, implying that what is learned are movements rather than human 
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behaviors (Kearsley, 2001). Gestalt theory provides a comparable framework, 

stating that humans are open systems in active interaction with their environment 

(Stemberger, 2001). In 1938, Skinner's theory of operant conditioning, served as 

a summation of both Stimulus-Response theory (S-R theory) and Gestalt theory. 

According to operant conditioning theory, changes in human behaviors are 

viewed as the result of individual's response to events that occur in the 

environment (Kearsley, 2001). When the pattern is reinforced, the individual is 

conditioned to respond to external environment. 

On the other hand, according to Bryan and Harter (1897), lower-order 

habits in motor learning, such as learning to typewrite, will approach a maximum 

development where a plateau occurs on acquisition of skills with continuous 

attention. Swift (1906; 1910) and Vincent (1912; 1915) affirmed the plateau is a 

representation of lapse of attention and continuum of mental constnjctions. Book 

(1924) found that voluntary motor learning is determined by both what 

characteristics or abilities are sustained and by the duration of practice time. 

Therefore, practice may strongly impose effects on learning processes. 

Since speed and accuracy are a trade-off in typewriting (Freeland, 1921; 

Swift & Schuyler, 1907), while approaching the plateau, it is reported that 

practice reaches a critical status and no longer affects learning (Donavan & 

Thorndike, 1913; Jette, 1928). However, amounts and rates of practice as well 

as individual differences such as age, gender, and previous experiences should 

be considered as concurring factors influencing the rate of improvement of 

learning (Hill, Rejall, & Thondike, 1913; Seashore, 1939). As Thorndike (1908) 

suggested, original nature and training, which also indicate individual differences 

and practices, determine individuals' future achievements. 

The connection between practice and individual differences has been 

evaluated by Donovan and Thorndike (1913). Their finding indicates training or 

practice is not able to reduce individual differences, but improves the rate of 

learning (Donavan & Thorndike, 1913), and this result has been confirmed from 
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the viewpoint of child learning. Additionally, Freeland (1921) found no 

relationship between initial performances and learning capacity even though 

individual differences at the initial stage are considered. 

In 1929, Jean Piaget questioned how knowledge is developed in human 

organisms in terms of child learning, and developed a theory called "genetic 

epistemology," in which the concept of cognitive structure centers the theory 

(Kearsley, 2001). According to Piaget, cognitive structures are patterns of 

physical or mental actions (e.g., schema and mental models) that underlie 

specific acts of intelligence providing meaning and organization to experiences 

(Coe, 1996). Social interaction is considered another key for knowledge 

acquisition by Lave in 1988 (Kearsley, 2001). However, acquisition of knowledge 

is a function of the activity, context, and culture in which it is situated (Kearsley, 

2001). In other words, not only cognitive structures are required in learning 

processes or knowledge acquisition for individuals, but also interactions between 

the individuals and their environment in order to develop problem-solving skills 

(Kearsley, 2001). 

The learning processes also can be explained by constructivist theory. 

The theory, developed by Bruner in 1966, states that learning is an active 

process in which learners construct new ideas or concepts based on their current 

or past knowledge. A learner relying on a cognitive structure selects and 

transforms information, constructs hypotheses, and makes decisions (Kearsley, 

2001). Cognitive structures and skills can be developed in two stages 

(Anderson, 1982): a declarative stage (or knowledge compilation), which collects 

required knowledge for information processing; and a procedural stage, which 

acquires further learning processes and makes productions. These two stages 

prepare individuals to become experts. According to Anderson (1982), an expert 

knowledge-based worker in any type of field possibly requires 100 hours of 

learning and practice in order to acquire any significant cognitive skill to a 

reasonable degree of proficiency. In addition, goal-oriented learning under stress 
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conditions was proposed. Fiol and Lyies (1985) stated that there should be 

various levels of learning processes with constant creation and manipulation 

under a certain stressful condition. 

Psychology and engineering seem to be heading in opposite directions: 

the former discipline is concerned with skill, motor, or child learning, while the 

latter emphasizes the manufacturing production function and cost reduction. It 

looks as if no connection or synergy exists for learning applications from the 

engineering perspective. Indeed, the path in the engineering and management 

areas differs from the path in psychologists. 

Engineers are concerned with production-related issues in industry; for 

example, labor hours, costs, and production quantity. Wright (1936) began a 

study on variation of cost with quantity in 1922. The relation of cost and quantity 

found by Wright (1936) forms an asymptotic relatedness, which also is indicated 

in several other studies (Hartley, 1960; Wheelon, 1949). Bertalanffy (1969) later 

called the relationship a logistic curve. The relationship between labor and 

production costs was later named "learning curve" for aircraft production 

performances and efficiency examinations (Hughes, 1944). This relationship 

also is known as a manufacturing progress function, determining production 

quantity and forecasting costs (Hirsch, 1952; Womer& Patterson, 1983). 

This function served industry as a production tool in the late 1940s and 

early 1950s in estimation of gross profit or cost (Carr, 1946; Lundenberg, 1956; 

McCampbell & McQueen, 1956; Wyer, 1953), and cost distribution equilibrium 

and production quantity (Andress, 1954; Chenery, 1949; Wheelon, 1949). 

Morgan (1952) analyzed the function introduced by Wright in 1936, and found 

20% reduction in cumulative average labor hours when cumulative production 

quantity doubled. This phenomenon is called "80% experience curve" (Morgan, 

1952) or simply "80% curve" (Lundenberg, 1956). 

In economics and business, the learning curve model specifically 

emphasized cost analysis (Belkaoui, 1976; Keachie, 1961; Preston & Keachie, 
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1964; Rice, 1970). Hirschmann (1964) mentioned the learning curve model as a 

measurement for future costs, manpower requirements, production schedules, 

and improvement patterns. As a result, researchers wondered how to quantify 

operators' performances and how to predict levels of operators' performance 

(Seibel, 1964). Glover (1966) then launched a concept of training and control for 

knowledge-based workers in terms of selection of operators in manufacturing 

industry using the learning curve model, which is also known as a manufacturing 

progress function. In general, the learning curve model has been used for 

optimum resource allocation (Chen, 1983), that is, learning has effects on 

resource allocation in terms of economies of scale (Reeves & Sweigart, 1981). 

However, the process of operator's learning remains in question. In 1959 

Bjorkman raised a question about the potential relationship between the learning 

curve model and learning materials. Additionally, types of work, personnel, 

available equipment, prior experience, repetitive tasks, and task-related 

variations should be taken into consideration in the relationship (Bevis, Finniear, 

&Towill, 1970; Clark, 1967; Globerson, 1980; Hoffman, 1968). Consequently, 

whether learning is "manual" or "cognitive" becomes a controversial issue (Baloff, 

1966). The focus now shifts from a lower level motor learning towards a higher 

level of mental learning in terms of how humans think, learn, and develop 

learning patterns. 

Learning has been recognized as a rich and complex cognitive process 

(Ewell, 1997). Learning is a product of not only stimulus-response (S-R) theory, 

but also of multiple intelligence (H. Gardner, 1983) and situational cognition 

(Seely Brown, Collins, & Duguid, 1989). Reasonably, for knowledge work, it is 

considered that the learning process may essentially include know-how on 

acquisition of knowledge resources, retrieval of pieces of knowledge, and 

application of the knowledge. However, when and how the acquisition and 

retrieval of knowledge occur and how the rate of learning improves stay 

unspoken. 
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2.1.2 General Definitions 

One essential to understanding of learning is to operationally define 

meanings of learning. According to Hollingworth's definition in 1932, learning is 

an ability to respond to external stimulations. Thus, stimulus-response theory 

seems to indicate the presentation of learning behaviors (Cason, 1938; 

Hollingworth, 1932; Kellogg, 1938; Washburne, 1936), since human behaviors 

are considered to be responses to stimuli from outside (Bertalanffy, 1969). As 

Humphrey (1933) described,"... learning is the response at every moment 

external changes are occurring which disturb the organic equilibrium." Pechstein 

and Brown (1939), Stoddard (1941) and Estes (1950) described a learning 

process as a series of responses or adaptations to environmental stimuli. More 

definitions are summarized in Table 2.5. 

Additionally, Grice (1948) considered learning comprised of stimulus-

response theory and expectancy theory. Day and Montgomery (1983) described 

that learning encompasses the increasing efficiency of all aspects of labor input 

as a result of practice and the exercise of ingenuity, skill and increased dexterity 

in repetitive activities. Nevertheless, those definitions do not seem to satisfy the 

need for understanding the meanings of mental learning. A concise and 

operational definition of learning is desired. 

Washburne (1936) proposed a definition of learning in a descriptive 

formula incorporating factors affecting the learning process. The model is shown 

as follows: 

e{h + m}^^ (2.1) 

9{o + r) 

where, g = goal; o = obstacle; r = resistance; e = effort; h = help; m = memories. 

The descriptive formula corresponds to the definition by Hollingworth 

(1932). It is suggested by Wiley and Wiley (1938) that every learning situation 

has a goal (g). While approaching the goal, a learner may encounter and need 
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TERM 

Learning 

Table 2.5. Definitions of learning in previous research*. 

AUTHOR YEAR 

Hollingworth 

Washburne 

Makhdum 

1932 

1936 

1937 

Cason 

Kellogg 

Wartik & 
Carlson-
Finneriy 

1938 

1938 

Kellogg & 

Britt 

Stoddard 

Estes 

Hilgard & 
Bower 

1939 

1941 

1950 

1966 

1993 

DEFINITION 

Learning has been achieved when in response to say 
of cues, singly, the act results. 

Learning is an increase, through experience, of 
problem-solving ability. 

Learning reappears in and is medicated [sic] by recall, 
recognition and relearning, and thus it differs from 
sensory adaptation. 

Learning is the establishment or strengthening of 
neural connections between stimulating processes and 
responding processes as a result of accompanying or 
immediately preceding psychological acts (organic 
definition) 

Learning is modification, modification of response, or a 
persisting change or modification of behavior which 
results from repeated or continuous stimulation. 

A persisting change or modification of behavior which 
results from the activity of the organism itself, and 
which tends to adapt the organism to its environment. 

Learning is a complex, abstract, and economy 
adaptation. 

Learning process is a Stimulation-Response process. 

Is the process by which an activity originates or is 
changed through reacting to an encountered situation, 
provided that the characteristics of the change in 
activity cannot be explained on the basis of native 
response tendencies, maturation, or temporary states 
of the organism (e.g., fatigue, drugs, etc.) 

is the active process of gaining a skill or knowledge. 
Also is a relatively permanent change in behavior, 
occurring because of experience or practice. 

Concept 
learning 

Smoke 1935 Concept learning never occurs unless there is a 
response on the part of the learner to the relationships 
common to two or more stimulus patterns. 

All definitions are direct citations from the sources. 

to overcome external obstacles (o) and resistances (r). Other factors, such as 

efforts (e), extrinsic help (h), and past memories (m), operate as motivators for 

goal achievement. 
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In addition to learning, one must continuously struggle to derive meaning 

from information in order to attain knowledge. Therefore, a definition of 

knowledge should also be revealed. As Locke (1632-1704) stated,"... 

knowledge then seems to me to be nothing but the perception of the connexion 

[sic] and agreement, or disagreement and repugnancy of any of our ideas..." 

Although there is no consensus on what knowledge is so far, in general, 

knowledge can be summarized as "...information that has been given 

organization, meaning, and use. Facts exist by themselves, but knowledge is a 

human creation," (Banner & Cannon, 1999). In that sense, a knowledge-based 

worker is anyone who works for a living at the tasks of developing or using 

knowledge, or performing knowledge work and intellectual activities. 

2.1.3 Types of Learning 

Learning theory falls into two categories: behaviorist (or connectionist) and 

cognitive (or Gestaltist) (Coe, 1996). Behaviorist learning theory suggests that it 

is better to focus not on mental acts that we cannot observe, but rather on 

objective, quantifiable behaviors, the connection between actions, and the role of 

reward in behavior (Coe, 1996). On the other hand, cognitive learning theory 

concentrates on mental acts that we cannot observe, such as conceiving, 

believing, and expecting, rather than on behaviors (Coe, 1996). 

The other essential classification is to categorize learning from low (simple 

form) to high (advanced form) levels. Wartik and Carlson-Finnerty (1993) 

reported two main types of learning: habituation and concept learning. 

Habituation is a primitive form of learning. In habituation, individuals experience 

repeated events (or stimuli) and interact, but their reactions wane with repetitive 

exposures. Concept learning is one of the most advanced forms of learning 

(Wartik & Carlson-Finnerty, 1993). It encompasses learning how to discriminate 

and categorize events with criteria, involving memory recalls. These protocols 
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and problem-solving skills distinguish an expert from a novice (Voss, Greene, 

Post, & Penner, 1983). 

Besides habituation and concept learning, four basic styles of learning 

were summarized by Lucas (1993) and Coe (1996). Lucas used the four types of 

learning styles to differentiate various types of learners: feeling, watching, 

thinking, and doing learners (Figure 2.4). Lucas concluded that imaginative 

learners (status 1) like to ask why, and are more emotional when compared to 

other types of learners, and they also tend to be sympathetic listeners. Analytic 

learners (status 2) look into details for accurate information, and they are more 

orderly, persistent, and hard working (Lucas, 1993). 

Feeling 

Dynamic 

Doing Watching 

Thinking 

Figure 2.4. Four learning styles (Source: Lucas, 1993). 

Common-sense learners (status 3) are more practical and efficient, while 

dynamic learners (status 4) act on the basis of their instinct, and they analyze 

things based on the rule of "what-if (Lucas, 1993). Although Lucas (1993) 

identified these four types of learners, she stated that no individual is fixed into 

only one type. Learning styles vary frequently. In 1996 Coe identified four 
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learning styles, doing, imaging, reasoning, and theorizing, that are virtually 

identical to Lucas' learning styles circle. 

Bryan and Harter (1897) in their telegraph study first described the 

mathematical function of "letters received or sent per minute" and "week of 

practice" as Y = f(x). Owing to the practice effect, the relationship was termed 

"practice curve" (e.g., Bair, 1903; Book & Norvell, 1922; Hansen, 1922; 

Thorndike, 1915) and was based on the mathematical form developed by Bryan 

and Harter in 1897. Table 2.6 shows a list of names for the learning function with 

respect to their first appearances in previous psychology studies. All these 

models indicate one basic concept: a relationship between two paired variables 

(e.g., time and error). 

Table 2.6. A list of curve models on a basis of their first appearances in 
psychology literature. 

MODEL LITERATURE 
Curve of Improvement Bryan and Harter (1897) 
Practice Curve Bair (1903) 
Curve of Errors or Curve of Learning Swift and Schuyler (1907) 
or Memory Curve 

Error Curve Hicks (1911) 
Learning Curve or Vincent Curve* Vincent (1912); Peterson (1917) 
Curve of Forgetting Bean (1912) 
Curve of Work Thorndike (1912) 
Growth Curve Ettlinger (1926) 

*Vincent (1912) studied animal learning behavior, and Peterson (1917) investigated 
learning processes in human typewriting. 

Hughes (1944) conducted a study in the aircraft industry specifying cost-

quantity function as a "production efficiency curve" or "learning curve" model. 

However, the author did not address where the name came from or how the 

function was named. Models revealed in the engineering pathway are listed in 

Table 2.7. Moreover, operators' improvements on repetitive tasks were captured 

as one type of skill learning, for instance, in typewriting. Overall, the types of 
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learning curve models in engineering can be recapitulated in terms of individual 

learning (acquisition of skills) and system learning (manufacturing progress 

function) (Bohlen & Barany, 1976). 

Table 2.7. A list of curve models named in engineering or management. 

MODEL NAME FIRST APPEARANCE 
Learning Curve or 80% Learning 
Curve Hughes (1944) 

Manufacturing Progress Function Hirsch (1952) 
Experience Curve Morgan (1952) 

2.1.4 Components and Characteristics of Learning 

From previous studies on learning theory, several components of learning 

have been revealed. Components are discrete elements factoring learning 

processes and behaviors. Banner and Cannon (1999) suggested 11 elements of 

learning: industry, enthusiasm, pleasure, curiosity, aspiration, imagination, self-

discipline, civility, cooperation, honesty, and initiative. However, these elements 

seem to focus on general learning in school. Generic components, especially of 

mental learning, are desired. In summaries of previous studies, elements 

associated with mental learning are classified into intrinsic and extrinsic 

components. Common elements, especially relevant to mental learning, are 

desired. In summaries of previous studies, elements associated with mental 

learning are classified. Table 2.8 lists intrinsic elements, which are considered 

innate within human learning processes, and Table 2.9 shows the extrinsic 

elements, which are motivators for mental learning processes or behaviors. All 

elements are paired with an example study wherein they were discussed or 

investigated. 

Characteristics of learning are actions or signatures produced by learning 

processes. For instance, responses to stimuli (Bair, 1902) are generated and 

carried out after the stimuli are treated in the brain or mind. Other known 

characteristics contain the rate of improvement (Donavan & Thorndike, 1913) 
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Table 2.8. A List of intrinsic components of learning. 

INTRINSIC ELEMENTS YEAR AUTHOR 
Memory 
Attitude & Emotion 
Attention 
Interest 
Individual Differences 
Intelligence 
Attainment 
Reasoning 
Confidence 

1906 
1917 
1919 
1922 
1925 
1929 
1930 
1931 
1941 

Hayden 
Baird 
Garth 
Book & Novell 
Ruch 
McGeoch 
Thurstone 
Maier 
Johnson & Rhoades 

Table 2.9. A List of extrinsic components of learning. 

EXTRINSIC ELEMENTS YEAR AUTHOR 
Stimuli (Reward) 
Familiarity 
Duration 
Material 
Purpose 
Practice or Repetition 
Accuracy 
Cultural Influence 

1908 
1911 
1912 
1922 
1936 
1939 
1943 
1952 

Thorndike 
Foster 
Hicks & Carr 
Towne 
Washburne 
Wood row 
Ehrlich 
Moore & Lewis 

and behavioral patterns (Lashley, 1929). More components were explored by 

Corno and Mandinach (1983). They viewed learning as consisting of five 

components in terms of acquisition and transformation processes. These two 

processes are made up of alertness, selectivity, connecting, planning, and 

monitoring (Figure 2.5). 

Information 
Acquisition 
Processes 

Information 
Transformation 

Processes 

Alertness Monitoring Selectivity Connecting Planning 

Figure 2.5. Five components in learning (Source: Corno & Mandinach, 1983). 
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A learning process proposed by Corno and Mandinach (1983) started on a 

stage comprised of information acquisition and information transformation 

phases. During the information acquisition phase, humans receive incoming 

stimuli and gather information; meanwhile, humans continuously monitor the 

stimuli and rehearse the information. The two sub-processes of the information 

acquisition phase are called alertness and monitoring, respectively. 

Received information is then transformed. Three main steps comprise the 

information transformation phase: selectivity, connecting, and planning. First, 

humans discriminate among and distinguish useful or relevant information from 

stimuli. Second, humans search for familiar knowledge retrieved from memory 

and link the knowledge to the incoming information. Third, humans organize a 

task-oriented approach and a performance routine. Throughout the sequence of 

the information processes, humans acquire information and form knowledge. 

From the higher education perspective, Ewell (1997) also suggested 

components of learning: active involvement, patterns and connections, informal 

learning, direct experience, reflection, compelling situation, frequent feedback, 

and enjoyable settings. These components also structure a prominent 

educational learning model. 

Langley and Simon (1981) suggested the six most prominent principles of 

learning: knowledge of results, generation of alternatives, causal attribution, 

hindsight, learning from instruction, and automatization. First, according to 

Langley and Simon (1981), learning is one type of cognitive mechanism which is 

able to detect improvements or degradation of the performance system. 

Therefore, learning processes result in knowledge acquisition. Second, the 

learning mechanism should be able to attempt alternative behaviors in order to 

achieve goals. Third, learning is efficient to the extent that good or bad 

performances are attributed accurately to particular factors in the performance 

system. Thus, humans are able to discover the sources of errors and learn from 

mistakes. Fourth, efficient learning reexamines and reevaluates past 
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performances in terms of subsequent knowledge of results and causal attribution. 

This is hindsight providing sufficient feedback to learning processes. Fifth, 

learning occurs through a form of education, such as in a classroom, wherein 

knowledge is taught to learners. Finally, a continuum of practice causes ongoing 

improvement in speed and accuracy of performances. Therefore, learning may 

reach a fashion of automatization eventually. 

Even though components or characteristics of learning diverge in various 

fields, learning components can be sorted into three categories: inputs (e.g., 

stimuli, materials, and motivation), mechanism (e.g., individual differences and 

practice), and outputs (e.g., responses, feedback, and reinforcement). Overall, 

learning processes are conclusively complex, multidimensional, constructional 

dynamic, and inherently epistemic (Langley & Simon, 1981). 

In summary, both behaviorist and cognitive learning theories' underlying 

components include experience, schemata, habits, reinforcement, interference, 

and user curves (Coe, 1996). 

2.1.5 Learning Curve Models 

On the basis of the formula by Bryan and Harter (1897), Thurstone (1918) 

attempted to examine the model for investigation of learning, memorizing, and 

forgetting functions. A series of mathematical developments in learning curve 

modeling began. The equation of a learning curve selected by Thurstone (1918) 

was a form of hyperbola representing mainly the relation between practice and 

attainment. The formula for this learning curve is: 

L{X + P) ^2.2) 
{X + P)+R 

where, Y = attainment per unit time; X = formal practice since beginning; L = limit 

of practice; R = rate of learning; P = equivalent previous practice. 

This learning curve equation was later examined whether the smoothing 

curve fits raw data by using the methods of average and least square (Barlow, 
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1928). The author confirmed a good fit of the hyperbolic equation for learning by 

Thurstone in 1918. A later study, conducted by Wiley and Wiley (1938) using a 

different methodology of animal learning, validated the learning equation as well. 

The equation is as follows: 

jm vm u 
u = X— (2.3) 

ak k R' ^ ' 

where, u = accumulated errors; R' = number of trials; k = learning constant; m = 

difficulty of the maze; a = arbitrary constant that can be absorbed in m. 

The only difference between Thurstone and Wiley's equations is the origin 

point. The origin point of Thurstone's function begins at the origin point where 

learning starts, while training marks the beginning point in Wiley's formula (Wiley 

& Wiley, 1938). Thurstone (1930) and Valentine (1930a; 1930b) attempted to 

rationally fit a curve to learning data using arc cotangent method, hyperbolic, and 

exponential functions, in terms of learning time or successful probability of 

learning. Thurstone's (1930) equation is of the form: 

2p-1 _ kt 
+ Xo (2.4) 

ylp-p^ VA77 

where, p = probability that the act initiated at any moment of time will lead to 

successful completion; k = a learning constant; m = a learning constant; t = time; 

xo = a constant of integration. 

Meyer and Eppright (1923) and Valentine (1930a) reported learning as the 

following equation in an arc cotangent format: 

t = karccot{n + p)+t^ (2.5) 

where, t = time required to complete an act; k = a constant; n = the number of 

practice period; p = the equivalent previous practice; ti = the time of limiting 

performance. 

Another equation proposed by Valentine (1930b) is: 
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, _ , n,+p + a 

'- ' '^,-rF '2.6) 
where, t, t i , n, and p are defined as above in Equation 2.5; ni = n +1; a = a 

constant. 

The three equations described above have similar parameters, including 

time to complete a task and the equivalent amount of previous practice. 

Forrest (1941) conducted an experiment on how children learn, and presented a 

logarithm function describing children's learning development. 

logy = a + bc'' (2.7) 

where, x = the number of repetitions; y = the number of syllables learned for any 

number of repetitions; a = a constant, the logarithm of the number of items to be 

learned; b = a constant, the function of the inertia of the nervous system to be 

overcome by the process of learning; c = a constant, the individual's ability to 

form associative bonds. 

Hughes (1944) introduced the formula with specified "percent" slope 

regarding man-hours per unit and production unit completed. The form is as 

follows: 

Y = KX" (2.8) 

where, Y = cumulative average man hours per unit; X = number of completed 

units; K = number of man hours to build the first unit; n = exponent of learning 

curve (a negative number). 

By using the Hughes equation, a common phenomenon in industry of an 

80% curve in the relationship of learning to efficiency was revealed. This led to 

the belief that production time decreases by 20% while cumulative production 

quantity increases two times. 

During 1950s, the learning curve or the experience curve function was 

applied, especially in the aircraft industry. Morgan (1952) used a graphical 

presentation for measurements of cumulative production quantity and cumulative 

man-hours per aircraft produced. The researcher modified the formula to the 
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following general equation, which is applicable with different desired values and 

problems: 

>^.=n (2.9) 

where, Yd = cumulative average value desired; Yk = cumulative average value 

known; Nd = quantity at Yd; Nk = quantity at Yk; f = exponent of the slope of the 

curve. 

Andress (1954) summarized learning curve equations as shown in Table 

2.10. Three types of learning curve models were generally used by the mid-

1950s. All three models measure relationships of labor productivity, production 

quantity, or cost. 

Hancock and Bayha (1992) also provided a common equation for the 

learning curve model. The mathematical form is as follows: 

Y = KX'^ (2.10) 

where, Y = the time per cycle; K = the time for the first cycle; X = the number of 

cycles; A = a constant for any given situation determined by the learning rate. 

This nonspecific equation has been widely recognized and applied in 

many fields. Hackett (1983) compared several learning curve models with 

repetitive tasks and equations with respect to the uses of the models. Several of 

these models are summarized in Table 2.11. 

However, parameters used in the learning curve models should be 

outlined (Camm, 1985). In terms of the mental learning model for knowledge 

work, the scope of concern should be limited to improving productivity and 

efficiency of knowledge-based work. Conventional work measurement may not 

be appropriate and effective for assessing true knowledge work outputs (Towill & 

Kaloo, 1978). 

Repetition of the same physical work only reflects cumulative outputs, 

which is simple learning (Dudley, 1972). On the other hand, knowledge-based 

workers not only deal with physical work, but also a highly demanding mental 
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Table 2.10. A summary of generic learning curve equations. (Source: Andress 
1954). 

EQUATION PURPOSE 

Y = KX" Estimating average man 
hour 

u = {n + ̂ )KX" 

T = KX"{X) 

Evaluating unit man hour 

Assessing total man hour 

NOTATION 

Y = cumulative average man 
hours for any number of 
units 

X = number of completed units 
K = number of man hours to 

build the first unit 
N = exponent of learning curve 

(a negative number) 
u = unit man hours for a 

specific unit 
X, k, n = same indicators as in 

previous model 
T = total man hours required to 

build a predetermined 
number of units 

X, k, n = same indicators as in 
the first model 

Table 2.11. Comparison of learning curve models. (Source: Hackett, 1983). 

EQUATION VARIABLES APPLICABLE USE 

Y = B-Ax;" Yi = cycle time 
A, B = constant in temporal 
domain 

_D = the exponent of reduction 

Reduction in cycle time of 
experienced workers in 
industry (de Jong's model) 

Y=c- ke- Yi = cycle time for i cycle 
Xj = number of repetitions of cycle 

Cycle time in assembly tasks 
(Wiltshire's model) 

Y = y + y (l _ e ' * ^ ^' " ^^^^ °^ production 
i c f\ I Yr = Hiffprpnrfi in thfi r Yf = difference in the rate of 

output 
Yc = initial rate of production 

Y.,=a-{a-b\a-ef-' 

Y. 
~b~+0a{n,-1i) 
1 + 6&(n,.-1) 

Yi = success on the ith trial 
a = maximum probability of 
success 
b = initial probability of success 
ni = number of trials 
0 = a proportion 
all variables are identical as the 
replacement model. 

A direct measurement of rate 
of improvement with 
experience (Time-constant 
model), applicable for costing, 
operator selection, and 
training scheme (Towill, 1973) 
Information related to the 
activity being learned replaces 
information not related to that 
activity (replacement model) 

All information on the activity 
being learned is accumulated 
(accumulative learning model) 
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workload. The need for incorporating temporal domain and mental workload 

assessment into the mental learning curve model is recognized, since learning is 

usually time-dependent (Cunningham, 1980). As Hackett (1983) reported, the 

time-constant model (also known as the Bevis model) was found to be the most 

practical one fitting learning data. Therefore, the factor of the rate of learning 

overtime should be emphasized. 

Under normal working conditions, operators' productivity and efficiency 

have also been considered as results of learning effects (Bodde, 1976; Goel & 

Becknell, 1972). However, productivity and efficiency of knowledge-based 

workers have not yet been well investigated. 

2.2 Deficiencies and Limitations of Learning Curve Models 

Learning curve models from previous studies have explained the s-shaped 

phenomenon from perspectives of skill learning, motor learning, child learning, 

and machine learning (Figure 2.6). Several factors of individual differences, such 

as biological bases and previous training (Seashore, 1939) have also been 

examined. Physical contexts in terms of sensing, thinking, and intelligence have 

also been investigated in some studies. 

Figure 2.6. An example of an s-shaped learning curve model (adapted from Carr, 
1946). 
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Previous learning curve models have mainly centered on manual tasks, 

cost estimation, and manufacturing progress, but not mental learning of 

knowledge-based workers. Additionally, there is no integration in terms of 

variables or parameters in learning curve models. Substantial quantitative (e.g., 

amount of work or job done) and quality (e.g., errors made) measurements 

should betaken into consideration (Haskell, 1979). 

2.2.1 Learning Definitions in this Research 

Mental learning for problem-solving tasks is defined as incorporation of 

mental cognitive structures and physical motor control. In addition, knowledge-

based workers in this study are defined as human capital comprised of 

individual's mental power, accumulated knowledge and experience, and 

capability for adaptation to environmental changes. 

The American Productivity Center (APC) marks productivity as the ratio of 

outputs over inputs, or real outputs per unit over real inputs (DeVilliers, 1980). 

Therefore, in this study, the index of learning productivity for knowledge-based 

workers is defined as the ratio of required information processed for a certain 

task to a time span. In conjunction with productivity, efficiency and effectiveness 

are the other two important criteria for knowledge work. Learning efficiency 

affects learning processes inherently (Hughes, 1944). According to the APC, 

efficiency is the achievement of a given output or task with the minimum of effort 

or cost, and effectiveness is a ratio expressing the achievement of useful results 

from a given input (DeVilliers, 1980). Thus, the definition of the learning 

effectiveness in this study for knowledge-based workers is accurate learning rate 

(or least error made) over a completed task. In other words, learning 

effectiveness is a comparison of knowledge workers' performance to target 

performance (Towill & Bevis, 1972). Overall, the operational definitions of 

learning and relevant measurements for this study are summarized in Table 2.12. 
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Table 2.12. Definitions of learning in the study. 

PHRASE DEFINITION 
Mental learning Incorporation of mental cognitive structures and physical 

motor control 
Productivity of learning Required information processed for a task in a domain per 

required time span 

Efficiency of learning Minimum cost or effort required to accomplish a task 

Effectiveness of learning Accurate learning rate per a completed task in a domain 

2.2.2 Conceptual Model 

Learning the process of learning is the central focus in this study. First of 

all, the learning processes for knowledge work require certain problem-solving 

skills. Understanding which piece of knowledge should be acquired and applied, 

when, and how, requires the use of problem-solving techniques. Knowledge 

workers are defined as "any worker whose job entails a significant amount of 

cognitive ability as opposed to skill-based activities," (Ruch, 1980, p. 341). In this 

study, college students are considered as one type of knowledge workers for 

problem-solving tasks. 

Likewise, three types of models (Anderson, 1995) were found to be most 

often incorporated by people for problem solving: 

1. Backward reasoning: individuals work from the goal back to the 

initial state of the problem; 

2. FoHA/ard reasoning: individuals works from the initial state of the 

problem toward the goal state; 

3. Opportunistic reasoning: individuals work whichever direction 

seems to be more productive. 

Figure 2.7 shows three required perspectives in order to achieve the 

ultimate goal of learning. It may not be possible to accomplish the learning 

processes without any one of the spheres. The three observable variables are 

physical context, cognitive context, and environmental context. Physical context 

consists of individual differences, such as age, cognitive context includes 
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Figure 2.7. Goal-oriented learning domain. 

personal experience, knowledge, and strategies for problem solving; and 

environmental context consists of nature of tasks, task difficulty, and changes in 

the environment. 

Based on the model of domain learning (MDL) by Murphy and Alexander 

(2002), it is believed that a problem-solving task, e.g., puzzle solving, resembles 

the characteristics of MDL. In addition to subject-matter knowledge, interactive 

knowledge, and strategic processing (Murphy & Alexander, 2002), short-term 

memory and long-term memory should be also taken into consideration when 

modeling learning. A conceptual model shown in Figure 2.8 assembles the four 

factors in 3-dimension. 

Figure 2.8 shows that learning and problem-solving processes for a task 

require individuals to apply domain knowledge, called subject-matter knowledge 

by Murphy and Alexander (2002), to store and retrieve information from memory. 
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Memory Domain 
Knowledge 

Subject-Matter Knowledge 

Interactive Knowledge 

strategic Processing 

Figure 2.8. Conceptual model for features of domain learning. 

and to respond to external feedback through interactions. The product of the 

learning processes is called strategic processing. These basic components 

outline possible measurements for learning processes. 

Additionally, mental learning processes for knowledge work require a 

three-phase development toward expertise in a domain. Figure 2.9 shows the 

relationship between level of performance and adult expertise in a domain over 

time. The three phases include an incipient stage (phase I) when the learning 

process is initiated; a learning stage (phase II) when expertise is developed 

through practice; and a maturity stage (phase III) when skills learned at phase II 

are transmitted to a full-time involvement. 

Beruvides (1997) stipulated that the achievement of a proficient level of 

performance for knowledge-based individuals can be presented using the 

learning curve phenomenon (Figure 2.10). The proficiency level is shown as a 

growth function over a temporal dimension. An individual requires a certain 

amount of time, t i , before reaching an Acceptable Performance Level (APL). It 

involves duration of time, t2 - t i , for an individual to accomplish the learning 

process and become an expert. 
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Figure 2.10. Illustration of the learning curve for knowledge work 
(adapted from Beruvides, 1997). 

Hancock and Bayha (1992) conceptualized the notion of threshold 

learning for the commonly known learning curve model. It is believed that 
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threshold learning occurs prior to the worker's realizing how to do a task without 

additional external assistance (Hancock & Bayha, 1992). Beruvides (1997) 

further specified a threshold learning region where more time and effort is 

demanded for knowledge work (Figure 2.11). 

Leaming Cur^e 
(Conditioned Leaming) 

Time 

Threshold Learning Region 

Figure 2.11. Threshold learning region (adapted from Beruvides, 1997). 

It is theorized that threshold learning resembles a sigmoid curve or a step 

function at the initial state of learning. A conceptual representation by Beruvides 

(1997) is shown in Figure 2.12. The threshold learning for knowledge-based 

workers results in transitions from training to practitioner and expert regions. 

Throughout the development for knowledge-based workers, the learning curve 

model can be presented as an extended threshold-learning region (Figure 2.12). 

Nevertheless, it is unclear what factors, which underfie the learning curve 

phenomenon, result in the transitions through levels over time. For example, the 

performance level may either be enhanced, reduced, or remain the same 

depending on the difficulty of a new task (Figure 2.13). If level of performance 

increases, one possible explanation is that people acquire valid knowledge. If 

the level of performance decreases, people may lose interest, motivation, or 

experience decay in knowledge and/or performance. If the level of performance 
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reaches steady state, it can be simply the optimal status of the individual's 

performance. However, whether mental learning process appears to be a 

scallop function remains unknown. 

Training Region 

Threshold 
Region 

, Practitioner 
Region 

Expert Region 

Time 

Figure 2.12. A conceptual representation of the learning curve model for 
knowledge work (adapted from Beruvides, 1997). 
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Figure 2.13. A potential learning curve phenomenon for a knowledge-based 
worker (adapted from Beruvides, 1997). 
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Errors made are a result of observable behaviors or performance. Errors 

also serve as feedback in terms of whether the mental model or the learning 

process was carried out accurately. The second round of the learning spiral then 

occurs, where correction of errors becomes input to the person. A new mental 

learning process initiates. 

A potential application of the proposed mental learning model includes 

reduction of time and costs on educational or skill trainings. Additionally, the rate 

of learning can be utilized as a temporal index: the steeper the ascent of the rate 

of learning, the sooner a worker reaches Acceptable Performance Level (APL). 

The rate of learning may possibly fluctuate within a confined range, which may 

appear as indicators for selections of employees and prediction of their 

performances. 

2.2.3 Mathematical Model 

Theoretically, mental learning mimics the growth function as one type of 

natural growth. Hence, according to the definition of growth function on a time 

scale (Lotka, 1956), the rate of change of F(t) regarding t is proportional to F(t). 

dF{t) 
= kF{t) (2.11) 

dt 

where in this case, F(t) = The value of proficiency (or performance) level at time t; 

t = time; k = A constant. If k > 0, it is the law of natural growth; if k < 0, it is the 

law of natural decay. 

The function of F(t) can be expressed as follows: 

\^^=\kdt. (2.12) 

J F{t) J 

Applying the fundamental rule of calculus, 

\n\F(t} = kt + a (2.13) 
whereas a is a constant. 

Hence, the function can be written as 
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\F{t)\ = e"-e\ (2.14) 

Since exponential function is always positive and e^ is a constant, F(t) is 

always positive. Thus, let e^ = C, 

F(0 = C e ' ^ . (2.15) 

Therefore, equation (2.15) shows that mental learning representation has 

an exponential function, i.e., an exponential growth. However, human mental 

learning will not grow infinitely. For instance, the growth of population will be 

restricted due to diseases, space and food supplies (Malthus, 1798; Petersen, 

1999). In the engineering area, unit cost of a product with respect to cumulative 

production will reach an upper limit, where producing extra units does not result 

in economic surplus (Keachie, 1961). Similarly, task cycle time confines 

operators' performance outputs due to their physical limits (Bevis et al., 1970). 

For instance, a minute increment in performance level seems very unlikely to 

result in infinite increasing on a temporal scale. Therefore, it is believed that the 

rate of human mental learning in a domain will also reach a steady state (or 

equilibrium as stated in Lotka, 1956), where increments of knowledge become 

tedious, saturated and unnoticeable. Additionally, since at least one observation 

needs to occur examining the dependent variable (e.g., one female to start a 

population in the growth of population function) the first term (absolute term) in 

equation (2.16) is omitted. 

To examine the radius of convergence, equation (2.15) can be further 

expanded using Taylor's Expansion: 

1! 2! 3! n! 
F(0=Ce'''=C 

where n = 1, 2, 3, ..., oo. 

A ratio test is applied to the factorial expansion. Thus, 
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{kty^' n\ kt , ^ 
(i^Y ^r~^77^;^^ - , f o r n > 1 . (2.17) 

n\ 

And the limitation for equation (2.17) becomes 

kt \ 
lim, 
"̂ "V n +1 

0 < 1 . (2.18) 

Hence, equation (2.15) F{t) = C-e'" is convergent, i.e., a plateau exists. 

Additionally, since more than one term was taken into consideration, the 

exponential curve becomes not only convergent but also sigmoid, also called a 

logistic curve (Bertalanffy, 1969). Nonetheless, equation (2.15) represents a 

situation with a single variable. Human mental learning may resemble a sigmoid 

function with a single variable (univariate) locally but with multiple variables 

globally. Badiru (1991) proposed a multivariate learning curve model in terms of 

manufacturing cost estimation for the multitude of factors in manufacturing. By 

the same token, human mental learning should comprise a function of 

multivariate models for factors such as educational level, motivation, memory 

capacity, strategy utilization, pattern recognition, and information processing 

capability. Consequently, a possible model for human mental learning can be 

written as follows: 

Y = Xi + X2 + X3 + -- + X, (2.19) 

where, Y = Mental learning performance measurement; X = Components in the 

mental learning model (i = 1, 2, ..., n); n = Number of components examined in 

the model. 

Components in the model can be either qualitative or quantitative, for 

example, personal past experience, interest or motivation, individual differences, 

and accuracy (e.g., Badiru, 1991). Past experience denotes whether participants 

have been exposed to the experimental task (e.g., puzzle-solving), since the 

initial status of participants may result in differences in the rate of 

learning/forgetting and the final performance level (Nembhard & Uzumeri, 2000). 
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The educational level can be important in the study of human mental learning for 

better quantifying cumulative knowledge. The factor of gender helps sort out 

potential color blindness, especially for male participants, and the factor of age 

differences may have connection with short-term memory capacity. 

Accuracy can be measured using its counterpart, the error rate. Number 

of errors can be counted through videotaping of the puzzle solving process. 

Practice effect can be measured in terms of time scale. An overall performance 

level (or proficiency level) with respect to cumulative practices or time may be 

drawn as Figure 2.14. The rate of learning, denoted as AL, which is a positive 

value, is the ratio of the increment of two consecutive performance levels to the 

elapsed time. The rate of forgetting, denoted as AF, a negative value, is the ratio 

of the decrement of two consecutive performance levels to the elapsed time. 

Furthermore, regression model fitting tests should be conducted. The 

regression model will demonstrate the extended sigmoid form of mental learning, 

if threshold learning occurs. Using residual plots for the regression modeling can 

detect possible anomalies including linear or non-linear relationship, logarithmic 

transfonnation, or desired pure randomness (Johnson & Wichern, 1998). 
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Figure 2.14. Overall performance level to cumulative practices (or time). 
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2.2.4 Sigmoid Model 

This study will concentrate on the relationship between performance level 

and practice over time using the variable of time-to-complete. Additionally, it is 

believed that extended threshold learning occurs prior to the take-off in the rate 

of learning. Therefore, a sigmoid function is expected. The mathematical model 

1 
for threshold learning can be expressed as f (x) -• ; where f(x) indicates 

1 + e-"̂  

time-to-complete, x denotes experimental orders (or practice), and a is 

parameters in the regression model. The sigmoid function is expected to appear 

as shown in Figure 2.15. 
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Figure 2.15. Representation of the sigmoid function. 
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CHAPTER III 

PRELIMINARY STUDY 

Problem solving has been utilized to investigate cognitive processing 

including executive control, monitoring, leverage of knowledge, and decision

making (Cox & Ashwin, 2002). Puzzle solving is comprised of three intertwined 

components: problem solving, meta-cognition, and a learning process (M. 

Gardner, 1971, 1973, 1975). The puzzle solving process involves the activation 

of prior knowledge and the application of strategies. Further, when executing 

strategies for matching compatible puzzle pieces, a puzzle solver is able to 

achieve higher-level learning (Tan, 1991) by using strategies derived from one 

round of puzzle solving in another. 

Alteneder (1935) conducted an experiment with respect to jigsaw puzzle 

solving. The author recorded the time needed to complete a 100-piece jigsaw 

puzzle through 70 trials. The result demonstrates both puzzle solvers' learning 

process over time due to improved efficiency, and the reaching of a plateau in 

the learning process due to physiological limitations. However, the thinking and 

decision-making processes of solving jigsaw puzzles has not been 

demonstrated. In addition, the problem space of puzzle solving has not yet been 

identified. 

A preliminary study using computer-based jigsaw puzzles examined 

puzzle solvers' time-to-complete (TTC), the problem space, the decision-making 

process, and the significance of the mental learning effect for strategy utilization 

to do an exploratory analysis upon the work described in this study. Detailed 

experimental designs, methodologies employed, and pertinent issues for this 

preliminary study are described in this chapter. 
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3.1 Experimental Design 

The objectives of the preliminary study aimed at investigating the 

constructs of mental learning activity, strategic utilization, frequency of problem 

state switch, and time-to-complete using a problem-solving technique. A 

computer-based jigsaw puzzle solving technique was employed in this 

preliminary study. A within-subject and repeated measures experiment was 

designed. 

3.1.1 Research Hypotheses 

The general hypothesis states that every person bears a cognitive 

architecture in order to solve a task such as a jigsaw puzzle. Three sub-

hypotheses are described as follows: 

1. Images of each computer-based jigsaw puzzle encompass different 

levels of difficulty. The images impact individuals' decision-making 

process and problem solving ability including strategic utilization, 

frequency of problem state switch and time-to-complete. 

2. Individuals do not demonstrate the learning process from jigsaw 

puzzle solving over trials. 

3. There is an interaction between experimental trials and levels of 

puzzle difficulty. 

3.1.2 Research Environment 

The laboratory experiment was conducted in the Industrial Engineering 

Department at Texas Tech University. Individual participants were asked to 

perform the puzzle-solving task in a laboratory with minimum background noise. 

3.1.3 Participants 

Twenty-one participants from Texas Tech University (15 males and 6 

females between 26 and 30 years of age) were recruited for this preliminary 
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study. They were identified as knowledge-based workers, having the knowledge 

and objectives required for given task demands. These participants had good 

verbalization ability; none of them had a mental or learning disability. Two 

participants were dropped from the statistics analyses because they did not 

complete the puzzles. 

3.1.4 Apparatus 

Four computer-based jigsaw puzzles of size 8" x 12", with 96 pieces in 

each puzzle, were used. The computer-based puzzles differed from ordinary 

jigsaw puzzles in that the orientations of the puzzle pieces were set; no rotations 

of puzzle pieces were required. In addition, there were no missing puzzle pieces 

in the experiment. Four puzzles (Figure 3.1) were presented to the participants 

in random order in four trials. 

3.1a. Bather 3.1b. Boy 3.1c. Castle 3.1 d. Painting 

Figure 3.1. Four computer-based jigsaw puzzles: bather, boy, castle, and 
painting (from left to right). 

A pre-experiment training session was provided to participants for 

instrument familiarization. The participants were first asked to estimate how long 

it would take them to finish a puzzle by examining a preview showing an image of 

the completed puzzle (Figure 3.2). Participants also were informed that they had 
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the option to open, close, or minimize the preview window of a completed puzzle 

image. When two puzzle pieces matched each other, an auditory feedback was 

presented. After completing a trial, the actual time-to-complete was provided 

immediately to the participants as feedback and to the experimenter as a record. 

This allowed participants to adjust their time estimation for the next trial. 

Figure 3.2. Working area on the computer (training session). 

During the experiment, a verbal protocol technique (also called think-aloud 

method) was incorporated. Participants were asked to state what they were 

thinking as they solved the puzzles. After completing the four puzzles, each 

participant was asked to elaborate on his or her thoughts regarding the 

experiment. Participants were also asked to fill out a questionnaire regarding 

their demographic information. For each puzzle, the estimated time and the 

time-to-complete were collected and recorded by the experimenter. The 

experimenter also recorded observations of participants' execution of strategies 

and their verbalizations of their puzzle solving behaviors. The entire experiment 

was video taped for further content analysis. Problem states occurring during the 

experiments were retrieved from videotapes and counted. 
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3.2 Collection and Treatment of Data 

Issues of data collection and treatment are presented in this section. 

3.2.1 Data Collection 

Experimental data were collected in a laboratory located in the Industrial 

Engineering Department at Texas Tech University. Participants were seated at a 

computer visual display terminal. The information about time-to-complete was 

simultaneously recorded by a computer program and gathered by an analyst. In 

addition, the process of problem-solving by participants was videotaped. 

Videotapes provided information on strategic utilization and frequency of problem 

state switch and were reviewed by the analyst. 

3.2.2 Treatment of Data 

Data sheets were stored in a folder by the analyst. Unauthorized 

personnel did not have access to the folder to ensure confidentiality. Data of 

time-to-complete was analyzed using Microsoft® Excel. SAS® program was 

employed for the repeated measures ANOVA analysis. The frequency of 

problem state changes was tabulated. A problem space was developed and 

proposed according to the information provided from videotapes. 

3.3 Results of Preliminary Study 

Data collected from the experiment were analyzed and are presented in 

the following order: normality testing, comparisons on time estimations and time-

to-complete, puzzles' levels of difficulty, learning phenomenon, and proposed 

problem space. 

3.3.1 Normalitv Testing 

All responses of time-to-complete from four trials were tested using the 

Lilliefor's normality test. It is shown that time-to-complete in the four trials have 

50 



normal distributions (Figure 3.3). Therefore, parametric statistics analyses can 

be applied appropriately in this preliminary study. However, the inability to verify 

independent assumption regarding each participant's response makes a 

repeated measurement analysis desirable. 
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Figure 3.3. Normality testing of four trials. 

3.3.2 Time Estimation 

Comparisons of actual time-to-complete and time estimation by 

participants are presented in this section. 

3.3.2.1 Comparison of Puzzles 

Time estimation and time-to-complete in terms of levels of puzzle difficulty 

were compared. As shown in Table 3.1 and Figure 3.4, participants' average 
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time estimations were lower than the time-to-complete on both the "bather" and 

"castle" puzzles. On the "boy" and "painting" puzzles, participants 

underestimated their ability to complete the puzzles quickly. This occurrence 

may have been due to different levels of difficulty among the four puzzles. In 

addition, participants attempted to correlate their time estimation with actual time-

to-complete as shown in Figure 3.4. 

Table 3.1. Average time estimation and average time-to-complete in four 
puzzles. 

AVERAGE (MIN) 

Time Estimation 
Time-to-Complete 

BATHER 
20.32 
21.25 

PUZZLE TITLE 
BOY CASTLE 
18.84 17.47 
16.94 19.82 

PAINTING 
18.95 
17.44 

23.00 

21.00 

19.00 

17.00 

15.00 

m 

I 

D Estimation 0 Observation 

• w 
Bather Boy Castle Painting 

Titles 

Figure 3.4. A comparison of average time estimation (N=19) and average 
time-to-complete (N=19) over four puzzle titles. 

In order to determine whether a difference existed between the estimated 

time required and the actual time to complete each puzzle, a paired-t test was 

applied. According to the null hypothesis. Ho, no difference should exist [Ho: |Xesti 

- j-ttod = 0] between individuals' time estimation and time-to-complete for each 
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puzzle. The alternative hypothesis, Hi, states that a difference would exist 

between each individual's time estimation and time-to-complete [Hi: î esti - |xtoci ^ 

0], assuming (ĵ stt = average time estimation of each puzzle and t̂oci = average 

time-to-complete each puzzle. 

The results failed to reject the null hypothesis. Ho: |iesti - M̂toci = 0 (p-values 

from bather, boy, castle, and painting are 0.7379, 0.1891, 0.0947, and 0.3481, 

respectively). Therefore, we cannot claim there was a difference between 

individuals' time estimations and actual time-to-complete for each puzzle. A 

repeated measures ANOVA analysis was applied to examine levels of puzzle 

difficulty. The null hypothesis. Ho, states that there was no difference among four 

computer-based jigsaw puzzles in terms of level of difficulty [HQ: L D I = LD2 = LD3 

= LD4; where, LDi = level of difficulty for puzzle i, i = 1, 2, 3, 4]; while the 

alternative hypothesis, Hi, states that at least one puzzle is more difficult than the 

others. 

The p-value from the analysis (p<.0001) indicated that the null hypothesis. 

Ho: LDi = LD2 = LD3 = LD4, was rejected. Therefore, we conclude that at least 

one puzzle has a higher level of difficulty than the others. Furthermore, puzzle 

levels of difficulty were evaluated using SAS® T-Grouping analysis. The results 

showed that two puzzles in group A, bather and castle, had higher levels of 

difficulty than the other two puzzles in group B, i.e., boy and painting (Table 3.2). 

The results also showed that the bather puzzle was the most difficult 

(mean=21.255) and the painting puzzle appeared to be the easiest 

(mean=16.912). 

3.3.2.2 Comparison on Trials 

Average time estimations and average time-to-complete were also 

compared over four trials. Table 3.3 and Figure 3.5 showed that participants' first 

time estimation was lower than the first actual time-to-complete. After the first 
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trial, participants attempted to gather together their time estimation and time-to-

complete. 

Table 3.2. T-Grouping for four puzzles (from SAS® output). 

T GROUPING MEAN N PUZZLE TITLE 
A 
A 
A 

B 
B 
B 

21.255 

19.825 

16.934 

16.912 

19 

19 

19 

19 

Bather 

Castle 

Boy 

Painting 

Table 3.3. Average time estimation and 

AVERAGE (MIN) -

Time Estimation 
Time-to-Complete 

1 
18.47 
20.99 

average 

2 
19.58 
17.71 

time-to-complete 

TRIAL 
3 

19.00 
18.84 

in four trials 

4 
18.53 
17.90 

22.00 

21.00 

£ 20.00 
E 

19.00 

18.00 

17.00 

• Estimation • Obsenation 

1 
Trials 

Figure 3.5. A comparison of time estimation and time-to-complete in four trials. 

A paired t-test was applied in order to examine whether there was a 

difference between time estimation and time-to-complete in each experimental 

trial. The null hypothesis. Ho, states that there was no difference between 
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individuals' estimations and time-to-complete in each trial [Ho: |j.est2 - t̂oc2 = 0; 

where |aest2 = average time estimation of each trial and ntoc2 = average time-to-

complete of each trial]; while the alternative hypothesis, Hi, states that there was 

a difference between individuals' estimations and time-to-complete [Hi: |aest2 -

^toc2 ^]-

The results failed to reject the null hypothesis, HQ: [iest2 - t̂oc2 = 0 (p-values 

from trials 1, 2, 3, and 4 are 0.4095, 0.1688, 0.8782, and 0.6870, respectively). 

Therefore, we cannot claim there was a difference between individuals' 

estimation and actual time-to-complete in each trial. 

3.3.3 Learning Phenomenon 

A learning phenomenon is inherent in the puzzle-solving task, as 

demonstrated in the study by Alteneder (1935). In this preliminary experiment, 

four trials did not necessarily represent a prospective mental learning effect with 

an extended threshold-learning region; however, possible mental learning curves 

and their models still may be concluded. The null hypothesis. Ho, states that 

there was no difference in time-to-complete among four trials [Ho: TTCi = TTC2 = 

TTC3 = TTC4; where TTQ = average time-to-complete in trial i, i = 1, 2, 3, 4]; 

while the alternative hypothesis, Hi, states that time-to-complete decreases 

through four trials [Hi: TTCi < TTC2 < TTC3 < TTC4]. 

Results from repeated measures ANOVA analysis have indicated that 

there are significant effects in experimental trials (p=.0029, at the a=.05 level). 

Therefore, the null hypothesis. Ho: TTCi = TTC2 = TTC3 = TTC4, was rejected. 

The conclusion is that the significance of trial effect points toward a possible 

mental learning phenomenon. Although participants estimated longer completion 

time in trial 2 (Figure 3.5), they finished the puzzle-solving task faster than 

expected. It is possible that there was no equal number of different puzzles in 

each trial, for instance, the boy puzzle might appear more frequent than the other 

puzzles. It was also shown that there was no interaction between puzzles and 
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experimental trials (p=.2920). Table 3.4 summarizes the results from the 

repeated measures ANOVA analysis. 

Table 3.4. 

Puzzle Title 
Experimental Trials 
Title * Trial (Interaction) 

Repeated measures 

F VALUE 
9.93 
5.47 
1.25 

ANOVA analysis results. 

P-VALUE 
<.0001 

.0029 

.2920 

SIGNIFICANCE 
Yes 
Yes 
No 

Furthermore, all responses of time-to-complete obtained from this 

preliminary experiment were graphed by applying possible regression functions. 

As shown in Figure 3.6, all responses fit better in the polynomial model 

[y=0.5865x^-3.7465x+23.83, r^=0.6901] rather than in the power curve model 

[y=20.397x•°•''°^^ r2=0.6137]. 

Time-to-Complete 

21 00 

20 00 

"S" 19 00 -
E 

| | 18 00 

17 00 

16 00 

y = -1.9833Ln()i) + 20 439 

R^ = 0 6278 

• 
N ^ V = .oe i38x + 20 898 

^ ^ ^ " V ^ ^ R̂  = 0 4875 

, ^ ^ > ^ -y = 0 5865x^ - 3 7465x + 23 83 " ^ ^ "-C~~~^,__^ 

R2 = 0 6901 ~ ~ - _ _ ^ ' S ; " . 

• 

0 1 2 3 

Trials 

y = 20 8 8 1 6 " ° " " " 

R̂  = 0 4763 

.i.1 • 

y = 20 397x"° ' " " 

R̂  = 0 6137 

4 E 

Figure 3.6. Learning phenomenon (N=19 from each trial). 

3.3.4 Problem States and Problem Space 

Videotapes that recorded the participants' puzzle solving processes were 

reviewed. Strategy utilizations by participants are summarized in Table 3.5, with 

a total of nine articulated strategies, which are either verbalized by participants or 
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observed by the experimenter. 

The problem states are: color, edge, puzzle image, preview window, 

contour of puzzle pieces, sorting, checking missing pieces, trial-and-error, using 

an incomplete puzzle to fit a single piece, and unknown. At the unknown 

problem state, participants were not able to articulate their thoughts or behavior. 

The possible spectrum of the unknown problem state could range from a wild 

guess to intuition. 

Movements from one problem state to another were tallied and tabulated 

in Table 3.6. High frequency in Table 3.6 indicates that participants often re

enter a specific problem state. For instance, problem states of color and puzzle 

piece contour were the most visited for the bather puzzle (104 and 129 times, 

respectively). Additionally, for the castle puzzle, the problem state of contour of 

puzzle pieces was entered 151 times. Overall, participants make the most of 

puzzle solving by either utilizing or re-entering the problem state of contour of 

puzzle pieces repeatedly. 

Table 3.6. Frequency of problem state changes. 

PROBLEM 
STATES 

Color 
Edge 
Puzzle image 
Preview window 
Contour 
Sorting 
Check missing 
pieces 
Trial-and-error 
Incomplete fits 
single puzzle 
Unknown 

BATHER 
104 
95 
34 
22 

129 
45 

3 

0 

1 

7 

BOY 
88 
75 
33 
13 

100 
40 

16 

7 

1 

10 

PUZZLES 
CASTLE 

97 
87 
66 
23 

151 
34 

14 

0 

0 

3 

PAINTING 
93 
85 
31 
25 

104 
41 

11 

1 

2 

6 

A problem space is developed on the basis of the computer-based puzzle 

solving strategy utilization (Figure 3.7). The problem space shows that 

participants begin the puzzle-solving task with single puzzle pieces. Once 

58 



m 
initial State: 

Scattered Puzzle Pieces 

J Shape or 
^ Contour 

Checic 
Missing 
Piec:es 

Incomplete 
Puzzle fits 

Single Piecei 

Preview 
Window 

Goal State: 
Completed Puzzle 

Figure 3.7. A proposed problem space in puzzle-solving. 

participants initiate puzzle solving, they enter the second phase of the problem 

space. Within the second phase, participants utilize potential strategies. In order 

to solve the puzzles, participants possibly switch their problem states (e.g., color, 

sorting, and shape) from one to another, or operate one scheme within a 

particular problem state over and over again until the puzzle is completed. 
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This proposed problem space varies from traditional problem space as 

defined in the Tower of Hanoi problem (Figure 3.8). The proposed problem 

space is more dynamic in terms of mode changing and sequencing as opposed 

to the serial sequencing in the traditional problem space. The other distinction in 

the proposed problem space is that the initial state is unlikely to be revisited once 

the problem solving process begins. 

Figure 3.8. Problem space of Tower of Hanoi. (Source: Schmidt, 2001). 

Overall, hypothesis testing and conclusions for this preliminary study are 

summarized in Table 3.7. It is concluded that levels of difficulty among the four 

puzzles differ, and responses of time-to-complete over four experimental trials 

result in significant learning phenomenon. 

3.4 Methodological Issues 

Several methodological issues are discussed in this section including 

reliability, validity, replieability, and bias. 
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Table 3.7. Summary of hypothesis testing. 

Hypothesis Statement Conclusion 

There would be no difference between individuals' 
estimations and time-to-complete for each puzzle [Ho: paji to reiect 
msti - M'ttd = 0] 

There would be no difference between individuals' 
estimations and time-to-complete in each trial [HQ: |iest2 - Fail to reject 
^ttc2 = 0] 

There would be no difference among four computer-
based jigsaw puzzles in terms of level of difficulty [HQ: Reiect 
LDi = LDz = LD3 = LD4] 

There would be no difference in time-to-complete among 
four trials, [Ho: TTCi = TTC2 = TTC3 = TTC4] Reject 

There would be no interaction between puzzles and 
experimental trials. f̂ '̂' ^° reject 

3.4.1 Reliability 

In this preliminary experiment, only one analyst reviewed videotapes. This 

raises possible problems in terms of reliability issues in the content analysis of 

videotapes. Regarding the computer-based jigsaw puzzles, they all result in 

consistent time measurements and similar puzzle solving behaviors over 21 

participants. All participants used the same computer monitor, mouse, and same 

location in the laboratory. Additionally, the questionnaire employed was self-

administered, and asked 12 items, in either a checklist format or open questions. 

3.4.2 Validity 

The instrument employed in this preliminary study measures the temporal 

scale and assesses human performance and behaviors in puzzle-solving tasks. 

Thus, it is concluded that this preliminary study possesses face validity. The 

questionnaire used for demographic information collection was reviewed before 

the experiments began. Therefore, this preliminary study contains content 

validity. 
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3.4.3 Replieability 

The preliminary experiment is repeatable under the same circumstances, 

and within the identical parameters. 

3.4.4 Bias 

Biases in this preliminary study have been minimized. The questionnaire 

was reviewed by a third party in addition to the experimenter. In addition, the 

puzzle-solving task has been considered applicable. However, possible external 

biases may enter the preliminary study during the experiment, such as influences 

from other participants and impacts from background noises. 

3.5 Research Constraints 

It was difficult to eliminate all possible background noises for better results 

of videotaping. It also was hard to prevent participants from talking to each other 

after the experiment. Additionally, it was not easy for participants to familiarize 

themselves with the verbal protocol technique. 
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CHAPTER IV 

RESEARCH METHODOLOGY 

The research process is described in this chapter. Research hypotheses 

and an experimental design for mental learning activities are presented. 

Methodologies employed and pertinent issues such as collection and treatment 

of data are also explored. 

4.1 Type of Research 

The study was inductive research comprising an exploratory experimental 

design (Leedy, 1997). The experiments employed computer-based jigsaw 

puzzles in order to explore constructs of mental learning, including the rate of 

learning, decision-making processes, strategic utilization, and errors. The 

experiments were designed for repeated within-subject measures. 

4.2 Research Environment 

The laboratory experiment was conducted at the Industrial Engineering 

Department at Texas Tech University. A laboratory without background noise is 

desirable to improve attention control. It has been shown that sudden 

movements in peripheral vision, loud noises, and motions operating through the 

reticular system are important causes of interruption and shift in attention 

(Ericsson & Simon, 1984). The lighting of the laboratory used an environmental 

setting for general office working conditions, that is, about 750 lux (or Im/m^) 

(Sanders & McCormick, 1992). 

4.3 Research Hvpotheses 

This study attempted to investigate how human mental learning reaches a 

learning asymptotic state at an acceptable and fluent performance level. The 

general hypothesis states that mental learning for problem-solving tasks 
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manifests a similar anatomy to one of the previously defined learning curve 

models (Section 2.1.5). Several sub-hypotheses will be examined involving the 

extended threshold learning region in mental learning processes, mathematical 

modeling of the mental learning model, and modeling the information/strategy 

processing. Definitions of variables used in this study are shown in Table 4.1. 

Table 4.1. Definitions of variables. 

VARIABLES DEFINITIONS 
TC Time-to-complete responses in examining learning process in 

Experiment A, i.e., MDL puzzle-solving 

TTCa Time-to-complete responses in examining learning phenomenon in 
Experiment B [Condition (a)], i.e., monochrome puzzle-solving 

TTCb Time-to-complete responses in examining learning phenomenon in 
Experiment B [Condition (b)], i.e., typical puzzle-solving 

s Errors counted from video reviews 

SP Number of strategies employed in solving puzzles 

In Experiment A, the learning process was examined on the basis of time-

to-complete data. The null hypothesis for the learning process states that 

participants are equally adept at solving jigsaw puzzles, while the alternative 

hypothesis states that learning leads to lower time-to-complete for later 

experimental trials. Strategy information processing also was investigated in this 

stage of the exploratory experiment. Strategies employed in solving various 

computer-based jigsaw puzzles were accounted for from experimental logs. The 

null hypothesis states that the number of heuristic strategies remains constant 

across trials, while the alternative hypothesis states that strategies are acquired 

by participants through experience solving puzzles. The hypotheses for 

Experiment A are summarized in Table 4.2. 

The learning phenomenon in Experiment B was examined on the basis of 

time-to-complete data. The null hypothesis for learning states that participants 

are equally adept at solving jigsaw puzzles, while the alternative hypothesis 
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states that learning leads to lower time-to-complete for later experimental trials. 

Additionally, this study purported to analyze human mental learning, especially 

regarding threshold mental learning. 

Table 4.2. Summary of hypotheses for Experiment A. 

CONDITIONS HYPOTHESES 
Learning process Hoa! Time-to-complete does not decrease in later trials due to 
(with regression modeling) learning. |TCi = TC2 = ... = TC|, where I = 1, 2, ..., n order] 

Hia: Time-to-complete decreases in later trials due to learning. 
[TCi > TC2 > ... > TCi] 

Strategy processing Hob: The number of strategies utilized remains the same 
(non-parametric) across trials. [SPi = SP2 = ... = SPj, where i = 1, 2, ..., n order] 

Hib: The number of strategies utilized increases in later trials in 
a step function. [SPi <SP2 <... <SPi] 

H2b: The number of strategies utilized increases in later trials in 
a form of incremental function. [SPi <SP2 <... <SPi] 

Threshold learning is defined as a process prior to an individual's realizing 

how to perform a task without further external assistance (Hancock & Bayha, 

1992). The null hypothesis states that there will be no threshold learning, while 

the alternative hypothesis states that threshold learning occurs during early 

stages of the learning process. Examinations of errors were exploratory in this 

experiment. The null hypothesis for errors states that participants yield equal 

errors across experimental trials, while the alternative hypothesis states that 

participants yield more errors during early trials due to learning. Hypotheses are 

summarized in Table 4.3. 

4.4 Research Process 

The objectives of this study will be met by completing the following two 

experiments: Experiment A and Experiment B as shown in Figure 4.1. The 

purpose of Experiment A is to explore problem space, strategy processing, and 

error reductions through mental learning processes; while Experiment B, a 

confirmatory experiment from the preliminary study, is to derive the mental 
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Table 4.3. Summary of hypotheses for Experiment B. 

CONDITIONS HYPOTHESES 
Learning process 
(with regression modeling) 

Error 

Hoc: Time-to-complete does not decrease in later trials due to 
learning. [TTCi = TTC2 = ... = TTQ, where i = 1, 2, ..., n order] 

Hic: Learning leads to lower time-to-complete in later orders in 
a sigmoid function with an extended threshold region. 

H2c: Learning leads to lower time-to-complete in later orders in 
an incremental function without an extended threshold region. 

Hoa: Participants yield same number of errors across trials, [EI = 
62 = ... = 8|, where i = 1, 2, ..., n experimental trial] 

HICJ: Participants yield more errors during early trials. [81 > 82 > 
...>8i] 

yes->( End 

Experiment A 

No 

Randomly 
Assigned 

' ' 
Experiment B 
Condition a 

(Monoctirome) 

' ' 
Experiment B 
Condition b 

(Typical Image) 

Figure 4.1. Experimental processes. 

learning process of problem-solving tasks. Both experiments in this study 

employed computer-based puzzles. Participants were assigned randomly to 

either of the experiments in this study. Detailed procedures for the experiments 

are described in Sections 4.5 and 4.6. 
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4.5 Experiment A 

This experiment was considered exploratory and was conducted as a 

follow-up to an earlier study. It is postulated that participants would gain 

interactive knowledge and strategic processing (Murphy & Alexander, 2002) 

through mental learning processes associated with puzzle solving in this 

experiment [Hod: the breadth of interactive knowledge remains the same using 

variable of strategy sequencing]. Consequently, this experiment further 

investigates the robustness of the preliminary study. A pre-screening session 

including think-aloud training was conducted in this stage of the experiment using 

a full set of 15 Pseudoisochromatic Ishihara plates testing Daltonism (Goldstein, 

1999). A full set of the Pseudoisochromatic Ishihara charts and their 

explanations are presented in Appendix E. Additionally, the notion of a problem 

space, which is related to strategic processing defined by Murphy and Alexander 

(2002), will be explored and analyzed. Detailed information on the experimental 

design is provided in the following sections. Experimental procedures are shown 

in Figure 4.2. 

50+ 
Participants 

' ' 

Puzzle Solving 

Pre-
Questionnaire 

Verbal 
Protocol 

— Videotaping i 

Post-
Questionnaire 

Pre-experiment 
training session 

Motivation 
\ Level i 

i Demographic 
i Information 

Figure 4.2. Experimental process for puzzle solving. 
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A pre-experiment training session was conducted and followed by the 

puzzle solving experiment. Frequent breaks were provided to participants 

between experimental trials. If an individual could not finish all trials, the missing 

data for the individual were allowed in statistical analyses. Although an 

unbalanced block design could occur, discarding only missing data prevents 

invalidity from a small sample size. In addition, it also achieves the requirement 

of the random sampling procedure. During the experiment, a verbal protocol 

technique was incorporated, probing cognitive thinking processes. Furthermore, 

videotaping was used during the experiment for the purposes of content analysis 

and verbal elaboration recording. 

4.5.1 Participants 

Individuals used in this experiment were recruited from the college student 

population at Texas Tech University. Individuals with a color vision deficiency 

were dismissed. Those without color deficiency were then asked to complete the 

jigsaw puzzle solving experiments. Participants were compensated by course 

credits after they completed the experiment where applicable. Participants with 

Daltonism received compensation only for the portion of the experiment they 

completed. 

4.5.2 Apparatus 

A full set of 15 Pseudoisochromatic Ishihara charts was used to screen 

individuals. Detailed information on the test is shown in Appendix E. A total of 

20 computer-based jigsaw puzzles that were created by using the computer 

program by the TIBO Company were employed. Puzzle images are shown in 

Appendix E. Each puzzle comprises 24 pieces, which are rotated freely. 

Additionally, the image of each puzzle was presented to participants on the 

screen before each experimental trial began. Auditory feedback was provided 

when two puzzle pieces matched. In addition, a videotape recorder and several 
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videotapes were employed. A computer visual display terminal (19" monitor), a 

mouse, and a keyboard were utilized. The work arrangements are shown in 

Figure 4.3. 

Figure 4.3. Working environment. 

Participants were introduced to the virtual playroom by clicking one of the 

images when instructed by the experimenter (Figure 4.4). Typical settings of the 

puzzle-solving playroom are shown in Figure 4.5. A pre-questionnaire (Appendix 

emBmmm mnmmimm 

Figure 4.4. Puzzle showroom. 
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Figure 4.5. Puzzle solving playroom. 

C) was used at the beginning of the puzzle-solving experiments in order to 

quantify participants' self-assessments of their expertise in puzzle solving. 

Moreover, participants' demographic information and level of motivation as well 

as self-assessments were gathered in post-questionnaires (Appendix C) at the 

ends of both Experiment A and B. 

4.5.3 Data Collection 

Data included time-to-complete, number of attempts by individuals over 

repetitions, and verbal protocol transcriptions from both videotaping and 

participants' elaborations. Verbal protocol scripts (Section 4.5.4.1) were 

transcribed from the videotapes (Section 4.5.4.2) and from participants' verbal 

elaborations using a modified work sampling method (Section 4.5.4.3). 

Elaborations of participants' thought processes (Appendix D) and strategy 

processing during the puzzle-solving tasks were obtained from the experimental 

logs. Sequencing in solving puzzles was reviewed from videotapes. 

70 



4.5.4 Data Acceptability Criteria 

Participants who were not able to complete the entire experiment were 

dismissed and the missing data were not used in the statistical analyses. 

Puzzles that had been completed were not repeated while the remainders of 

unsolved puzzles were presented in a random order. For participants who could 

not finish the entire experiment due to other personal reasons, partial 

compensation was assigned. Experimental logs were utilized in order to regulate 

the precision of experimental conditions (Leedy, 1997). When interruptions or 

unexpected situations occurred, an event description was recorded in the 

experimental logs. 

4.5.4.1 Verbal Protocol Technique 

Verbal reports were used to understand a person's mental behavior 

(Bainbridge, 1979). Concurrent reports are verbalizations generated by 

participants during puzzle-solving processes. Retrospective reports are given by 

participants immediately after the completion of each puzzle-solving session, 

when participants are able to directly retrieve as much information as possible 

from the short-term memory (Ericsson & Simon, 1984). A general instruction 

(Appendix C) was given to participants on how to perform the information 

retrieval operation. 

Both concurrent and retrospective verbal reports were generated from 

participants and were employed in analyses. These manipulations used data 

from verbal reports or from records of problem-solvers' behaviors to build 

protocols that describe the sequence of information flow and knowledge 

activation (Woods, 1993). 

Several basic assumptions were needed according to Ericsson and Simon 

(1984). Firstly, verbal behavior is one type of recordable behavior which should 

be observed and analyzed like any other behavior. Secondly, the verbal 

behaviors are a subset of the cognitive processes that produce any kind of 
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recordable responses. Thirdly, whether one can and should trust participants' 

verbal report is not a matter of faith but an empirical issue on a par with the issue 

of validating other types of behaviors, like motor behaviors (Ericsson & Simon, 

1984). Fourthly, verbalizable cognitions can be described as states that 

correspond to the contents of the short-term memory. Fifthly, the vocalized 

information is a verbal encoding of the information in the short-term memory. 

Sixthly, the verbalizing processes are initiated as a thought is heeded~a direct 

encoding of the heeded thought and reflecting its structure. Finally, units of 

articulation correspond to integrated cognitive structures. Pauses and 

hesitations are good predictors of shifts in processing of cognitive structures 

(Ericsson & Simon, 1984). 

However, for an experienced puzzle solver, automaticity of puzzle-solving 

skills may change in the verbal report. Automaticity means that intermediate 

steps are carried out without being interpreted, and without their inputs and 

outputs using the short-term memory (Ericsson & Simon, 1984). As particular 

processes become highly practiced, they become more and more fully 

automated (Ericsson & Simon, 1984). Therefore, automaticity greatly speeds up 

the thought process (by an order of magnitude) and makes the intermediate 

products unavailable to short-term memory as well. Consequently, these are 

also unavailable for verbal reports (Ericsson & Simon, 1984). Videotaping is 

desirable accordingly. 

4.5.4.2 Videotaping 

In this study, videotaping provides information about participants' thought 

processes, the problem space, and the problem states in the puzzle-solving 

tasks. Missing information due to automaticity was retrieved from videotapes, 

where participants' recorded verbal reports and motor behaviors help generate 

protocols. 
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An 8-hour VHS videotape was allocated for each participant, and was 

labeled with the participant's assigned identification number. A tape recorder 

started when the pre-experiment training session was completed. The recorder 

was then continuously activated during each experimental session. However, a 

thorough content analysis from videotapes was not conducted due to time 

constraints. A modified work sampling technique was hence employed. 

4.5.4.3 Modified Work Sampling 

Strategic information processing was examined using a modified work 

sampling technique. Work sampling has been a useful method in industrial 

engineering for fact finding for more than 75 years (Barnes, 1980). One 

application of work sampling is to measure activities and delays such as the 

percentage of the day that a person is working (Barnes, 1980). In this study, the 

work sampling technique was modified in terms of performance sampling. 

Samples were randomly selected from the pool of videotapes. Within each 

selected videotape, segments of experiments were randomly chosen. For 

example, from Experiment A, each trial was numbered from 1 to 500 (Table 4.4). 

A sequence of random numbers was generated using Microsoft® EXCEL for 

videotape selections. A random number, for instance 482, indicates the second 

experimental trial of the participant 25. 

BLOCK 

1 
2 

25 

Table 4.4. 

1 
1 

21 

481 

Numbering of experimental trials. 

TREATMENT (EXPERIMENTAL TRIAL) 
2 
2 
22 

482 

20 
20 
40 

500 

Error reductions were also investigated in the monochrome and typical 

puzzle-solving tasks (Experiment B) of this study [Hod: no error reductions 

through trials] by counting the number of errors in selected trials. An error is 
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considered as a mismatch of two pieces, i.e., participants' attempt to pair the 

pieces followed by a release action of a puzzle piece. However, if participants 

move puzzle pieces only for a comparison of puzzle shapes without the release 

action, the intention is considered as wrong information processing. Since the 

actual error rate was estimated to be 70% based upon the preliminary study, the 

following equation was used to calculate the required number of observations 

needed (Barnes, 1980): 

where, S = desired precision. In this study, ±10% is desirable; p = obsen/ed 

error rate from preliminary study (in this study, it is estimated to be approximately 

70%; N = required number of observations. 

As a result, a total number of 171 observations from all videotapes were 

selected and analyzed (Barnes, 1980). Actual degree of accuracy was then 

examined also using Equation 4.1 with actual observed error rates obtained from 

the study. If the actual degree of accuracy with 171 observations does not 

achieve a 90% confidence interval and ±10% desired precision, more samples of 

videotape were reviewed, if possible. The reason for using a precision of 10% in 

this study allowed feasible review of videotapes. Reviewing 685 observations 

with a 5% precision was not practical due to time constraints and the number of 

observations available. The required number of observations was procured by 

using Equation 4.1 (Barnes, 1980). Once the number of obsen/ations was 

sufficient to achieve a 90% confidence level and a precision of ±10%, the 

modified work sampling study was completed. 

4.5.4.4 Questionnaires 

Participants' self-assessments about their puzzle solving strategies, 

demographic information such as gender and age, and miscellaneous 

74 



information on puzzle-solving were gathered in a series of questionnaires 

(Appendix C). 

4.5.4.5 Computer-Based Puzzle Software 

Computer software, which was developed by the TIBO Company to 

generate jigsaw puzzles, was employed. A virtual showroom displayed all 

puzzles (Figure 4.4). Participants were instructed by the experimenter to click on 

the puzzle image from the screen. Participants were informed that puzzle pieces 

might require rotations such that a right-click on the mouse is needed to initiate 

clockwise rotations. When two puzzle pieces match, auditory feedback was 

provided. Moreover, there were no missing pieces in the jigsaw puzzles. 

Once participants entered the virtual playroom (Figure 4.5), an internal 

clock embedded in the computer software began timing the experimental trial. In 

the virtual playroom, participants had options to open the picture preview window 

by clicking "Picture" on the option panel (Figure 4.5). Additional options that 

include zooming into or out of the preview image, and minimizing or closing the 

preview window were provided. However, since all puzzle pieces were in the 

same color for condition (a) in Experiment B, the option of picture preview might 

not be useful to participants. When a puzzle piece was clicked, participants were 

able to rotate the puzzle piece and to drag the piece without the necessity of 

constantly pressing the left mouse button. The function provided in the computer 

program helped minimize potential misconduct because of mouse malfunctions 

and to reduce possible physical fatigue on the index finger. Furthermore, 

participants were able to select several puzzle pieces simultaneously by pressing 

the left mouse button drawing a rectangle. Those selected puzzle pieces 

subsequently turned to a color in red indicating that they were movable within the 

working environment on the computer monitor. 
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4.5.4.6 Content Analysis 

Content analysis has been used to extract knowledge constructs (AganA/al 

& Tanniru, 1991). The analysis contains a sequential structural design that 

includes data making, data reduction, inferences, and analyses to processes of 

direct validation, testing for correspondence with other methods, and testing 

hypotheses (Krippendorff, 1980). It is believed that, often, reality is not 

accessible except through the medium of a measuring instrument as recording 

becomes necessary to carry information outside physical manifestations of 

natural phenomena (Krippendorff, 1980). 

Content analysis is used as a data filtering method to allow data 

generated by verbal or visual communications (Agarwal & Tanniru, 1991). In this 

study, the analysis was mainly used for generating scripts from videotapes. 

Although videotapes should be appraised by two reviewers in order to better 

explore verbal designation (Krippendorff, 1980), they were examined by only one 

reviewer due to consistencies of video transcripts and participants' elaborations 

on questionnaires. Keywords or frequent words regarding strategy utilization 

such as color and contour were identified. Several grouping classifications, such 

as verbal expressions of perceived level of difficulty during the experiment, and 

the usage of language from participants' responses, revealed perceived task 

complexity. On the basis of participants' responses, thought processes between 

skilled and non-skilled puzzle solvers could be differentiated. Furthermore, 

errors made in the selected trials were quantified and were tallied. 

4.5.5 Data Analyses 

One goal of this experiment was to explore constructs of processing 

strategies (Murphy & Alexander, 2002), which are applied in a mental problem 

space (Newell & Simon, 1976). Strategy utilizations were transcribed from both 

verbal protocols and questionnaires. The distribution of strategy frequencies to 

the puzzle-solving sequences was investigated. The time-to-complete data in 
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order to make inferences about learning processes were examined using the 

repeated measures MANOVA analysis with a post-hoc multiple paired 

comparison technique. 

4.6 Experiment B 

A repeated measures experimental design was incorporated in 

Experiment B (Figure 4.6). The purpose of Experiment B mainly was to 

investigate mental learning processes [Hoc: No learning phenomenon occurs]. 

The experiment was divided into two conditions: (a) one monochrome computer-

based jigsaw puzzle, and (b) one typical computer-based jigsaw puzzle. The 

experiment also intended to examine two competing hypotheses, i.e.. Hie: the 

mental learning model is a sigmoid function, and H2c: the mental learning model 

is a step function. The threshold learning region was examined employing a 

post-hoc multiple comparison technique. 

4.6.1 Participants 

Participants were recruited from the college student population at Texas 

Tech University. Individuals having color vision deficiencies were dismissed. 

50+ 
Partidpants 

' ' 
Puzzle Solving 
[Condition (a) 

or (b)] 

Pre-
Questionnaire 

_ i Verbal 
Protocol 

—i Videotaping 1 

Post-
Questionnaire 

Pre-experiment 
training session 

i Motivation 
: Level 

I Demographic i 
! Information ! 

1 

Figure 4.6. Experimental procedure for solving the monochrome puzzle. 
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Those having no color vision deficiencies were then asked to complete one of the 

jigsaw puzzle-solving sessions. Participants were compensated by course 

credits, where applicable or allowed, when they completed the assigned 

experiment. However, participants with Daltonism received compensation only 

for the portion of the experiment they completed. On the basis of the past 

experience in experiments and the results from the preliminary study, a sample 

size with a minimum of 50 participants was desirable for this study at the a=0.05 

level due to potential dropout of participants. 

4.6.2 Apparatus 

Two computer-based jigsaw puzzles containing 24 pieces—one monochrome 

and one typical picture puzzle-created by using the computer program by the 

TIBO Company were employed. In condition (a), all puzzle pieces were in the 

same solid black color with slightly different contour between puzzle pieces 

(Figure 4.7). No other visual cues, such as themes and various colors, were 

provided. In condition (b), a typical computer-based jigsaw puzzle was employed 

over the experimental trials. Each piece of the puzzle, which is freely rotated, 

was randomly oriented by the computer at the beginning of each trial. Auditory 

feedback was provided when two puzzle pieces matched. In addition, a 

videotape recorder and several videotapes were employed. The work 

arrangements are shown in Figure 4.3. 

4.6.3 Data Collection 

The time-to-complete data were timed by the computer program and were 

recorded by the experimenter. Elaborations of thought processes (Appendix D) 

and participants' self-rating level of expertise in puzzle-solving were obtained 

from the experimental logs and questionnaires. Data acceptability criteria 

followed the descriptions in Section 4.5.4. 
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Figure 4.7. Puzzle playroom. 

4.6.4 Data Analyses 

The time-to-complete data were analyzed using the repeated measures 

MANOVA with a post-hoc multiple comparison technique. The post-hoc multiple 

comparisons used marginal means to determine a potential threshold point of the 

learning process. Additionally, the learning process was mathematically modeled 

using a curve fitting method, including several basic regression functions. 

4.7 Data Treatment 

Participants' consents were obtained using a consent form, which was 

approved by the Texas Tech University Protection for Human Subjects 

Committee. Descriptive data such as informal conversations during the 

experiment were recorded using videotaping and experimental logs. Puzzle-

solving patterns from videotapes were analyzed using the content analysis 

method. Quantitative data, e.g., ratings on the level of pleasantness before and 

after the experiment, were analyzed using the paired t test analysis. Responses 

from participants, including time-to-complete records, questionnaires, and 

videotapes, were stored in the Department of Industrial Engineering. 

Unauthorized personnel did not have access to the files. Gathered data were 
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analyzed using statistical software, including Microsoft® Excel, SAS®, SPSS®, 

and DataFit™. 

4.8 Research Constraints 

Physiological constraint is an important limitation on motor movements in 

a puzzle-solving task. Functions provided in the computer program limited and 

minimized manual tasks. Physical movements are mostly restricted to the 

fingers and the wrist of the working hand. It is assumed that eye-hand 

coordination is carried out under normal circumstances; however, issues of visual 

search are not addressed in this study. 

4.9 Methodological Issues 

Experimental procedures employed in this study are limited by the 

assumptions. Reliability, validity, replieability, bias, and representativeness are 

described in this section. 

4.9.1 Reliability 

To ensure reliability of the study, the measuring instrument and the 

experimental procedures were applied consistently in the preliminary study and 

the main experiments (Leedy, 1997). A similar puzzle-solving computer program 

was used in the preliminary study, and was found to property measure learning 

phenomena and the inferred problem space. A pre-experiment training session 

was conducted to ensure that all relevant factors to the administration of the 

computer program were kept constant (Leedy, 1997). A computer program was 

considered to have high reliability for this type of problem-solving study. When 

an identical methodology is employed in future studies, similar reliability was 

expected. 
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4.9.2 Validity 

The instrument employed in this study attempts to measure the length of 

duration for mental learning. Individuals who were recruited were college 

students, who represent mental behaviors for the designated problem-solving 

task. Therefore, the time-to-complete variable and the individuals recruited for 

the puzzle-solving tasks accomplished the requirements efface validity (Leedy, 

1997). Moreover, bias (see Section 4.11.4) in this study was minimized, meeting 

the requirements of internal validity. Conclusions drawn from this study can be 

generalized and be applied only to other problem-solving tasks of knowledge 

work in terms of mental learning, particulariy those involving the threshold 

learning and strategy information processing. Therefore, this study also achieves 

external validity (Leedy, 1997). 

Content validity is achieved by first using the think-aloud method and 

questionnaires, which elicit individuals' thought processes regarding puzzle-

solving. Second, the puzzle-solving experiments represent simplified problem-

solving and mental learning tasks. Third, the time-to-complete variable 

corresponds to the measurement of time during a mental learning process within 

the domain of knowledge work. Furthermore, in a puzzle-solving task, mental 

learning constructs and processing strategies can be sorted on the basis of 

verbal protocol and questionnaires. Thus, construct validity is accomplished. 

4.9.3 Replieability 

Since certain criteria are built into the research design, the study can be 

carried out and tested by any researcher. The study can also be completed in 

finding the same essential results without any prejudice to the validity (Leedy, 

1997). Additionally, the study is repeatable under the same conditions and within 

the identical parameters (Leedy, 1997), where experimental procedures, relevant 

parameters, and environmental conditions have been specified. Since similar 

puzzle-solving tasks have been conducted in the preliminary study, results 

81 



obtained from the main experiments can be replicated by other researchers, i.e., 

the study is robust. 

4.9.4 Bias 

Although biases are inherent in all research, (Leedy, 1997), biases in this 

study were minimized. Any influence or condition that possibly distorts the data 

was lessened. According to Leedy (1997), biases occur in most qualitative 

studies. The use of questionnaires and experimental instructions in this study 

possibly contain inherent misleading questions resulting in inevitable bias. 

Therefore, the questionnaires were reviewed by a psychologist, and 

methodologies and statistical analyses were examined by a statistician. This 

review process attempted to minimize internal biases and to prevent the data 

being tainted. Nonetheless, possible external biases might take place during the 

experimental processes. Participants may have conversations and exchange of 

opinions and experiences causing an onset of external biases, which could be 

unavoidable. Therefore, the randomization process in assigning an experimental 

session to a participant diminished potential surmises. 

4.9.5 Representativeness 

The study was a laboratory experimental design, which may not represent 

real worid knowledge-based tasks. However, participants were randomly 

recruited from the student population in the Industrial Engineering and 

Psychology departments at Texas Tech University. Therefore, the data obtained 

from this study represent performance of typical knowledge-based workers (i.e., 

college students) in a laboratory setting. Moreover, the mental learning model 

and strategic information processing are representative of real worid problem-

solving tasks. 

82 



CHAPTER V 

RESULTS AND ANALYSES 

This chapter describes results obtained from Experiments A and B. 

Twenty different computer-based jigsaw puzzles were employed in Experiment 

A. Two different treatments in Experiment B, comprising a monochrome puzzle 

and a typical puzzle, are denoted as Experiment B(a) and B(b), respectively. 

Data gathered from the treatments are described in Section 5.2.1 and 5.2.2. 

5.1 Experiment A 

This experiment employed 20 distinct computer-based jigsaw puzzles of 

size 4"x6" or 6"x4". Twenty-five participants, of whom 17 were male and 8 were 

female, were recruited from the student population in Texas Tech University. 

Majority of the participants were under 20 years old (32%) or within the range 

between 20 to 25 years of age (44%). Two hypotheses examined in this 

experiment are as follows: 

1. Participants are equally adept at solving jigsaw puzzles. The time-

to-complete data do not decrease in later trials (Hoa: TCi = TC2 = ... 

= TCi, where i = 1, 2, ..., n order); 

2. The number of strategies facilitated during the experiment remains 

constant within the domain of interactive knowledge (Hob: SPi = 

SP2= ... = SPi, where i = 1,2, ..., n order). 

5.1.1 Learning Process 

The time-to-complete data were analyzed using the repeated measures 

MANOVA analysis with the first-order autoregressive, i.e., AR(1), covariance 

structure. The covariance structure has homogeneous variances of obsen/ations 

and correlations between adjacent observations on the same subject (Littell, 
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Milliken, Stroup, & Wolfinger, 1996). It also assumes the correlation between two 

measurements decreases exponentially with distance (Littell et al., 1996). 

The main effect in terms of learning was significant (Fi9,i29=2.83, p=.003). 

Therefore, the null hypothesis (Hoa: TCi = TC2 = ... =TCi, where i = 1, 2, ..., n 

order) is rejected. Task complexity between jigsaw puzzles was also significant 

(Fi9,140=5.73, p<.0001). However, the interaction of the trial effect and the puzzle 

effect was not significant (F262,124=1.25, p=.0837). Post-hoc paired-comparisons 

were performed using estimated marginal means which were calculated across 

participants in each trial. No significant reduction between consecutive trials in 

the time-to-complete variable was found-although learning leads to shorter 

completion time in later experimental trials. The learning process can be defined 

by the power function (Fi.i8=90.62, p<.0001, R^=.834) (Figure 5.1). The equation 

is as follows: 

Y = 300.52 X- ° ' ' ' (5.1) 

where, Y is time-to-complete in seconds; X is trial order. 
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Figure 5.1. Power function plot for Experiment A. 
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5.1.2 Strategic Information Processing 

Strategies utilized during experiments were captured from videotaping. 

Randomly selected trials were examined; however, owing to deficiencies of 

abundant voiceless video clips (over 50%) as well as numerous infrequent 

vocalizations in videotapes, comparisons were conducted between the 

corresponding questionnaires and the selected video clips, in which vocals could 

be detected. Therefore, a total of 50 from the original planned 171 video clips 

(See Section 4.5.4.3) were selected and analyzed for the adjusted reviewing 

procedure. According to the findings of the comparisons, it was determined that 

participants consistently revealed their processing strategy information on both 

questionnaires and video clips. Therefore, information reported by participants 

on the post-questionnaires is legitimate. Twenty-two keywords, such as "border" 

and "color", were identified from participants' elaborations in the post-

questionnaire (Table 5.1). Although the keywords, "edge" and "corner," may be 

considered as one tactic—both utilize straight lines—they were separated as two 

categories on the basis of participants' statements. For instance, a participant 

stated "I found all the comers and built the edges. Then I found distinguishable 

parts of the puzzle and put those together." The other participant provided a list 

of strategies utilized such as "colors," "corners," and "shapes." On the basis of 

the experimenter's observations during trials, the top 3 strategies applied by 

participants are "image theme" (or pattern) for 21 counts, "color" for 15 counts, 

and "border" (or edge) for 9 counts; while participants reported "border" (or edge) 

18 times, "image theme" (or pattern) 12 times, and "corner pieces" 10 times as 

their top 3 tactics. 

Participants' development in employing or acquiring strategies was 

investigated. In Experiment A, 18.2% of the participants claimed not changing or 

acquiring strategies in solving puzzles (Table 5.2). The rest of the participants 

stated that they switched or gained strategies after several trials (e.g., the 4th or 

5th repetition). The strategy modifications were often because of the details and 
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Table 5.1. Keywords identified in Experiment A. 

KEYWORDS 

Attention 
Border (edge) 
Color 
Common sense 
Compare pieces 
Corner 
Elimination 
Grouping/Sorting 
Guess (luck) 
Memorization 
Orient pieces 
Position/Location/Placement 
Puzzle Orientation 
Random match 
Reference point 
Segmentation 
Shape (contour) 
Spatial orientation 
Theme/Texture/Pattern 
Think/Study/Analyze 
Trial-and-error 
Unique/Dominant feature 

OBSERVED 
0 
9 
15 
0 
1 
5 
0 
3 
1 
2 
2 
0 
0 
0 
0 
0 
2 
0 

21* 
0 
8 
0 

FREQUENCY 
ELABORATED 

1 
18* 
9 
1 
0 
10 
1 
7 
1 
1 
1 
1 
4 
1 
1 
4 
6 
1 

12 
1 
2 
6 

*The most frequently utilized strategy. 

Table 5.2. Summary of reasons in strategy modifications in Experiment A. 

RATIONALE PERCENTAGE (%) 
Every puzzle is different 27.3 
To get faster 22.7 
Better organized 18.2 
The previous one doesn't work 9.1 
Too many details on puzzle 4.5 
No changes at all 18.2 

patterns in the jigsaw puzzles. As one participant specified, "I found that the 

puzzles which displayed buildings or structures were easier for this experiment." 

For instance, 27.3% of participants reported their modifications essentially 

depended upon the thematic representations of the jigsaw puzzles. Gaining 

speed is another incentive to 22.7% of the participants. As one participant 
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pointed out, "my strategy changed with every puzzle depending on what shapes, 

lines, and colors present." Some participants also claimed faster solving speed 

on the computer-based puzzles compared with the traditional puzzle-solving 

tasks. 

5.1.3 Further Analyses 

Gender differences in this type of puzzle-solving task were analyzed by 

using the repeated measures MANOVA analysis with one within-subject 

(repetition) and one between-subject (gender) factors. It is found that gender 

was not significant in this experiment (Fi,34.3=.65, p=.4274). The interaction 

between the repetitions and the gender effect was not discovered (Fi9,286=.97, 

p=.4928). 

Participants' self-rating level of expertise was analyzed by employing the 

repeated measures MANOVA analysis with one within-subject (repetition) and 

one between-subject (self-rating level of expertise) factors. Figure 5.2 presents 

the distribution of participants' self-rating expertise levels. The dotted line 

indicates the mean value (mean=4.79, Std. Dev=1.285) of expertise levels 

Mean = 4.79 

Expertise 

Figure 5.2. Histogram of self-rating expertise level for Experiment A (N=24). 
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derived from a 7-point Likert scale, where 1 is "the least experienced" and 7 is 

"the most experienced." Fifteen participants rated themselves as "neutral" with a 

rating of 4, or "somewhat experienced" with a rating of 5, while one participant 

did not answer the question. On the basis of Figure 5.3, the ratings were further 

divided into two groups: low (ratings from 1 to 4) and highly experienced (ratings 

from 5 to 7). It is found that the self-rating level of expertise significantly affected 

the outcomes of the experiment (Fi,37.7=4.40, p=.0428). Additionally, the 

composite effect of trials and expertise was not significant (Fi9,272=1.59, p=.591) 

(Figure 5.3). 

Expertise Group 
Less Expeflenced 

^— More Experienced 

"1 i 1 1 1 I T 
1 2 3 4 5 6 7 

1 — I — I — I — I — I — I I I 1 I r -
9 10 11 12 13 14 15 16 17 18 19 20 

Trial 

Figure 5.3. Interaction of expertise levels and trials in Experiment A. 

Participants' levels of enjoyment before and after the experiment were 

also compared using the paired-t test. The data were derived from a 7-point 

Likert scale, in which 1 and 7 are referred to as "do not enjoy at all" and "enjoy 

very much," respectively. The results indicated participants' level of enjoyment 
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increased after completing the puzzle-solving experiment (t 05, i9=-2.236, 

p=.0188). 

Comparisons on the enjoyment levels before and after the experiment are shown 

in the histogram (Figure 5.4). The dotted lines in Figure 5.4 indicate that the 

mean values before and after the experiments were 5.28 (Std. Dev=1.137) and 

5.76 (Std. Dev=.97), respectively, validating the result from the paired-t test 

analysis. 

Mean = 5.28 

(N=25) 

Mean = 5.76 

1 

(N=25) 

Frequency - Before Frequency - After 

Figure 5.4. Comparisons on enjoyment level for Experiment A. 

5.2 Experiment B 

Experiment B consisted of the following two treatments: administering a 

monochrome image (Section 5.2.1) and a typical image (Section 5.2.2). A total 

of 100 participants were recruited from the student population at Texas Tech 

University. The participants were then randomly divided into two subgroups each 

consisting of 50 participants. Two main hypothesis tests in this experiment were 

examined. They are as follows: 

89 



1. No learning phenomenon occurs. The time-to-complete data do 

not decrease in later trials (Hoc: TTCi = TTC2 = ... = TTQ, where i = 

1, 2, ..., n order); 

2. The number of errors does not decrease across repetitions (Hoa: EI 

= 82 = ... = Si, where i = 1, 2, ..., n experimental order). 

5.2.1 Experiment B(a): Monochrome Puzzle-Solving 

A monochrome computer-based jigsaw puzzle with a total of 24 pieces 

was employed in this experiment. Fifty participants, of whom 25 were male and 

25 were female, were assigned to this experimental session. Most participants 

were under 20 years old (44%) or within the range between 20 to 25 years of age 

(52%). Each participant was asked to solve the same monochrome puzzle for 30 

repetitions. 

5.2.1.1 Learning Phenomenon 

The descriptive statistical summary of Experiment B(a) indicated that the 

longest completion time was 22 minutes, while the shortest was 1 min 10 sec. 

The time-to-complete data were further analyzed by using the repeated 

measures MANOVA analysis with one within-subject (trial) factor and the first-

order autoregressive, AR(1), covariance structure (Littell et al., 1996). Estimated 

marginal means across all individuals were calculated in finding a curve-fitting 

representation in the monochrome puzzle-solving experiment. The trial effect on 

the entire dataset was significant (F29,895=9.99, p<.0001). Therefore, null 

hypothesis (Hoc: TTCi = TTC2 = ... = TTCi, where i = 1, 2, ..., n order) is rejected. 

Additionally, a power function adequately fits the curve regression 

(Fi,28=1860.48.26, p<.0001, R^=.985). The mathematical model equation is in 

the following and is illustrated in Figure 5.5. 

Y = 420.83 X-° ' ' (5.2) 

where, Y is time-to-complete in seconds; X is the trial order. 
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Figure 5.5. Power function for the monochrome puzzle-solving. 

Further, according to the post-hoc multiple paired comparisons without 

any statistical adjustment, it was found that at the 0.05 level, the second trial was 

faster than the first trial (t.05,49=4.73, p<.0001), the third trial was faster than the 

second trial (t.05,49=3.85, p=.0003), and the fourth trial was faster than the third 

trial (1.05,49=2.31, p=.0254). More experimental repetitions subsequent to the 

fourth trial do not significantly impact completion times from one trial to the other. 

5.2.1.2 Error 

Owing to the truncated distribution and the lack of the independence 

among data, a non-parametric Cochran test was employed for the analyses for 

errors. The goal was to investigate whether errors were successfully reduced 

over the experimental repetitions. Differences of errors between two consecutive 

trials, i.e., triali and trial(i+i), were calculated (Figure 5.6). The result 

demonstrates no significant error reductions across repetitions (Cochran test 

T=24.7<;(f|5 28=41.34, p>0.25) in this monochrome puzzle-solving session. 
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Figure 5.6. Changes of error by trials in Experiment B(a). 

5.2.1.3 Further Analyses 

Gender differences in this experiment were examined. The gender effect 

was treated as a between-subject variable in the repeated measures MANOVA 

analysis. The result indicates no significant gender differences (Fi,65.i=.02, 

p=.8937) in the experiment. In addition, the interaction of the trials and the 

gender effect was insignificant (F29,878=-53, p=.9809). 

Participants' self-reporting level of expertise was also analyzed using a 7-point 

Likert scale, where 1 is referred to as "the least experienced" and 7 is referred to 

as "the most experienced." From the histogram in Figure 5.7, participants were 

divided into two groups: low and high experience in puzzle-solving. The dotted 

line on the graph indicates the mean value of 4.46 (Std. Dev=1.474). Based 

upon the histogram (Figure 5.7), the ratings were divided into two categories, low 

(ratings from 1 to 4) and highly experienced (rating from 5 to 7). According to the 

results from the repeated measures AR(1) MANOVA analysis, the level of 

expertise has an effect on solving the monochrome puzzle (Fi,8i.5=39.19, 
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p<.0001). Potential interactions of the trials and the self-reporting expertise was 

also significant (F29.82i=1.58, p=.0271) (Figure 5.8). 

Mean = 4.46 ; 

I 1 

Expertise 

Figure 5.7. Histogram of self-rating expertise levels for Experiment B(a) (N=50). 
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Figure 5.8. Interaction of expertise levels and trials in Experiment B(a). 
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Furthermore, participants indicated their subjective level of enjoyment 

before and after solving the monochrome puzzle; two participants did not 

respond. A 7-point Likert scale was employed - 1 referred to "do not enjoy at all" 

and 7 referred to "enjoy very much." The mean values before and after the 

experiment were 5.02 (Std. Dev=1.15) and 4.98 (Std. Dev=1.47), respectively. 

The statistical result also denotes the insignificance (t.05,47=.256, p=.7993). A 

comparison of the distributions is shown in Figure 5.9. 
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Figure 5.9. Comparisons of enjoyment levels for Experiment B(a). 

Twenty-two keywords in terms of strategy information processing were 

identified from the experimenter's observations and from participants' 

elaborations from the questionnaires. A list of keywords is shown in Table 5.3. 

On the one hand, according to the experimenter's obsen/ations, three main 

strategies were utilized: "memorization" for 37 counts, "border" for 32 counts, and 

"puzzle orientation" for 31 counts. On the other hand, participants revealed top 3 

strategies, including "border" for 36 counts, "memorization" for 18 counts, and 

"use of unique/dominant piece" for 17 counts. 
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Table 5.3. A list of keywords identified in Experiment B(a). 

KEYWORDS 1 X ^ _ 1 V ¥ V i ^ 1 \ l i i ^ ^J 

Attention 
Border (edge) 
Bottom-up 
Compare pieces 
Corner 
Counting 
Deduction/Deductive reasoning 
Grouping/Sorting 
Guess (luck) 
Learning size (puzzle orientation) 
Make up coding on pieces 
Memorization 
Middle pieces first 
Orient pieces 
Patience 
Position/Location/Placement 
Random pining 
Segmentation 
Shape (contour) 
Sorting/Grouping 
Trial and error 
Unique/Dominant features 

FREQUENCY 
OBSERVED 

0 
32 
0 
2 
23 
7 
0 
0 
3 
31 
1 

37* 
12 
6 
0 
0 
0 
3 
10 
14 
16 
24 

ELABORATED 
1 

36* 
1 
0 
15 
1 
2 
6 
1 

12 
0 
18 
7 
1 
2 
2 
2 
2 
12 
0 
6 
17 

*The most frequently utilized strategy. 

Furthermore, 4% of the participants stated no strategy changes occurred 

during the experiment. Several participants believed that they altered strategy 

processing in the middle of the experimental trials (e.g., the 11*"̂  or 13"" trial). For 

instance, one participant stated, "after about 11 puzzles, I began to concentrate 

more on setting aside 'special' interior pieces. I also focused more on building 

segments that would be connected instead of just doing it piece by piece." The 

other participant claimed, "I memorized the puzzle so that I could put it together 

quicker." However, some participants indicated "[during] the whole time [they 

were] working on memorizing the puzzle," or "[they] Just became more familiar 

with the puzzle." Participants who modified or acquired their processing 

strategies provided their rationale. The reasoning was distinguished from the 

post-questionnaires and is summarized in Table 5.4. 
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Table 5.4. Summary of reasons in strategy modifications in Experiment B(a). 

RATIONALE 
To get faster 
Make puzzle easier/more familiar 
Better organized 
The previous one doesn't work 
Getting bored on the same strategy 
Finding a better new routine 
Just works for me 
Frustration 
Because the puzzle is solid-color 

PERCENTAGE(%) 
54.9 
17.6 
7.8 
5.9 
3.9 
3.9 
2.0 
2.0 
2.0 

5.2.2 Experiment B(b): Tvpical-lmaqe Puzzle-Solvinq 

One computer-based jigsaw puzzle with the lighthouse ocean coast image 

was employed in this experiment. Fifty participants, of whom 28 were male and 

22 were female, were assigned to this experimental session. Majority of the 

participants were under 20 years old (64%) or within the range between 20 to 25 

years of age. They were asked to solve the typical-image jigsaw puzzle for 30 

repetitions. 

5.2.2.1 Learning Phenomenon 

The descriptive statistical analysis showed that the longest completion 

time was 9 min 46 sec, while the shortest was 51 seconds. The time-to-complete 

data were further analyzed using the repeated measures MANOVA analysis with 

one within-subject factor (trial) and the first-order autoregressive, AR(1), 

covariance structure (Littell et al., 1996). The result indicated that learning 

occurred in this experiment (F29,1055=22.54, p<.0001). Therefore, the null 

hypothesis (Hoc: TTCI = TTC2 = ... = TTCi, where i = 1, 2, ..., n order) is 

rejected. Additionally, it was found that a power function sufficiently 

characterizes the dataset (Fi,28=1472.23, p<.0001, R2=.981) (Figure 5.10). The 

power function for this experimental treatment is defined as follows: 

Y = 223.89 X-° ' ' (5.3) 

where, Y is time-to-complete in second; X is the experimental order. 
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Multiple paired comparisons were conducted. The results indicated that 

the second trial is faster than the first trial (t.05,49=8.38, p<.0001), the third trial is 

faster than the second trial (to5,49=3.05, p=.0037), and the fourth trial is faster 

than the third trial (to5,49=2.69, p=.0096). More experimental repetitions 

subsequent to the fourth trial do not provide additional significant reductions in 

the time-to-complete measurements. 

Figure 5.10. Power function for puzzle-solving in Experiment B(b). 

5.2.2.2 Error 

Differences of errors between two consecutive repetitions, i.e., trial(i) and 

trial(i+i), were calculated and analyzed (Figure 5.11). The non-parametric 

Cochran test was employed because of the truncated distribution and the lack of 

the independency among data. The result shows no effective error reductions 

across experimental repetitions (Cochran testT=24.6<^95,28=4134, p>0.25). 
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Figure 5.11. Changes of error by trials in Experiment B(b). 

5.2.2.3 Further Analyses 

Gender differences were examined using the repeated measures AR(1) 

MANOVA analysis with one within-subject (trial) and one between-subject 

(gender) factors. It is found that participants' genders did not considerably affect 

their ability in solving computer-based jigsaw puzzles (Fi,52.2=.01, p=.9181). The 

joint effect of gender and the experimental repetitions is not substantial 

(F29,io38=-76, p=.8143). 

Participants' self-rating level of expertise was also analyzed using the 

repeated measures AR(1) MANOVA analysis with one within-subject (trial) and 

one between-subject (self-rating level of expertise) factors. A 7-point Likert scale 

was employed, as 1 and 7 denoting "the least experienced" and "the most 

experienced," respectively. One participant did not provide any response on the 

rating scale. The histogram shown in Figure 5.12 demonstrates the distribution 

with a mean value of 5.02 and the standard deviation value of 0.946. No 

participant rated himself or herself as least experienced, i.e., a rating of 1, in this 

typical-picture puzzle-solving task. According to Figure 5.12, the ratings were 
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Figure 5.12. Histogram of expertise levels for Experiment B(b) (N=49). 

divided into two groups: low (rating from 1 to 4) and highly experienced (rating 

from 5 to 7). The result indicates that the levels of expertise among participants 

influenced their puzzle-solving ability (Fi,54.6=11 -63, p=.0012). Moreover, the 

interaction of the expertise levels and the experimental repetitions had significant 

impact regarding the puzzle-solving pace (F29,98i=1.81, p=.0057) (Figure 5.13). 

Participants' levels of enjoyment in solving puzzles were collected before 

and after the experiment on the questionnaires. One participant did not provide 

any response on the rating scale. According to Figure 5.14, the pleasantness 

levels shift towards a higher degree from before-experiment (mean=5.16, Std. 

Dev=1.33) to after-experiment (mean=5.51, Std. Dev=1.08). A paired-t test 

showed that participants' enjoyment in solving puzzles after the experiment 

exceeded their initial anticipation (t.05,48=-2.762, p=.0041). 
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Figure 5.13. Interaction of expertise levels and trials in Experiment B(b). 
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Figure 5.14. Comparisons of enjoyment levels for Experiment B(b). 

Twenty-two keywords were categorized from the experimenter's observations 

and participants' elaborations on the post-questionnaires (Table 5.5). In 
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Experiment B(b), the three essential strategies retrieved from the observation 

records are "theme of the image" for 46 counts, "memorization" for 40 counts, 

and "border piece" for 18 counts. Alternatively, approaches utilized by the 

participants tend to be dispersed according to the statements provided on the 

questionnaires. However, three primary tactics acknowledged by the participants 

match the observations except their rankings: "memorization" for 27 counts, 

"border pieces" for 27 counts, and 'theme of the image" for 26 counts. 

Table 5.5. A list of keywords for Experiment B(b). 

K F Y W O R n ^ 

Attention 
Border (edge) 
Color 
Comparison 
Corner 
Grouping/Sorting 
Learning size (puzzle orientation) 
Memorization 
Middle pieces first 
Orient pieces 
Patience 
Position/Location/Placement 
Random pining 
Reference point 
Segmentation 
Shape (contour) 
Spatial orientation 
Theme/Texture 
Think/Study/Analyze 
Top-down 
Trial-and-error 
Unique/Dominant features 

FREQUENCY 
OBSERVED 

0 
18 
14 
0 
12 
4 
0 

40 
1 
1 
0 
1 
0 
0 
4 
9 
0 

46* 
0 
0 
4 
3 

ELABORATED 
3 

27* 
19 
2 
10 
7 
6 

27* 
1 
0 
1 

12 
2 
1 
2 
11 
1 

26 
1 
1 
2 
4 

*The most frequently utilized strategy. 

Participants articulated their movements on the strategy processing 

although 10% of them believed no change was developed. As one participant 

describes, "after I did [the] puzzle [a] couple times, I was more or less 
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comfortable to start with the main objects of the picture, then corners," whereby 

the other states that, "I just stayed with [the] same strategy, but I could piece 

some together from memory." Moreover, participants expressed their main 

concern in this experiment is to become more efficient and to solve the puzzle 

quicker. One participant was "working against time [which] makes [him] try 

different strategies, to see if there is faster ones." The other participant asserts 

"the change just happened. It was natural to remember where the puzzle pieces 

are supposed to go [after too many trials]." Table 5.6 summarizes justifications 

provided by participants on the post-questionnaires. 

Table 5.6. Summary of reasons in strategy modifications in Experiment B(b). 

RATIONALE PERCENTAGE (%) 
To get faster 36.8 
Make puzzle easier/more familiar 19.3 
Better organized 12.3 
Become more efficient 12.3 
Natural memorization 12.3 
The previous one doesn't work 1.8 
More reference points 1.8 
No changes 3̂ 5 

5.2.3 Comparisons of Two Conditions 

The purpose of the comparison is to compare the monochrome puzzle 

session with the typical-picture puzzle session. The analysis employed the 

repeated measures MANOVA method with one within-subject (repetitions) factor 

and one between-subject (treatments) factor. Both repetitions (Fi,3oo=94.42, 

p<.0001) and treatments (Fi,203=150.78, p<.0001) were significant. The 

interaction of the repetitions and the treatments was also noteworthy 

(Fi,299=27.33, p<.0001) (Figure 5.15). 

Those thin lines present the time-to-complete data of each individual. The 

estimated marginal means of the two treatments, which are the monochrome and 

the typical-image sessions, are presented in the thick curve and the dotted curve, 

respectively. The time-to-complete data in the monochrome puzzle session were 
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generally longer than those in the typical-picture puzzle session. Particulariy, the 

differences in the first and the second repetitions between the two treatments 

were 176 and 180 sec, i.e. 2 min 56 sec and 3 min, respectively. Towards the 

end of the experiments, the time difference of the last trial became narrower with 

a discrepancy of 1 minute 27 seconds. 

Improvements on the completion time within each treatment were also 

examined. The variable, improving time, using the estimated marginal means is 

defined as the time difference between the first trial and the final trial. The 

improving time values for the monochrome and the typical-picture treatments are 

4 min 57 sec and 2 min 28 sec, respectively. 

5.3 Summary of Findings 

Overall, the results of the hypothesis testing are summarized in this 

section (Table 5.7). Since learning was found in both Experiments A and B, null 

hypotheses of no learning phenomenon in later experimental orders are rejected. 

Error reductions were found insignificant, thereby failing to reject null hypotheses 

in Experiment B. The results for the strategy processing hypothesis in 

Experiment A could not be examined due to the lack of participants' complete 

elaborations during experiments. 

5.4 Discussions 

Mental learning was tested through puzzle-solving tasks. To complete the 

tasks faster, some individuals were able to retrieve methods on the basis of their 

past experiences; the others somehow evolved their initial limited puzzle-solving 

procedures into a more organized strategy processing. The occurrence is 

possibly because of the innate reasoning or the a priori circumstances. 

After repeatedly interacting with the assigned task, individuals seem to 

transform the mass information that is presented before them into the domain 

knowledge. The conceptual model (Figure 2.8) therefore conclusively 
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Experiment A 

Experiment B(a) -
Monochrome 

Experiment B(b) -
Typical-picture 

Table 5.7. 

VARIABLES 
Learning 

Strategic 
processing 

Learning 

Error 

Learning 

Error 

Summary of hypothesis testing. 

HYPOTHESES 
Hoai No learning phenomenon is 
observed in later experimental 
orders. 

Hot: The breadth of interactive 
knowledge remains the same 
using variable of strategy 
sequencing. 

Hoc! No learning process occurs. 

Hod: Number of errors made 
remains the same over trials. 

Hoc: No learning process occurs. 

Hod: Number of errors made 
remains the same over trials. 

RESULT 
Reject 

N/A^ 

Reject 

FTR* 

Reject 

FTR 

^Due to the lack of full elaborations, the conclusion cannot be drawn. '̂ FTR = Fail to Reject 

demonstrates learning for the puzzle-solving experiment, especially for the type 

of problem-solving tasks examined here. The findings are also applicable to the 

field of navigational tasks since visualization is the essence of the experiment. 

Although numerous participants were astonished when at first seeing the 

monochrome jigsaw puzzle, the average time-to-complete record greatly 

improves by almost five minutes. The learning rate derived from the small scale 

experiments is rather efficient. The difference of the quickest time-to-complete 

records between the two treatments is as short as 19 seconds. In particular, the 

matter of automatization explains the learning performance in the later 

experimental repetitions (Langley & Simon, 1981). A well-designed training 

instrument in a problem-solving task will potentially scale down the gap. 

A problem space can be perceived in this study. The multi-directional 

problem space (Figure 3.7) illustrates a basic knowledge presentation for the 

problem-solving tasks. The actual problem space on the basis of the results is 

more complex. In addition to utilizing one distinct strategy, combining several 

strategies during the puzzle-solving experiment is often observed. Nevertheless, 

the fundamental constructs of the problem space remains unclear. 

105 



Threshold learning does not exist in this study. Nevertheless, the finding 

confirmed learning a power function as reported in the prior research (Wright, 

1936). The asymptotic state was reached relatively rapidly. The learning 

process illustrated in Figure 2.12 and Figure 2.13 was not detected. Potential 

reasons consist of the simplified jigsaw puzzle solving tasks, a short time span, 

stress, and physical fatigue. In particular, the monochrome jigsaw puzzle did 

drain individuals very easily, whereby the typical-picture puzzle session 

individuals became tired in later trials. During the three-hour experiment, 

participants complained of exhaustion and boredom. Individuals would declare 

their fatigue by saying "I'm really really tired," or "this is draining, restraining my 

brain." Additionally, the motivation or the fun of doing the experiment faded out. 

At some point, no extra reward, e.g., gaining speed, on their performance was 

evident to individuals. Personal traits, such as aggressiveness toward the faster 

completion time, were the only attribute left for individuals to draw upon to finish 

the experiment. In order to avoid boredom, participants set their own goal, e.g., 

competing with their best record. As one participant mentioned, "everything is all 

about competition." 

Task complexity is also an issue in this study. The results from the study 

show that the designed puzzle-solving tasks were too simple for most individuals 

in the sense that participants did not activate profound thinking processes. The 

threshold learning investigation was premature. That is possibly why the 

asymptotic state was achieved rapidly and the threshold learning region was not 

detected. 

The number of errors mostly remains consistent over repetitions. Since 

participants were not informed what an error is, they might unintentionally 

produce errors without realizing it during the experiment. In addition, the 

definition of an error in this study did not cover all potential types of errors. 

Therefore, the result may not fully represent error reductions. The other possible 

factor could be increasing comparisons between puzzle shapes and hypothetical 
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mental rotations carried out behind the camera. One participant indicated 

employing a mental picture to solve the monochrome puzzle. The other 

participants specified that they rotated puzzle pieces in mind during the 

experiment before even making an attempt to fit pieces together. However, 

whether the proficient mental rotation skill assisted in reducing errors is unknown. 

Furthermore, spatial reasoning (Forbus, 1994) and fluid intelligence (Caristedt, 

Gustafsson, & Ullstadius, 2000) seem to be facilitated during the experiments. 

Participants identified objects presented on the images, such as house, building, 

bicycle, bridge, people, and cars. They ordered these common objects into their 

anticipated orientations. From participants' descriptions, for instance, the sky 

has to go to the top, humans should stand upright, and distant objects should be 

in smaller sizes. Real worid common sense and perception in many aspects 

facilitated the problem-solving processes. 

Although the majority of participants affirmed naturalistic memorization, 

being able to visualize identifiable entities before them accommodates the 

memory coding procedure. According to participants' statements, unique 

features on the puzzle caught their attention, which compelled retrievals and 

recalls, i.e. the feature was recognized previously and was retained in memory. 

In one occasion, the participant kept talking to herself "I remember it's this one..., 

no..., I remember...." The event occurred at the time when she could not 

distinguish one certain puzzle piece from the others. Eventually she claimed 

"there you are" after seeing her piece. She also later revealed that she "kind of 

memorize[s] pieces but didn't do it on purpose." As she specified, after seeing 

and solving the puzzle so many times, dominant features somehow imprinted in 

her mind. Furthermore, solving patterns evolved over the repetitions. 

Participants from time to time recalled and specified their puzzle-solving 

sequences, which seemingly speeded up their completion time. Once the routine 

was established, individuals comfortably adhered to the puzzle-solving 

configurations and decided to keep it consistent over the remaining trials. 
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Several causes contribute to the blips on the learning curve. First, fatigue 

results in the return of longer puzzle solving time. The most common expression 

because of fatiguing was "I am really tried." At times participants decided "the fun 

of doing [the experiment] has worn out," and "[they] get frustrated because [of 

being] not able to fit pieces." The synergy of fatigue, the lack of motivation, and 

frustration undoubtedly is an ensemble to the curvature of learning. Second, 

participants' self-selecting breaks might have hindered potential improvements. 

A participant claimed possibly forgetting strategies if a break was taken. The 

other participant vowed not to rest anymore when failing to finish the trial as fast 

as expected after a short break. Occasionally, individuals accomplished a 

shorter time-to-complete record after self-selecting breaks. For instance, one 

participant announced to choose to take a break every 10 trials before the 

experiment started. When a lengthy trial happened, the person realized 

forgetting to "do his 10-trial break thing." 

The think-aloud method was originally considered a useful instrument in 

probing individuals' thought processes. However, the findings demonstrate 

notable conflicts in verbalization and the puzzle-solving tasks. Typical 

expressions from participants include "when I concentrate, I cannot talk," "It's 

hard to verbalize when I am thinking," and "no more talking, that's distracting." It 

is observed that when an individual did articulate his or her thinking during a trial, 

the expressing statements were relatively short. As a participant described, "my 

problem now is my mind runs faster than my hand and my mouth." Accordingly, 

verbalization, the secondary task, unquestionably interferes with thought 

processes, which is the primary task in the problem-solving tasks, even though 

the think-aloud method is an eligible instrument querying human metacognition. 

Furthermore, a few participants suspected that miscellaneous causes 

slowed down their completion time. A participant thought of potentially having 

attention deficit disorder (ADD). Others alleged a possible broken timer 

imbedded in the computer program or probable deceit by the computer. 
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CHAPTER VI 

CONCLUSION 

The current study provides insights on mental learning by using a 

problem-solving task. On the basis of the findings, it is concluded that, first, 

threshold learning does not exist; second, learning process occurred in the 

puzzle-solving task; third, strategic information processing may be essential 

during the problem-solving task; and finally, error reduction was not significant in 

this study. These conclusions are discussed in the following paragraphs. 

In addition to the finding in learning, the mathematical form of the mental 

learning model was found identical to the traditional learning curve model, i.e., a 

power function model (e.g., Hancock & Bayha, 1992). Potential evolutions of 

strategy information processing were discovered during learning. It is possible 

that levels of expertise, prior experience, and motivation impose major influences 

on the time-to-complete data. Additionally, participants entered the experiment 

with prior domain knowledge in terms of puzzle-solving which may have resulted 

in a non-sigmoid function in learning (Figure 2.8). Although domain knowledge of 

an expert may not expand by solving additional familiar problems, it grows in 

less-experienced puzzle solvers as the interactive knowledge and the strategic 

information processing collaborate. In particular, when individuals are highly 

motivated, they tend to seek supplementary strategies in order to rapidly improve 

their completion times. 

The results of learning and strategic information processing from this 

study suggest possible applications mainly in navigational tasks, training, and 

interface designs. Dominant cognitive architectures should be designed into 

manufactured products such that inspectors are able to easily detect 

deficiencies. For instance, in machinery inspections, unique features can be 

highlighted to reduce time required to search for defects. Additionally, the 

temporal span of training can be reduced to four repetitions, specifically for the 
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type of tasks similar to experimental instrument in this study. On the basis of this 

study, training for more than four repetitions does not contribute significant 

improvements. One possible explanation regarding the insignificance of 

improvements is that all strategies for learning reported by participants were not 

equally important. In fact, in each case only a few critical strategies accounted 

for the majority of strategic information processing. 

Issues that should be addressed in future studies fall into eight general 

categories: task complexity, expertise, solving sequence, visual search, errors, 

fatigue, dexterity, and information processing algorithms (Figure 6.1). First, task 

complexity is a vital concern for the mental learning processes. The subject 

Matter of a task should be directly addressed in knowledge work. Puzzle-solving 

task complexity employed in this study may require prior screening, which will 

assure comparable levels of task complexity for Experiment A as well as a higher 

challenging leverage for Experiment B. The number of repetitions, the temporal 

scope, and the training effect should also be considered. There are two potential 

solutions in order to demonstrate a mental learning curve with a threshold 

learning region: 1) more repetitions are desirable whereas temporal limitations 

are overcome; and 2) more dispensed pre-experiment training, i.e., introducing a 

forgetting effect (Figure 2.14) at the initial learning state. 

Second, the level of expertise should be accounted for in any learning 

curve research. The exploratory analysis in the current study discloses expertise 

(or domain knowledge) effectively influencing the mental learning processes. A 

standard that can differentiate experts and novices should be established for a 

certain subject matter. A subsequent question is how different and to what 

extent different levels of expertise affect learning, decision-making, and problem-

solving processes. 
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Figure 6.1. Research inference diagram. 

Third, strategic information processing was found to evolve over 

experimental repetitions and to assist in the growth of domain knowledge. The 

results show individuals tend to stay with their solving patterns to shorten the 

completion time; however, whether identical problem-solving sequences were 

employed between repetitions remains uncertain. A training design for problem-

solving tasks may be established based upon the findings to possibly increase 
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productivity, efficiency, and effectiveness. Strategic information processing can 

also be facilitated for designs in navigational tasks or displays. 

Fourth, visualization skills should be examined. In particular, the speed of 

visual search seems to be a key factor in the time-to-complete data. Several 

participants pointed out that they "see" where a particular puzzle piece belongs 

before attempting to conduct the next movement. Whether peripheral visions 

were roused in searching for a following component is not clear. Individuals were 

found to be inclined to use both verbs, "memorize" and "see," from the reviews of 

the questionnaires and the video clips. It is possible that the individuals relied on 

their visual performance rather than encoding stimuli into the short term memory. 

Alternatively, there was a virtual spatial memory presented in front of 

participants. In addition, identifications on dominant or unique features may be 

activated by rapid visual search. 

Fifth, error reductions were insignificant in this study. Participants were 

not informed what an error is. Thus, individuals might not be aware of producing 

errors during puzzle-solving tasks. Additionally, classifications of errors may 

require novel definitions as discussed in Section 5.4. In this study, any 

conservative comparison between pieces before an attempt was initiated was not 

considered as an error. Besides, only seen errors were counted. The error 

definition raises an issue of possible mental rotations behind the camera, as 

some participants articulated pre-rotations of a puzzle piece before situating it in 

place. Whether the intangible mental rotation relates to the error reduction is 

indistinguishable from the current findings. Portions of the completion time spent 

on the mental rotation require further examinations. 

Sixth, cognitive and physical factors should be taken into considerations. 

To some extent fatigue, stress, and frustration affect individuals' solving ability 

over the temporal scope. This study incorporated self-selecting breaks to 

diminish some of these unavoidable effects. Participants claimed to enjoy the 

experiments from their elaborations; however, a 3-hour experimental session 
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was definitely too lengthy. Individuals responded that as fatigue and frustration 

elevated, they tended to cease their learning, stopped acquiring new strategies, 

and somehow lost their concentration. The puzzle-solving process was no 

longer enjoyable but tedious. Future studies should address whether self-

selecting breaks affect individuals' performance as well as how and where to split 

an experimental session for resting breaks. 

Seventh, physical performance should be examined in future studies. For 

instance, dexterity should be measured when possible. Particulariy, individuals' 

manipulation of the computer instrument as a tool, e.g., a mouse, potentially 

affects their performance. Previous studies (Heeter, 1994; Homann et al., 2003) 

have reported significant influences on dexterity because of age and education. 

Although the current study has not discovered any disparity owing to gender 

differences, more complex tasks may reveal more insightful information. 

Finally, investigations with respect to problem-solving algorithmic 

programs should be conducted. Many researchers have incorporated learning 

models in artificial intelligence as well as machine learning studies. Future 

studies that apply findings of learning to knowledge work are recommended, 

specifically for ensembles of classifiers, computational learning, and learning 

algorithms (Dietterich, 1997). The evolutionary genetic algorithm, a subtopic in 

the field of machine learning, possibly associates information comparable to 

human heuristic mental learning processes. The genetic algorithm explores a 

domain space with mutation. It also enables rapid searching for an approximate 

solution when a termination condition is reached (Wall, n. d.). Since human 

minds are dynamic and sophisticated, the genetic algorithm may offer insightful 

knowledge in approaching mental learning models. In conclusion, mental 

learning is a representation of knowledge work. A better understanding of 

human mental learning will help in developing consistent training instructions, 

decreasing training costs, managing intellectual capital, and enhancing efficiency 

for problem-solving tasks. 
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APPENDIX A 

GLOSSARIES OF LEARNING THEORY 

IN ALPHABETIC ORDER 

(SOURCE: KEARSLEY, 2001) 
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Anchored Instruction - The initial focus of the work was on the development of 
interactive videodisc tools that encouraged students and teachers to pose and solve 
complex, realistic problems. The video materials sen/e as "anchors" (macro-contexts) for 
all subsequent learning and instruction. 

Behaviorism - This theory suggests that mental events should be translated into 
obsen/able behaviors. The theory resists attempts to define mental expression such as 
"pain" in reference to introspective reports by the subjects. 

Cognitive behavior modification - This theory emphasizes the use of rewards or 
punishments in order to reduce or eliminate problematic behavior, or to teach individuals 
new responses to environmental stimuli. 

Cognitive learning -Th is is a person's typical mode of thinking, remembering, or 
problem solving. It corresponds to academic knowledge such as learning vocabulary or 
multiplication tables. 

Condition of learning - This theory stipulates that there are several different types or 
levels of learning. The significance of these classifications is that each different type 
requires different types of instruction. Five major categories of learning were identified: 
verbal information, intellectual skills, cognitive strategies, motor skills and attitudes. 
Different internal and external conditions are necessary for each type of learning. It is 
suggested that learning tasks for intellectual skills can be organized in a hierarchy 
according to complexity: stimulus recognition, response generation, procedure following, 
use of terminology, discriminations, concept formation, rule application, and problem 
solving. The primary significance of the hierarchy is to identify prerequisites that should 
be completed to facilitate learning at each level. Prerequisites are identified by doing a 
task analysis of a learning/training task. Learning hierarchies provide a basis for the 
sequencing of instruction 

Connectionism -The learning theory of Thorndike represents the original S-R 
framework of behavioral psychology: learning is the result of associations forming 
between stimuli and responses. Such associations or "habits" become strengthened or 
weakened by the nature and frequency of the S-R pairings. The hallmark of 
connectionism (like all behavioral theory) was that learning could be adequately 
explained without referring to any unobservable internal states. 

Constructivist theory - Learning is an active process in which learners construct new 
ideas or concepts based upon their current/past knowledge. The learner selects and 
transforms information, constructs hypotheses, and makes decisions, relying on a 
cognitive structure to do so. Cognitive structure (i.e., schema, mental models) provides 
meaning and organization to experiences and allows the individual to "go beyond the 
information given (Bonn & Grabowski, 2001). 

Contiguity theory - The theory specifies "a combination of stimuli which has 
accompanied a movement will on its recurrence tend to be followed by that movement". 
It is believed that learning was a consequence of association between a particular 
stimulus and response in a single trial (all or none concept). Additionally, stimuli and 
responses affect specific sensory-motor patterns; i.e., what are learned are movements, 
not behaviors. In contiguity theory, rewards or punishment play no significant roles in 
learning since they occur after the association between stimulus and response has been 
made. One interesting principle that arises from this position is called "postremity" which 
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specifies that we always learn the last thing we do in response to a specific stimulus 
situation. 

Dual coding theory - The dual coding theory proposed attempts to give equal weight to 
verbal and non-verbal processing. The theory states that human cognition is unique in 
that it has become specialized for dealing simultaneously with language and with 
nonverbal objects and events. The theory assumes that there are two cognitive 
subsystems, one specialized for the representation and processing of nonverbal 
objects/events (i.e., imagery), and the other specialized for dealing with language. 

Experiential learning - This learning refers to applied knowledge such as learning 
about engines in order to repair a car. The key to the distinction between cognitive and 
experiential learning is that experiential learning addresses the needs and wants of the 
learner. The qualities of experiential learning include personal involvement, self-
initiated, evaluated by learner, and pervasive effects on learner. It is believed that 
learning is facilitated when: (1) the student participates completely in the learning 
process and has control over its nature and direction, (2) it is primarily based upon direct 
confrontation with practical, social, personal or research problems, and (3) self-
evaluation is the principal method of assessing progress or success. The theory also 
emphasizes the importance of learning to learn and an openness to change. 

Fluid intelligence -A lso called crystallized intelligence, involves short-term memory, 
abstract thinking, creativity and reaction time. It tends to decline with age. It also 
associates with the ability to learn and invent new strategies to deal with new problems. 

General systems theory - The general systems theory provides a broader sense in 
terms of logic. A systematic analysis on an entire framework of the learning theory is 
suggested including disciplines other than psychology. 

Generative learning theory - The learner is not a passive recipient of information but 
an active participant in the learning process, working to construct meaningful 
understanding of information found in the environment (Bonn & Grabowski, 2001). 

Genetic epistemology - The theory primarily focuses on how knowledge developed in 
human organisms. Cognitive structures, a central concept of the theory, are patterns of 
physical or mental action that underiie specific acts of intelligence and correspond to 
stages of child development. Cognitive structures change through the processes of 
adaptation: assimilation and accommodation. Cognitive development consists of a 
constant effort to adapt to the environment in terms of assimilation and accommodation. 

Gestalt theory - The focus of Gestalt theory was the idea of "grouping", i.e., 
characteristics of stimuli, that causes us to structure or interpret a visual field or problem 
in a certain way. The primary factors that determine grouping were proximity, similarity, 
closure, and simplicity, which were also called the laws of organization and were 
explained in the context of perception and problem-solving. 

Idealism - Reality is caused by the ideas of the human mind, and there is no reality 
independent of the human mind, such as sensing and thinking. 
Information processing - The first concept is "chunking" and the capacity of short-term 
memory. Miller (1956) presented the idea that short-term memory could only hold 5-9 
chunks of information (seven plus or minus two) where a chunk is any meaningful unit. 
The second concept is TOTE (Test-Operate-Test-Exit) suggested that TOTE should 
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replace the stimulus-response as the basic unit of behavior. In a TOTE unit, a goal is 
tested to see if it has been achieved and if not an operation is performed to achieve the 
goal; this cycle of test-operate is repeated until the goal is eventually achieved or 
abandoned. The TOTE concept provided the basis of many subsequent theories of 
problem solving (e.g., GPS) and production systems. 

Lateral thinking - The point of lateral thinking is that many problems require a different 
perspective to solve successfully. Four critical factors were identified and associated 
with lateral thinking: (1) recognize dominant ideas that polarize perception of a problem, 
(2) searching for differ ways of looking at things, (3) relaxation of rigid control of thinking, 
and (4) use of chance to encourage other ideas. 

Levels of Processing theory - This is an alternative to theories of memory that 
postulated separate stages for sensory, working and long-term memory. The "deeper" 
the processing occurs, the more that will be remembered. The theory also supports the 
finding that we remember things that are meaningful to us because this requires more 
processing than meaningless stimuli. Processing of information at different levels is 
unconscious and automatic unless we attend to that level. 

Linguistic analysis - Philosophical issues must be approached, first and foremost from 
the point of view of their roots in human language. In upholding this belief, philosophers 
believe to be the true heirs of Kant's great limitation of human knowledge (Palmquist, 
1995). 

Logical positivism - This theory believes in logical analysis of scientific knowledge 
including logical reasoning and empirical experience. 

Modes of learning -There are three modes of learning: accretion, structuring and 
tuning. Accretion is the addition of new knowledge to existing memory. Structuring 
involves the formation of new conceptual structures or schema. Tuning is the adjustment 
of knowledge to a specific task usually through practice. Accretion is the most common 
form of learning; structuring occurs much less frequently and requires considerable 
effort; tuning is the slowest form of learning and accounts for expert performance. 
Restructuring involves some form of reflection or insight (i.e., metacognition) and may 
correspond to a plateau in performance. 

Multiple intelligence - T h e theory of multiple intelligences suggests that there are a 
number of distinct forms of intelligence that each individual possesses in varying 
degrees. There are seven primary forms: linguistic, musical, logical-mathematical, 
spatial, body-kinesthetic, intrapersonal (e.g., insight, metacognition) and interpersonal 
(e.g., social skills). The implication of the theory is that learning/teaching should focus 
on the particular intelligences of each person. The different intelligences represent not 
only different content domains but also learning modalities. 

Operant conditioning - Learning is a function of change in overt behavior. Changes in 
behavior are the result of an individual's response to events (stimuli) that occur in the 
environment. A response produces a consequence such as defining a word, hitting a 
ball, or solving a math problem. When a particular Stimulus-Response (S-R) pattern is 
reinforced (rewarded), the individual is conditioned to respond. 

166 



Realism - the substances and relations that are part of this worid of real existence can 
be known by the human mind as they are in themselves. Truth is correspondence 
between mind and things. 

Schema theory - The theory integrated units of declarative knowledge, including 
propositions, images, and linear ordering. It is believed that organized structure that 
exists in memory, at a more abstract level. There are linked conceptual structures, 
which can be changed by experience and/or instruction. 

Scientific management - The theory highlights the relationship between rationalization 
in general and labor-control methods in particular. A method was developed by Taylor 
for measures and design of machining methods to increase the planning functions of 
management. The fundamental concept is to design a production system that would 
involve both men and machines and that would be as efficient as a well-designed 
machine (Backer, 1998). 

Self-reinforcement - Self-reinforcement include both positive (award) and negative 
(penalty) reinforcements to an informant. Either reinforcement may possibly increase or 
decrease informants' motivation and participation during a learning process. 

Situated learning - Learning as it normally occurs is a function of the activity, context 
and culture in which it occurs (i.e., it is situated). Social interaction is a critical 
component of situated learning - learners become involved in a "community of practice" 
which embodies certain beliefs and behaviors to be acquired. Furthermore, situated 
learning is usually unintentional rather than deliberate. 

Structural learning -What is learned are rules which consist of a domain, range, and 
procedure. Problem solving may be facilitated when higher order rules are used, i.e., 
rules that generate new rules. Higher order rules account for creative behavior 
(unanticipated outcomes) as well as the ability to solve complex problems by making it 
possible to generate (learn) new rules. Structural learning theory postulates a single, 
goal-switching control mechanism with minimal assumptions about the processor and 
allows more complex rule structures. Structural learning theory also assumes that 
"working memory" holds both rules and data (i.e., rules which do not act on other rules); 
the memory load associated with a task depends upon the rule(s) used for the task at 
hand. 
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APPENDIX B 

PRELIMINARY EXPERIMENT: QUESTIONNAIRE 
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PROLOGUE 

METACOGNITION AND PROBLEM-SOLVING: 
A STUDY ON COMPUTER-BASED PUZZLE SOLVING 

Jiun-Yin Jian^, Dr. Mario G. Beruvides^, and Dr. Roman Taraban* 

^Department of Industrial Engineering ^Department of Psychology 
Texas Tech University 
Lubbock, Texas 79409 

The goal of this study is to investigate high-level cognitive structure and problem 

solving processes. This study comprises of one experimental session: a 

completion of computerized-based jigsaw puzzles. 

The experiment will take you about 60 minutes to complete all computer-based 

puzzles. In the computer program, we have randomly selected four puzzles. 

You will be asked time estimation after being shown a puzzle preview, and you 

will be asked to solve the puzzle. Additionally, during the program, you will be 

asked to report your actions related to puzzle solving. You will have a break 

among puzzles. The only known risks are possible physical discomfort from the 

use of a computer keyboard, mouse, and Video Display Terminal. 

All data collected in this study will be kept anonymous and confidential. Your 

data will be identified only by a number, known only by the researchers. No 

unauthorized individuals will have access to any data, and any material 

connecting you with specific data. All data collection sheets will be destroyed 

after the analysis has been completed. 

Thank you for helping our research by completing this study. 
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QUESTIONNAIRE 

Thank you for your participation. This sheet will collect demographic information from 
you. All answers are voluntary. You do not have to disclose any answer if you feel 
uncomfortable. However, we hope you can provide as much information as you can for 
the fulfillment of the experiment. We truly appreciate your help. Please answer the 
following questions. 

1. What is your status? (Check one.) 
D Undergraduate (go to Q2) 
D G'raduate (go to Q3) 
D Other (go to Q3) 
D Not applicable (go to Q6) 

2. What is your undergraduate major? 
Which year? 

D freshman 
D sophomore 
n junior 
D senior 
If you are an undergraduate student, 
please skip to question 8. 

3. What is your graduate major? 

4. How many years have you been in the 
graduate program? 

D less than 1 year 
n 1 -2 years 
D 2-5 years 
D 5+ years 

5. What is your educational level in the 
graduate program? 

D master's 
D doctorate 

6. What is your profession? 
D Education 
D Engineering 
D Finance 
D Other (please specify) 

7. What is your job title? 

8. Your work experience 
n none 
D less than 1 year 
D 1 -5 years 
D 6-10 years 
D 10+ years 

9. Do you have any experience solving 
jigsaw puzzles? 

D yes D no 

10. How do you rate yourself as a puzzle 
solver? 
D novice 
D intermediate 
D expert 

11. Please tell us your age. 
D 19-22 
D 23-25 
D 26-30 
D 30-40 
D over 40 

12. Your gender 
D male 
D female 

Thank you very much. 
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APPENDIX C.I 

INSTITUTAIONAL REVIEW BOARD APPROVAL 

I TEXAS TECH UNIVERSITY 

Office of Research Scn'ices 

Box 41035, 20.^ Holdcn Hall 
l.ubbock, TX •'94()y-io^5 
(806) "42-3884 
F.VX (806) 742-3892 

Xovember 06, 2002 

Dr. Mario G. Beruvides 
Dr. Roman Taraban 
.Ms. Juin-Yin Jian 
Ind Engr 
MS 3061 

RE: Project 02571 A Theoretical Development and Analysis of Mental Leaming 
Curve 

Dear Dr. Beruvides: 

The Texcis Tech University Committee for the Protection of Human Subjects has approved 
your proposal referenced above. The ^proval is effective firom November 1, 2002 through 
October 31, 2003. You will be reminded of the pending expiration one month prior to October 
31. 2003 so that you may request an extension if you wish. 

The best of luck on your project. 

Sincerely, 

Dr. Richard P. McGlynn, Chair 
Human Subjects Use Committee 
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TEXAS TECH UNIVERSITY 

Office of Research Services 

Box 41035, 203 Holden Hall 
Lubbock, TX 79409-1035 
(806) 742-3884 
FAX (806) 742-3892 

October 01,2003 

Dr. Mario G. Beruvides 
Dr. Roman Taraban 
Ms. Juin-Yin Jian 
Ind Engr 
MS 3061 

RE: Project 02571 A Theoretical Development and Analysis of Mental Leaming 
Curve 

Dear Dr. Bemvides: 

The Texas Tech University Committee for the Protection of Human Subjects has approved 
extension of your proposal referenced above. The approval is effective from November 1, 2002 
through September 15, 2004. You will be reminded of the pending expiration one month 
before your approval expires so that you may request an extension if you wish. 

The following sentence needs to be included in all consent forms this protocol uses: This 
consent form is not valid after 9/15/2004. 

The best of luck on your project. 

Sincerely, 

Dr. Richard P. McGlynn, Chair 
Human Subjects Use Committee 

An EEC/Affirmative Action Institution 
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TEXAS TECH UNIVERSITY 

" Office of Research Services 

Box 41035, 203 Holden HaU 
Lubbock, TX 79409-1035 
(806) 742-3884 
FAX (806) 742-3892 

September 15,2003 

Dr. Mario G. Beruvides 
Dr. Roman Taraban 
Ms. Juin-Yin Jian 
Ind Engr 
MS 3061 

RE: Project: 02571 A Theoretical Development and Analysis of Mental Leaming Curve 

Dear Dr. Beruvides: 

The Texas Tech University Committee for the Protection of Human Subjects has approved your 
amendment consent form. This approval is effective until October 31,2003. You will be 
reminded of the pending expiration approximately six weeks before your approval expires so that 
you may request an extension if you wish. 

The best of luck on your project. 

Sincerely^ 

Richard P. McGlynn, Chan-
Protection of Human Subjects Coimnittee 

An EEO /Affirmative Action Institution 
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A P P E N D I X c . 2 

P R O L O G U E S A N D C O N S E N T F O R M 

Experiment A 

The goal of this experiment is to examine mental learning processes and cognitive 

problem-solving processes. It comprises one experimental session in solving computer-based 

jigsaw puzzles. The session will last a maximum duration of three hours in solving 20 puzzles 

with frequent breaks between trials. Before the experimental session, you will be asked to 

complete a questionnaire, which should take you about 3-5 minutes. All answers are voluntary. 

You can withhold any information that you do not wish to disclose and that you do not wish to 

answer. After completing the questionnaire, you will enter a pre-experimental training session. 

Activities during the entire experimental session will be videotaped. All data collected in 

this study will be kept anonymous and confidential. Your data will be identified only by a number, 

known only by the researchers. No unauthorized individuals will have access to any data and 

any materials connecting you with specific data. Please read the consent form, follow the 

instruction by the experimenter, and thank you for helping our research by completing the 

experiment. 

Experiment B 

The goal of this experiment is to examine mental learning processes and cognitive 

problem-solving processes. It comprises one experimental session in repetitively solving one 

computer-based jigsaw puzzle. The session will last a maximum duration of three hours in 

solving the puzzle with frequent breaks between trials. Before the experimental session, you will 

be asked to complete a questionnaire, which should take you about 3-5 minutes. All answers are 

voluntary. You can withhold any information that you do not wish to disclose and that you do not 

wish to answer. After completing the questionnaire, you will enter a pre-experimental training 

session. 

Activities during the entire experimental session will be videotaped. All data collected in 

this study will be kept anonymous and confidential. Your data will be identified only by a number, 

known only by the researchers. No unauthorized individuals will have access to any data and 

any materials connecting you with specific data. Please read the consent form, follow the 

instruction by the experimenter, and thank you for helping our research by completing the 

experiment. 
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CONSENT FORM 

I hereby give my consent for my participation in the project entitled: An Analysis and Theoretical 
Development of Mental Learning Curve. I understand that the person responsible for this project 
is: Dr. Mario Beruvides (806) 742-3543. He or his authorize representative has explained that this 
study has the following objective: Investigate high-level cognitive structures, and mental learning 
and problem solving processes. They have explained me the procedures employed in this study 
including a colorblindness test, questionnaires, and computer-based jigsaw puzzle solving tasks. 
They have also explained me possible risks of physical discomforts on wrists using computer 
mouse or keyboard, and eye tiredness due to a computer visual display terminal, and I will be 
provided breaks among trials during the experiment. I understand that I am not to perform any 
activity that I feel is unsafe or that I would not routinely perform. If I feel that, any of the activities 
might be to stressful, I will inform the researchers and discontinue participation. The benefits of 
this experiment are expected to help improve the design of tasks and trainings for knowledge 
workers, and identify strategy utilization and problem space in puzzle solving. 

It has further been explained to me that the total duration of my participation will be approximately 
three to four hours for the entire experiment; that unauthorized personnel will not have access to 
the records and/or data collected for this study; and that all data associated with this study will 
remain strictly confidential. I also understand that my participation is voluntary, which means that I 
will not receive any monetary compensation for my participation 

Dr. Mario Beruvides or his representative has agreed to answer any inquiries I may have 
concerning the procedures of the study and has informed me that I may contact the Texas Tech 
University Institutional Review Board for the Protection of Human Subjects by writing to them in 
care of the Office of Research Services, Texas Tech University, Lubbock, TX 79409 or by calling 
(806) 742-3884. 

If the experiments cause any physical injury to participants in this study, treatment is not 
necessarily available at Texas Tech University or the Student Health Center, nor is there 
necessarily any insurance carried by the University or its personnel applicable to cover any such 
injury. Financial compensation for any such injury much be provided through the participant's own 
insurance program. Further information about these matters may be obtained from Dr. Robert M. 
Sweazy, Senior Associate Vice President for Research, 742-3884, Room 203 Holden Hall, Texas 
Tech University, Lubbock, Texas 79409-1035. I understand that I may not derive therapeutic 
treatment from participation in this study. I understand that I may discontinue this study at any 
time I choose without any penalty. 

I also certify that I am (please check one): 18 years of age or older 

under 18 and have presented the appropriate r 1 
Parental consent form to the experimenter j | 

Experimenter's 
verification here 

Signature of Participant Date 

Signature of Project Director or his Authorized Representative Date 
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QUESTIONNAIRE 

The following questions ask about your experience and thoughts regarding 

puzzle solving. Answer as accurately as possible. 

1. Have you played jigsaw puzzles before? 
D Yes 
• No (please go to question 5) 

6. When was the last time you solved a 
computer-based jigsaw puzzle? 

2. When was the last time you solved a jigsaw 
puzzle? 

7. How many computer-based jigsaw puzzles 
have you solved? Please estimate. 

3. How often do you play jigsaw puzzles? 
• Once a day 
• Once a week 
• Once a month 
• Once a year 
• Other (please specify) 

8. How often do you play computer-based 
jigsaw puzzles? 

• Once a day 
• Once a week 
• Once a month 
• Once a year 
• Other (please specify) 

4. How many jigsaw puzzles have you solved? 
(Please estimate) 

5. Have you played jigsaw puzzles on a 
computer before? 

n Yes 
• No (please go to question 9) 

9. Do you like to solve problems, such as 
working on puzzle solving tasks? (Circle 
one). 

Not 
at all 
1 | 2 lA 

Enjoy 
very much 
6 | 7 

10. Please list all strategies you can use to 
solve a jigsaw puzzle. 
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APPENDIX c.3 

GENERAL INSTRUCTION - PRE-EXPERIMENT SESSION 

In the pre-experiment session, please use the provided computer mouse in solving a 

jigsaw puzzle. Please select only those options instructed to you as shown in the following 

figures. Please familiarize yourself with the program. 

Program functions 

1. Close/open picture window - Click "picture" option (turning into color of yellow when 

the pointer hovers on top) on the function panel in the playroom or the cross key on 

the top-right corner of the picture window (Figure C.I). 

2. Minimizing/Maximizing picture window - Click the down-arrow key on the picture for 

minimizing; an upper-arrow key will appear for maximizing when the window is 

minimized (Figure 0.1). 

3. Zoom-In/Out the picture - Click the squares on the bar at the bottom of the picture 

window (Figure 0.1). 

4. Left-Click on mouse - Left-click the mouse on a puzzle piece and release the mouse 

to move the piece, which will stand out on the screen (Figure C.2). 

5. Right-Click on mouse - A left-click on a puzzle piece and followed by a right-click to 

rotate the piece clockwise (Figure C.3). 

Ejjssmsissm wmBssEmsa 

Figure C.I. Picture options. 
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mssKSEmsi 

Figure C.2. Left-click option. 

U^SHSISHSBM HLiyBUUJMIiia 

Figure C.3. Right-click option. 

6. Group selection - Several puzzle pieces can be selected at one time by left-clicking 

the mouse and virtually drawing a rectangular shape in dashed line (Figure C.4). 

Those selected puzzle pieces will turn into color of red. 

7. Matching pieces - When two puzzle pieces are found matching, left-click the mouse 

(Figure C.5). You should see a matching notion along with an auditory feedback. 

8. Timer setting - As soon as you enter the playroom, the timer embedded in the 

computer program will start. You will be provided feedback when you complete the 

puzzle. 
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Figure C.4. Group selecting option. 

U^fSSSSBSSSBM m^WMitMrn 

Figure C.5. Matching pieces. 

Verbalizinc vour thoughts 

During each experimental trial, please try to verbalize your thoughts as precisely as 

possible in solving puzzles. Do practice this task during this pre-experiment session. 

Short breaks 

Between experimental trials, you are allowed to take a short break. You can stand up, 

stretch your body, walk around inside the laboratory, or go to the restroom. Videotape will be 

stopped during the breaks. If you have any questions, please ask the experimenter during this 

time. If you decide to discontinue the experiment, please inform the experimenter now. When 

you are ready to begin the experimental trials, please inform the experimenter. As a reminder, 

please sign the sigh-out sheet before you leave. Thank you very much for your participation. 
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APPENDIX C.4 

EPILOGUE 

The goal of the questionnaire alms to gather your judgment with regard to the 

puzzle solving task. Additionally, your demographic information will also be collected. It 

should take you about 5-10 minutes to complete this questionnaire. All answers are 

voluntary. You can withhold any information that you do not wish to disclose and that 

you do not wish to answer. 

All data gathered in this questionnaire will be kept anonymous and confidential. 

Your data will be identified only by a number, and known only by the experimenter. No 

unauthorized individuals will have access to any data, or any material connecting you 

with specific data. All demographic information and data will be destroyed after the 

analysis has been completed. 

Questions are as follows: 

1. Please list all the strategies you used to solve the jigsaw puzzles in this experiment. 

2. You might have modified your puzzle-solving strategies during this experiment, or 
you may have acquired new strategies. To the best of your ability, describe strategy 
changes and new strategies that you acquired. Indicate when (e.g., "on first puzzle") 
you changed or acquired a strategy. 

3. For each change on new strategy described for Question#2, try to explain why you 
changed to strategy or looked for a new strategy. 
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QUESTIONNAIRE 

The following questions ask about your experience and thoughts about puzzle solving. 
Answer as accurately as possible. 

1. What is your class level? D Freshman 

• Sophomore 

D Junior 

D Senior 

D Graduate 

D Other (Please specify) 

2. What is your major? Please specify. 

3. Do you enjoy solving puzzles? 
(Circle one) Not Enjoy 

at all very 
much 

1 2 3 4 5 6 7 

4. How do you rate yourself as a puzzle solver? 
(Circle one) No 

Experience Experienced 
1 2 3 4 5 6 7 

5. How old are you? D under 20 

0 21-25 

D 26-30 

0 31-35 

O 36-40 

0 40+ 

6. What is your gender? O Male 

D Female 
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APPENDIX D 

CONTENT ANALYSIS: SAMPLE VIDEO 

TRANSCRIPTS, KEYWORDS, AND 

EXPRESSIONS 
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Participant 1 
Trial 5 
This is building (tall brown one at the 
right) over here, so I am gonna just put 
pieces together on the side, 
[pause] 
Are these supposed to turn red like 
that? Or...? 
[Experimenter: That's okay. If you select 
somewhere else it will return to normal.] 
Oh, okay. 
This one (sky) fits somewhere here, 
[pause] 

Trial 13 
I think I'll probably just start with the 
concrete (lower right corner) there, and I 
got this bluish building (pyramid) here, 
mm... we got more prints (museum 
building) here. 
[pause] 
... and blue sky..., and people on the 
bottom. 
[pause] 

Trial 15 
I'll start this one with the trees over here, 
and the water, lawn. 
[pause] 

Trial 16 
I think I'll probably just do everything in 
sequence, mm..., and get the train 
going. 
[pause] 
[clear throat] 

Trial 17 
[Experimenter: how are you gonna solve 
this?] 
Um... probably the easiest way would 
be start from ... start from up here 
(upper left corner), and try to build at 
least little borders on that, if it's all 
brown or if it's wider or taller, ..., see, 
and here, pretty big cast steel, and if I 
start area down here, ..., put the base 
together, that (the tip) goes somewhere 
in the middle, that's here, the corner is 
lighter on this side, see the blue stretch 
right here. 
[pause] 
The darker side right here... 

[pause] 
And I hope the cloud are all in different shapes 
and size. 
[pause] 

Trial 18 
I stayed up too late last night. This one I'm just 
gonna set around the most primary object (the 
clock), I'm gonna just work all the way up from 
there. 
[pause] 

Trial 19 
Let's see... uh... I got that. Start from this right 
here (the middle), waters are at the bottom, sky 
above. 
[pause] 
This one right here 
[pause] 

Participant 2 
Trial 3 
... on the corners and corners, then put my 
borders together, 
[pause] 
Okay... 
[pause] 
And here are similar things but change their 
shapes, 
[pause] 
Right now I am just matching the shapes in blue, 
[pause] 
Alright 
(start fill in the middle) [pause] 

Trial 7 
I am kind of learning the screen and group in 
one spot now. Get my corners over here (lower 
right), and borders over here (middle left). 
[pause] 
Okay, flowers first, sky 
[pause] 

Trial 11 
Okay. 
[pause] 
Okay., (after grouping) 
[pause] 
Right here I am looking at the green that 
whatever that is stone... 
[pause] 
The same thing (on right border)... not that 
one... here... okay... 
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[pause] 
Put this there...I'm looking at the hands 
on this one... could look at, the 
numbers... that is 3... 
[pause] 

Trial 12 
... the stuff match the key below the 
bottom... 
[pause] 
This is going easy... this here... 
[pause] 
Okay, I am stick with the pink, match the 
colors... 
[pause] 

Trial 13 
The waters here... 
[pause] 
(murmuring)... okay., looking at the 
background that fitting there... and the 
sky... half of that tower... there... 
there...looking at these pink going into 
the water... 

Trial 14 
Changing shift... 
[pause] 
Floor, sidewalk... 
[pause] 
(saying something in his mouth)... 
bicycle... 
[pause] 
I can tell the tree is getting thicker... 
stick with the same color... try again... 
okay, that's window... and here... 

Participant 3 
Trial 2 
[Experimenter: try the best you can] 
I would say like, um, verbalize you said 
is like pretty much, um, describing 
"I put it like this?" 
[yeah, that's good] 
This one is a little smaller than the one 
on ads okay, the way I do jigsaw 
puzzles starts like every single one I 
start with the edges like outside, and 
just kind of work my way inside, and 
sometimes I'll do certain section like this 
(sky), you know, like I won't always just 
like do the first, um, I won't do like one 
section, um, and do second section and 

stuff, ..., I was gonna, um, this one here, and 
this here okay and this, ..., ya okay, 

[clear throat] 
There you go, and once I have the outside, I just 
sort of take the rest of the other pieces and sort 
them and fit them in, and sometimes I'll start at 
low, sometimes I'll start at high, just whatever I 
think, you know, it was a good fit, just try the 
best way to do a puzzle like any others, you 
know, the green one, ops... there you go. 

Trial 3 
Haha.. time square huh, there you go, I've 
actually been there, not that I want to but, ..., 
there you go, and maybe 90% of the time I'll 
start with corner pieces I'll find all the corners 
and kind of, solve it from there, and, well, like 
the main thing I guess, I can say start solving a 
puzzle for me is, um, if I see anything that fits 
almost immediately, um, almost perfect, then I'll 
try to put those together and then, um, I'll see if 
it fits corner pieces and then just add on to the 
side and all that, so I think that's probably, um, 
the best way to start a puzzle. I mean some 
people like to work on the inside, some like to 
start a sections, I like to do that too. But the best 
way to do it for me is, um, just start the outside 
first. Okay, ..., let me see. 
[murmuring] 
Where is my edge? Ha, there it is. Okay, and 
this one ..., [chiu-chiu sound, clear throat], not 
there, arh, there we go, ya, let me try this, 
alright. 

Trial 5 
This one here, ops, this one, um..., I think it's 
here, I don't think that would fit, oh alright, I got 
all the vertical ones (building) and four of them 
going up, and then, ..., it's a comfortable mouse 
pad, alright this must be a side one, and this 
goes here, alright (start inside), ya that's what 
I'm thinking (fit one), ..., this one is a little more 
challenging, ... and finally. 

Trial 6 
This one is on this. On computer-based puzzles, 
like, depending on how many pieces are I 
usually put all the pieces on one corner, and 
then I was sort of, you know, taking them out of 
there, solve flat pieces first, of course. And I'll do 
that. And, start to work my way in. And that goes 
in here (side piece). ... and there are some 
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computer-based puzzles that will, um, 
they will put pieces in a certain area, but 
they won't connect, they will stay right 
there, because that's where they are 
supposed to be, so that's kind of, um, I 
thought, one of these would be the 
case, but, it's just like (something) out 
there and I'll just put them in the wrong 
place, something like that. Yeah. Let's 
see. There you go. 
[laugh] 
I am saying things like this I mean, 
anyone can do this. I think. It's a good 
thing too. You want to do something one 
is good at not necessary one is not good 
at, you know. A puzzle like this only that 
has one design is usually a little bit 
easier. Because you are working with 
one (set) instead of 3 or 4 or even 5 
sometimes, you know. 

Trial 7 
Okay, let's go with that one. It's got the 
numbers going horizontal, so it's gonna 
be a little longer. A little bit longer on the 
bottom. That is up here. Hun, I guess it's 
up here. Oh, yeah it's here. Okay, oh 
here it is. I was looking for this one. 
Yeah. This one is not very tough though. 
Not to say they are not fun, but you 
know, puzzles can be fun, and I've done 
for many years. The last one shows me 
that I haven't lost my touch, you know. 
So I can still do it fairly quickly. It's not 
too good. That goes there. That goes 
there. Ops. The very first puzzle I did 
was actually a puzzle of the united 

states. The east part about that was all the 
states are (staged) you know. But the outside is 
kind of like this. So, but I solved it when I was 
really young, I didn't exactly know where the 
states were and all that. I did now. ... now there 
it is. 

Trial 10 
It's easy but it's different. Difference is good. 
Now..., that piece behind it, now there it is.... 
okay. 
[chatting with the experimenter] 
Is that a spider web? No, it's not a spider web. 
That's something else (the triangle). 

Trial 11 
[humming] 
Okay, there you go. Ops. Okay, I'm gonna start 
with the corner side. Oh, the other way (the blue 
sky side), of course. It goes there, that goes 
there, and that there. There you go. 
[yawning] 
[humming] 
There we go. 

Trial 17 
This is gonna be tough. 
[chatting with the experimenter] 
Okay. Ah, I see, this one goes this way, this one 
goes here. And... okay. The sky pieces... 
alright. 

Trial 18 
This goes there. And this here. 
[humming] 
Umm... that isn't... (solve) the sky pieces, 
mm.... 
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KEYWORDS OR STRATEGIES 

Strategies were identified by participants in pre-questionnaires and are 

summarized in the following table. 

Table D.I. Keywords from pre-questionnaire. 

KEYWORD 

Attention/Focus 
Border (edge) 
Color 
Comparison 
Corner 
Deduction/Deductive reasoning 
Duplicates 
Elimination 
Find quickest way 
Grouping 
Image analysis 
Just see what fits 
Line up each piece 
Logic 
Luck 
Memorization 
Middle pieces first 
Patience/Calm 
Placement skill 
Plan 
Position/Location 
Put pieces face up 
Random pining 
Segmentation 
Shape 
Size/Orientation 
Spatial orientation 
Theme/Texture/Pattern 
Think/Study/Analyze 
Trial-and-Error 
Unique/Dominant feature 
VisualizationA/isual Association 

ELABORATED 
BY PARTICIPANT 

3 
72* 
61 
1 

20 
3 
1 
3 
1 
8 
1 
3 
1 
1 
2 
4 
3 
3 
1 
1 
1 
2 
4 
9 
39 
2 
1 

25 
7 
23 
8 
8 
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SAMPLE VERBAL EXPRESSIONS 

Expressions were classified into three categories: positive, neutral, and negative. They 

are also grouped in terms of participants' articulations. 

Table D.2. Manner of expression. 

POSITIVE NEUTRAL NEGATIVE 
Ah, I know why. Ah! Ah, I slowdown! 
Ah, it's this one. 

Ah, that's right. 

Ah, there you are. 
Don't tell me this one will fit 
here. 

Come on, man. 

Completely lost. 

Ah-ha! I don't know. 
Okay. I got confused now. 

Hey now! 
i am lost. 

Something's missing, 
see. 

ah. Ney. 

I'm determined. Op^ 

I'm getting into the zone now. Shush 

I can feel this trial is not as 
good. 
i can't get this! 
I couldn't find my corner. The 
compujer deceived me. 

I'm getting warmed up. That's interesting. No! 
There you go. That's not it. No, go back. 
There, there, there. This is so fit! Oh man. 
This is probably here. Um. Oh my gosh. 
Well, then. 
Yeah. 

Where do y_OLLgo?_ 
Where is this one? 

Oh, crap. 
Shoot. 

Where's the piece? 
Why didn't I see that? 

That gets on my nerve. 
There you are, you bastard. 

Yeah, I tried that one. Oh, I messed up. 
It's weird. 
Oh, what the hack! 

Table D.3. Classifications of expressions. 

BOREDOM/MOTIVATION BREAK VERBALIZATION 

At first it was interesting, but 
later it was just another trial. 

Come on, what's wrong with 
me? I'm not taking breaks 
anymore. 

Look at shape. 

Everything is about 
competition. 

I'll forget if I take a break. 
Look at the size of the 
shapes... these... yup. 

I want to find a strategy that 
works first. 

That's why. I didn't do my 10-
trial break thing. 

Memorize from the previous 
one. 

I want to keep it consistent. 
I was bored, so I set a goal to 
compete my record. 

No, that's not where it goes. 
Now the puzzle is hiding my 
pieces. 
Okay memory 
Okay, I like this layqut. 
Once I get the 4, the other 
side is^^ 
Sky... house. 
What was I saying? 
I remember their orientations. 
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More expressions are summarized 

"i count number of piece, rotate pieces' 
orientation in mind before actually picking it 
up." 

"I count there're 8 pieces for inside." 

"I didn't check the image that often on same 
puzzles, I just try." 

"I don't know why I keep remembering this 
one, there's nothing distinct about it but 
when I see it I know where it goes." 

"I don't know. You kind of can see the little 
knobs." 

"I forgot my pattern." 

"\ guess I put them together in different way 
every time." 

"1 guess these 2 go together." 

"I had it backward!" 

"I have to solve it in a certain way." 

"I memorize some small pieces. And once I 
get the edge done, it's easy to fill inside." 

"I really don't have a method." 

"I think I malfunction [sic] my problem-
solving skill." 

"I think your timer is broken." 

"I thought I have ADD." 

"I thought I was going to conquer." 

"1 try to memorize and do it again and 
again.'' 

"I used colors to solve." 

"I usually try to separate the edge pieces to 
see better." 

"I'm angry because I cannot get pieces do 
what I want." 

"I'm feeling like I miss some pieces, I don't 
know why." 

"I'm going back to my old strategy again." 

"I'm going crazy." 

"I'm gonna have a way to handle this thing." 

"I'm gonna look at the size and see how they 
fit." 

in the following. 

"I'm not sure what I'm going to do." 

"I'm totally off this one." 

"If I cannot find my corner, I can't do it." 

"It all depends on whether I can see the 
beginning pieces to start with." 

"It looks like a fit but I'm not sure." 

"Now all pieces don't make sense to me, I 
lost it." 

"Organize my pieces again." 

"Oriented pieces" 

"Start to look at the pattern such as the 
beady opening." 

"Start with corners." 

"That piece messes me up!" 

"That's the way I read puzzles." 

"The only difficult part is the rotation and 
tried not to think about it too much." 

"The oval shape helps me to put them in the 
right orientation." 

"The piece goes in there, this pieces goes in 
there." 

"There, 2 pieces go together." 

"There's an easy reference point, either sky 
or water." 

"There's nothing to go by, just trying to 
guess." 

"They're all crooked!" 

"Weird shape" 

"What am I doing?" 

"What's going on?" 

"When I saw the sky pieces, I know those go 
to the top." 
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APPENDIX E 

PSEUDOISOCHROMATIC ISHIHARA PLATES 

AND PUZZLE IMAGES 
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The Ishihara set employed in the study consists of 1 demonstration plate 

and 14 test plates. Participants who had color deficiency were dismissed in the 

proposed experiment. If participants pass the color blindness test, the 

experiment began. 

Table E.I. Attributes of Ishihara plates. 

PLATE 
NUMBER 

1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 

1 VISION 
NORMAL 

12 
^ 6 

42 
56 
57 
75 
5 
3 

56 
27 
89 
86 
15 
74 
47 

RED-GREEN 
12 
5 

Nothing 
Nothing 

35 
Nothing 

2 
5 

Nothing 
Nothing 
Nothing 
Nothing 

17 
21 

Nothing 

TOTAL 
12 

Nothing 
Nothing 
Nothing 
Nothing 
Nothing 
Nothing 
Nothing 
Nothing 
Nothing 
Nothing 
Nothing 
Nothing 
Nothing 
Nothing 

•» 
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PUZZLE IMAGES 

For Experiment A: 

m-Mi^Mm 

For Experiment B, the monochrome puzzle and typical puzzle images: 
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APPENDIX F 

SAS CODINGS 
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Experiment A: Repeated measures for learning process 
*** Repeated Measures ANOVA Analysis ***; 
*** for ar(1) covariance structure ***; 
options pageno=1; 
proc mixed data=Sasuser.A; 

class SUBJECT TRIAL PUZZLE; 
model TIME = TRIAL PUZZLE PUZZLE*TRIAL / ddfm=satterth htype=3; 
repeated TRIAL / sub=SUBJECT type=ar(1); 

run; 

Experiment A: Repeated measures for gender differences 
*** Repeated Measures ANOVA Analysis ***; 
*** for ar(1) covariance structure ***; 
options pageno=1; 
proc mixed data=SASUSER.a; 

class SUBJECT TRIAL GENDER; 
model TIME = TRIAL GENDER GENDER*TRIAL / ddfm=satterth htype=3; 
repeated TRIAL / sub=SUBJECT(GENDER) type=ar(1); 

run; 

Experiment A: Two sample paired t test for pleasantness 
*** paired t test of a mean ***; 
data work._pairedt; set Sasuser.AJoy; 

where J0Y_B4 is not missing and JOY_AF is not missing; 
_dif = Joy_B4 - Joy_Af; 

run; 
proc means noprint data=work._pairedt; 

var Joy_B4 Joy_Af _dif; 
output out=work._ht2pt n=_n1-_n3 mean=_mean1-_mean2 std=_std1-_std2 

stderr=_stderr1 -_stderr2 var=_var1 -_var3; 
title 1 

"Two Sample Paired t-test for the Means of Joy_B4 and Joy_Af'; 
run; 

data work._2ptstat; 
set work._ht2pt end=_eof_; 
length _val1 _val2 $ 32; 
_val1 = "Joy_B4"; _val2 = "Joy_Af'; 

* — calculate t test and probability — ' ; 
_df_ = _n3-1; _totn_ = _n3; 
if _var3 > 0 then 

_t_ = (_mean1 - _mean2 - 0) / sqrtLvar3/_n3); 
0|g0 \ = • 
if _t_~>'999'9.999 then _t_ = 9999.999; 
if _t_ ne . then 

_prob_ = probt(_t_ ,_df_); * one-tailed probability *; 
else _prob_ = .; 
file print; 
grplen = max(length(_val1),lengthLval2)); 
if grplen < 10 then grplen = 10; 
if grplen > 32 then do; 

grplen = 32; 
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_val1 =substr(_val1,1,32); 
_val2 = substr(_val2,1,32); 
end; 

* — print results — "; 
dashes = repeat('-',grplen+42+length('Std. Error')-(10-1)-2)-
put // @5 'Sample Statistics'// 

@10 'Group' @grplen+15 'N' @grplen+22 'Mean' 
@grplen+30 "Std. Dev.' @grplen+42 "Std. Error'; 

put @10 dashes; 
put@10_val1 @grplen+11 _n1 5. @grplen+18 _mean1 best8. 

@grplen+32_std1 bestO. @grplen+45 _stderr1 best6.; 
put @10 _val2 @grplen+11 _n2 5. @grplen+18 _mean2 bests 

@grplen+32 _std2 best6. @grplen+45 _stderr2 best6.; 
put // @5 'Hypothesis Test' // 

@10'Null hypothesis:' 
@30 "Mean of (Joy_B4 - Joy_Af) => 0"/ 
@10'Alternative:' 
@30 "Mean of (Joy_B4 - Joy_Af) < 0" /; 

put @15 't Statistic" @32 "Df @40 'Prob > VI 
@15 33*'-'/ 
@15 _t_ 8.3 @28 _df_ 6. @40 _prob_ pvalue7.4; 

run; 
titlel; 
proc datasets library=work nolist; delete _ht2pt _pairedt; run; 

Experiment A: Repeated measures for expertise 
*** Histogram ***; 
goptions ftext=SWISS ctext=BLACK htext=1 cells; 
symbol v=SQUARE c=BLUE h=1 cells; 
proc univariate data=Sasuser.A_demo vardef=N noprint; 

var EXPERTISE; 
histogram / caxes=BLACK cframe=CXF7E1C2 waxis= 1 

cbarline=BLACK cfill=CX808080 pfill=L3 
vscale=count hminor=0 vminor=0 
name='HIST' 
midpoints = 1 to 7 by 1 

run; 
symbol; 
goptions flext= ctext= htext=; 

Experiment B(monochrome): Repeated measures for learning 
*** Repeated Measures ANOVA Analysis ***; 
*** for ar(1) covariance structure ***; 
options pageno=1; 
proc mixed data=_PROJ_.STACK0; 

class SUBJECT TRIAL; 
model TIME = TRIAL / ddfm=satterth htype=3; 
repeated TRIAL / sub=SUBJECT type=ar(1); 

run; 
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Experiment B(monochrome): Repeated measures for gender differences 
*** Repeated Measures ANOVA Analysis ***; 
*** for ar(1) covariance structure ***; 
options pageno=1; 
proc mixed data=Sasuser.Ba; 

class SUBJECT TRIAL GENDER; 
model TIME = TRIAL GENDER GENDER*TRIAL / ddfm=satterth htype=3; 
repeated TRIAL / sub=SUBJECT(GENDER) type=ar(1); 

run; 

Experiment B(monochrome): Two sample paired t test for pleasantness 
*** paired t test of a mean ***; 
data work._pairedt; set Sasuser.Bademo; 

where J0Y_B4 is not missing and JOY_AF is not missing; 
_dif = JOY_B4 - JOY_AF; 

run; 
proc means noprint data=work.j3airedt; 

var JOY_B4 JOY_AF _dif; 
output out=work._ht2pt n=_n1-_n3 mean=_mean1-_mean2 std=_std1-_std2 

stderr=_stderr1 -_stderr2 var=_var1 -_var3; 
titlel 

"Two Sample Paired t-test for the Means of JOY_B4 and JOY_AF"; 
run; 

data work._2ptstat; 
set work._ht2pt end=_eof_; 
length _val1 _val2 $ 32; 
_val1 = "J0Y_B4"; _val2 = "JOY_AF"; 

* — calculate t test and probability — '; 
_df_ = _n3-1; _totn_ = _n3; 
if_var3 > 0 then 

_t_ = (_mean1 - _mean2 - 0) / sqrtLvar3/_n3); 
g|3g { = • 
if _t_'V9999.999 then _t_ = 9999.999; 
if _t_ ne . then 

_prob_ = (1-probt(absLt_ ),_df_))*2; ' two-tailed probability'; 
else_prob_= .; 
file print; 
grplen = max(length(_val1),length(_val2)); 
if grplen < 10 then grplen = 10; 
if grplen > 32 then do; 

grplen = 32; 
_val1 =substr(_val1,1,32); 
_val2 = substr(_val2,1,32); 
end; 

• — print results — '; 
dashes = repeat('-',grplen+42+length('Std. Error')-(10-1)-2); 
put // @5 'Sample Statistics'// 

@10 'Group' @grplen+15 "N" @grplen+22 'Mean' 
@grplen+30 'Std. Dev.' @grplen+42 'Std. Error'; 

put @10 dashes; 
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put @10_val1 @grplen+11 _n1 5. @grplen+18 meant bests. 
@grplen+32_std1 best6. @grplen+45 _stderrl best6 • 

Put@10_val2@grplen+11_n2 5.@grplen+18_mean2'best8. 
@grplen+32 _std2 best6. @grplen+45 stderr2 best6 • 

put // @5 "Hypothesis Test' // 
@10 "Null hypothesis:' 
@30 "Mean of (JOY_B4 - JOY_AF) = 0"/ 
@10 "Alternative:" 
@30 "Mean of (J0Y_B4 - JOY_AF) "= 0" /; 

put @15 "t Statistic" @32 "Df @40 "Prob > t"/ 
@15 33*'-"/ 
@15 _t_ 8.3 @28 _df_ 6. @40 _prob_ pvalue7.4; 

run; 
titlel; 
proc datasets library=work nolist; delete _ht2pt _pairedt; run; 

Experiment B(monochrome): Repeated measures for expertise 
*** Histogram ***; 
goptions ftext=SWISS ctext=BLACK htext=1 cells; 
symbol v=SQUARE c=BLUE h=1 cells; 
proc univariate data=Sasuser.Ba_demo vardef=N noprint; 

var EXPERTISE; 
histogram / caxes=BLACK cframe=CXF7E1C2 waxis= 1 

cbarline=BLACK cfill=CX000000 pfill=L3 
vscale=count hminor=0 vminor=0 
name='HIST" 
midpoints = 1 to 7 by 1 

run; 
symbol; 
goptions ftext= ctext= htext=; 

Experiment Bftvpical color): Repeated measures for learning 
*** Repeated Measures ANOVA Analysis ***; 
*** for ar(1) covariance structure ***; 
options pageno=1; 
proc mixed data=Sasuser.Bb_stack; 

class SUBJECT EXPERTISE TRIAL; 
model TIME = EXPERTISE TRIAL EXPERTISE*TRIAL / ddfm=satterth htype=3; 
repeated TRIAL / sub=SUBJECT type=ar(1); 

run; 

Experiment B(tvpical color): Repeated measures for gender differences 
*** Repeated Measures ANOVA Analysis ***; 
*** for ar(1) covariance structure ***; 
options pageno=1; 
proc mixed data=_PROJ_.STACK0; 

class SUBJECT TRIAL GENDER; 
model TIME = TRIAL GENDER GENDER*TRIAL / ddfm=satterth htype=3; 
repeated TRIAL / sub=SUBJECT(GENDER) type=ar(1); 

run; 
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Experiment B(tvpical color): Two sample paired t test for pleasantness 
*** paired t test of a mean ***; 
data work._pairedt; set Sasuser.Bb_demo; 

where J0Y_B4 is not missing and JOY_AF is not missing; 
_dif = J0Y_B4 - JOY_AF; 

run; 
proc means noprint data=work._pairedt; 

var J0Y_B4 JOY_AF _dif; 
output out=work._ht2pt n=_n1-_n3 mean=_mean1-_mean2 std=_std1-_std2 

stderr=_stderr1 -_stderr2 var=_var1 -_var3; 
titlel 

""Two Sample Paired t-test for the Means of JOY_B4 and JOY_AF"; 
run; 

data work._2ptstat; 
set work._ht2pt end=_eof_; 
length _val1 _val2 $ 32; 
_val1 = ""J0Y_B4"; _val2 = ""JOY_AF"; 

* — calculate t test and probability — *; 
_df_ = _n3-1; _totn_ = _n3; 
if _var3 > 0 then 

_t_ = (_mean1 _mean2 - 0) / sqrt(_var3/_n3); 
else _t_ = .; 
if J _ > 9999.999 then _t_ = 9999.999; 
if _t_ ne then 

_prob_ = probt(_t_ ,_df_); * one-tailed probability'; 
else _prob_ = .; 
file print; 
grplen = max(lengthLval1),lengthLval2)); 
if grplen < 10 then grplen = 10; 
if grplen > 32 then do; 

grplen = 32; 
_val1 =substrLval1,1,32); 
_val2 = substr(_val2,1,32); 
end; 

* — print results — *; . , . „ .x ox 
dashes = repeat("-",grplen+42+length('Std. Ermr)-(10-1)-2); 
put // @5 "Sample Statistics"// 

@10 "Group" @grplen+15 "N" @grplen+22 "Mean" 
@grplen+30 "Std. Dev." @grplen+42 "Std. Error"; 

put @10 dashes; . u *Q 
put@10_val1 @grplen+11 _n1 5. @grpien+18_mean1 bests. 

@grplen+32 _std1 best6. @grplen+45 _stderr1 best6.; 
put @10 _val2 @grplen+11 _n2 5. @grplen+18 _mean2 bests. 

@grplen+32 _std2 best6. @grplen+45 _stderr2 best6.; 
put // @5 "Hypothesis Test" // 

@10"Null hypothesis:' 
@30 "Mean of (J0Y_B4 - JOY_AF) => 0""/ 
@10'Alternative:' 
@30 "Mean of (J0Y_B4 - JOY_AF) < 0" /; 
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put @15 't Statistic" @32 'Df @40 'Prob > t"/ 
@15 33*"-"/ 
@15 _t_ 8.3 @28 _df_ 6. @40 _prob_ pvalue7.4; 

run; 
titlel; 
proc datasets library=work nolist; delete _ht2pt pairedt; run; 

Experiment B(tvpical color): Repeated measures for expertise 
*** Histogram ***; 
goptions ftext=SWISS ctext=BLACK htext=1 cells; 
symbol v=SQUARE c=BLUE h=1 cells; 
proc univariate data=Sasuser.Bb_demo vardef=N noprint; 

var EXPERTISE; 
histogram / caxes=BLACK cframe=CXF7E1C2 waxis= 1 

cbarline=BLACK cfill=CXOOOOOO pfill=L3 
vscale=count hminor=0 vminor=0 
name="HIST" 
midpoints = 1 to 7 by 1 

run; 
symbol; 
goptions ftext= ctext= htext=; 

Experiment B: Comparisons 
data expb; 
input Session Subject t i t2 t3 t4 t5 t6 7 8 9 

tlO t11 t12 t13 t14 t15 t16 t17 t18 t19 t20 
t21 t22 t23 t24 t25 t26 t27 t2S t29 t30; 

datalines; 
infile 
run; 

data expb; 
infile "(c:\My Documents\DissertationV\nalysis\expb.txt); 

input Session Subject t i t2 t3 t4 t5 
t io t11 t12 t13 t14 t15 t16 
t2l t22 t23 t24 t25 t26 t27 

run; 

data expb2 (keep=session subject t time); 
set expb; 
if session = 2 then subject = subject + 50; 
array ttt[*] t i -130; 
do t = 1 to 30; 

time = ttt[t]; output; 
end; 

run; 

goptions reset = all; 
proc gplot data = expb2; 

plot time*t = subject 
/vaxis = 0to1500by100; 

plot2 time*t = session 
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t6 
t17 
t2S 

t7 
t1S 
t29 

ts 
t19 
t30; 

t9 
t20 

file://c:/My
file://Documents/DissertationV/nalysis/expb.txt


/vaxis = 0to 1500 by 100; 
symboll v=none repeat=100 i=join color=cyan; 
symbol2 v=none i=sm50s color=black wldth=3 line=1; 
symbols v=none i=sm50s color=black width=3 line=3; 

run; 
quit; 

data timel time2; 
set expb2; 
by subject; 
retain base_time; 
if first.subject then do; basetime = time; output timet; end; 
if not first.subject then do; chng_time = time - basetime; output time2; end; 

run; 

goptions reset = all; 
proc gplot data = timel; 

plot base_time " session 
/vaxis = 0to1500by 100; 

plot2 base_time ' session 
/vaxis = 0to 1500 by 100; 

symboll v=star color=black; 
symbol2 v=none i=sm70s color=black width=3; 

run; 
quit; 

goptions reset=all; 
proc gplot data = time2; 

plot chng_time*session 
/ vaxis = 0 to 300 by 100; 

plot2 chng_time*session 
/ vaxis = 0 to 300 by 100; 

symbol 1 v=star color=black; 
symbol2 v=none i=sm70ms color=black width=3; 

run; 
quit; 

proc mixed data = expb2; 
model time = session t t*session / solution ddfm-kr; 
repeated / type=ar(1) subject=subject r rcorr; 
title "Longitudinal Model with AR covariance structure"; 

run; 
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