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The Power curve to fit is 

! 

A + BN
"b , with 

! 

A = 0, 

! 

B =1200 , and 

! 

b = 0.5 . N 

indicates the trial numbers in integers. The R2 is 0.98, indicating a good trend between 

data and the theory. The RMSSD is 2.2, indicating a good location between data and the 

theory. It is concluded that the Power law can explain mouse users’ learning performance 

for this Dismal spreadsheet task.  

Figure 7.2 shows plots of keyboard users’ data and the Power curve. The data 

were gathered from keyboard users (n = 15) performing the Dismal spreadsheet tasks (all 

subtasks). The Power curve to fit is 

! 

A + BN
"b , with 

! 

A = 0, 

! 

B =1500 , and 

! 

b = 0.5 . The R2 

is 0.99, showing a good trend between data and the theory. The RMSSD is 2.8, indicating 

a good location between data and the theory. Like mouse users’ performance, keyboard 

users’ learning performance is well fitted to the Power law of learning.  

 

 

Figure 7.2. Comparison of the keyboard users’ data with the Power curve.  
r2 is 0.99, RMSD is 107.5, and RMSSD is 2.8. 

 

7.3.2 The ACT-R Skill Retention Model with Data 

I compared the ACT-R Skill Retention Model with human data. The model 

performance was gathered from the 15 model subjects performing the subtask 1, OPEN 

FILE, from the Dismal spreadsheet tasks. Human subjects (n = 15) also performed the 

same task the model did.  

Figure 7.3 shows plots of comparing the model with data, resulted in R2= 0.78, 

and RMSSD = 1.8. The model can predict 78% of the human learning in this specific task. 

Thus, it is concluded that the ACT-R Skill Retention Model acceptably predicted the 
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learning performance of the subtask 1 in the Dismal spreadsheet task. However, this 

result leaves challenges that how we can increase the predictability of models for human 

behavior representations.  

 

 

Figure 7.3. Comparison of the model with data. 
 

7.4 Summary of the Comparison 

The ACT-R model and its theory were tested against the human data that were 

gathered and investigated in Chapter 5. When it comes to the learning theory in ACT-R, 

the Power Law of learning gave a satisfactory comparison (i.e., a good trend and a good 

location) with the human data of a whole set of the Dismal spreadsheet tasks, r2 = 0.98 

and RMSSD = 2.2 for mouse users, and R2 = 0.99 and RMSSD = 2.8 for keyboard users. 

The first subtask of OPEN FILE was modeled in ACT-R and the model successfully 

predicted the learning performance. However, testing forgetting performance of the 

model is not able to be completed in this dissertation study due to the current scarcity of 

forgetting mechanism in ACT-R. In the human data, I found that the mean task 

completion time followed the Power Law as seen in Figure 6.16. The model was tested 

against the data, r2=0.78 and RMSSD = 1.8. I argue that this prediction for learning 

performance by the ACT-R skill retention model is quite successful and satisfactory.  
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Chapter 8  

Conclusions 
This chapter summarizes findings, contributions, implications, and future work 

arising from investigating learning and forgetting of knowledge and skills in this 

dissertation study. As noted earlier in Chapter 1, the motivating problem in my 

dissertation study is procedural knowledge and skills decay. To better understand 

learning and forgetting skills, I took two major approaches: (a) Build a cognitive model, 

and (b) Investigate learning and forgetting skills in a laboratory setting.  

Psychological experiments have been a dominant method to investigate and 

understand human behavior. Also, there has been an active development towards a 

unified theory of cognition to model human behavior. Both experimental psychology and 

cognitive modeling have tradeoffs. Psychological experiments in a field can be high-

priced and time-consuming. Thus, researchers are forced to emulate a field study inside a 

laboratory but even this lab setting experiment itself might not provide reliable results 

because of sample size. To atone for biased experimental data, I used a cognitive 

modeling to test data and theory. 

 

8.1 The Skill Retention Model in the ACT-R Architecture 

In this thesis, I explored the ACT-R architecture and its theories on cognition. The 

strength of the ACT-R architecture is to provide an ability to model and represent 

embodied cognition of humans, using various modules and buffers. 

This dissertation study found several answers to research questions. I modeled the 

first subtask (OPEN FILE) from the Dismal spreadsheet task. The model predicted 

learning performance by human participants, r2 = 0.8 and RMSSD = 1.8, even though 

finer tuning of the model is needed for much closer correspondence with human data. 

The success of modeling the first subtask can guarantee a promising success to represent 

learning behavior of the real procedural task in a cognitively plausible way. 



 164 

The skill retention model also highlights some important issues of the ACT-R 

theory and architecture: (a) limitations of direct connection to the real task environment, 

and (b) limitations of modeling skill decay.  

Modeling of skill decay requires more investigation. When it comes to modeling 

limitations of skill decay, the investigation in this dissertation confirmed the ultimate 

need to create a special module or modifications to existing modules in ACT-R to model 

skill decay. As mentioned in Chapter 3, learned production rules are not able to be 

unlearned in the ACT-R architecture. However, I explained one way to model decay of 

procedural knowledge. The current ACT-R architecture supports decay of declarative 

memory elements by the activation mechanism. Even though the activation mechanism is 

designed to explain declarative memory elements rather than procedural memory 

elements (production rules), it is possible to degrade firing of each production rule 

because procedural memory elements refer to declarative memory elements. That is, the 

activation of those declarative elements interacts with procedural knowledge. Thus, 

procedural knowledge can be primed or unprimed by activating or deactivating 

declarative memory elements. 

As mentioned in Chapter 4, cognitive models fail to interact with an external task 

environment (Ritter, Baxter, Jones, & Young, 2000), although ACT-R/PM (see Byrne, 

2001) has helped cognitive models to be equipped with perceptual/motor performance 

interacting with the environment. To enable cognitive models to perform interactive 

tasks, it is necessary for the models to have visual perception and motor action 

capabilities. These capabilities allow a cognitive model to perceive what is on the screen 

and to make some types of mouse movements.  

I attempted to resolve this problem and opened a possibility to help the ACT-R 

model to interact with a real task environment in the Emacs text editor. The theory of 

simulated eyes and hands was developed to implement ESEGMAN. All components for 

the ESEGMAN system were designed. Full implementation of the ESEGMAN system 

will be done. The ESEGMAN system can provide a continuum of real spreadsheet tasks 

between the human and the model subjects (Kim, Ritter, & Koubek, 2006). Furthermore, 

various types of cognitive models in ACT-R can be more effectively embodied to provide 

a better understanding of user behavior (Kim, Ritter, & Koubek, 2006).  
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Also, when developing the Skill Retention Model, the Spiral model development 

process (see Boehm & Hansen, 2001) was used. I extended it by including the factor of 

technology gaps. Identification of risk factors in three dimensions such as time, cost, and 

technology gaps helps the risk-driven process of the model development become more 

reliable.  

The strengths of the ACT-R architecture can make contributions to training and 

education. As I mentioned before, the ACT-R learning mechanisms (e.g., the activation 

mechanism) help us to better understand prediction of human learning behavior. Based 

on the modeling and simulation of human performance in ACT-R, scientific management 

of training programs can be accomplished to shape and steer vital workforce members in 

military and industry contexts.  

8.2 Human Data to Investigate Learning and Forgetting  

I created a study environment to investigate learning and forgetting procedural 

skills in a laboratory setting. The study environment consists of a task in a novel 

spreadsheet and a tool for measuring human behavior (e.g., mouse clicks, mouse moves, 

and key presses).  

The Dismal spreadsheet task allows us to examine two sets of knowledge and 

skills, that is, procedural or declarative, and cognitive or perceptual-motor skills (Kim, 

Koubek, & Ritter, 2007). Furthermore, the task can be modified to support investigations 

of different types of skills.  

I used RUI (Recording User Input) as a tool to timestamp user behavior in an 

unobtrusive way (Kukreja, Stevenson, & Ritter, 2006). Kim and Ritter (2007) reported 

that using RUI in a study in a naturalistic setting raises new issues. The first issue is that 

recording can cause a problem when it is used in a public cluster (e.g., a computer 

classroom). A university policy should and Penn State’s policy does prohibit installing 

any tool for experimentation that obtains a user’s identifying information (e.g., a login id 

or password). Kim and Ritter addressed this problem when RUI is used in public clusters 

by providing a simple shell script. Using RUI on a jump drive and a shell script 

programming cuts provides a way to efficiently use RUI on public cluster machines. 
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The study environment provided reliable testing results of learning and forgetting. 

The Dismal spreadsheet task was novel enough to measure learning effects from human 

participants. Analysis on the index of difficulty (see Section 6.5) revealed that the vertical 

mouse was also novel and different from a normal mouse. The learning performance of 

participants confirmed that the Power Law of learning applies to this relatively large 

cognitive task (cf. Newell & Rosenbloom, 1981). There were also no speed-accuracy 

tradeoffs in learning the first subtask by mouse and keyboard users. 

Interestingly, the learning data produced no significant differences on two 

modalities (mouse and keyboard). During learning the keystroke and mouse driven 

interfaces were equally easy to learn and equally fast.  This is slightly surprising, as many 

interface designers have argued for the superiority of menu driven interfaces over 

keyboard driven interfaces (e.g., Shneiderman, 1983). 

Three types of retention intervals (R6, R12, and R18) also provided a successful 

data set to investigate forgetting phenomena of humans. Clear forgetting effects were 

observed by retention intervals and the forgetting rates are nonlinear.  

In addition, relearning effects were investigated in this study environment. It was 

found that there were significant differences on relearning performance by modalities and 

retention intervals. Mouse users showed significantly decreased mean task completion 

time for relearning. This provides an implication that the graphic user interface (GUI) 

could not provide benefits of easy to learn with less forgetting but provide benefits of 

relearning. 

There was a limitation on the sample size of human participants. I had difficulty 

in recruiting participants and keeping all of them until they completed the assigned tasks 

for four weeks. The reason is that participants were asked to make multiple returns (one, 

two, or three) for measures of forgetting. There remains a need to increase the sample 

size and a need to add more prolonged retention intervals (e.g., one month or longer).  

8.3 Realizing Importance on Training 

A movie, American Fighter Pilot (Scott, Scott, & Negron, 2002) helped me to 

understand the importance of training. This movie presents a group of American fighter 
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pilots that participated in 110 days of intensive training drills to become a pilot for F-15 

Eagle. The training was held at Tyndall Air Force Base in Florida.  

According to the movie, it is evident that training fighter pilots requires enormous 

time, cost, and resources. Fifteen thousand applicants apply to Air Force pilot training 

school per year. Among them, two thousand are admitted to training. Then, eleven 

hundred are completed per year. Fifty out of eleven hundred graduates are accepted to 

Tyndall Air Force Training Base (others go elsewhere). They spend 110 days of F-15 

training program. Finally, only eight pilots qualify as fighter pilots for the F-15 and serve 

the United States. 

During the intensive training, the candidates learn detailed information on the F-

15 system including hydromechanics, avionics, radar theory, fuel systems, hydraulics, 

propulsion, instruments, cockpit management, flight controls, navigation, and electronics. 

The candidates are trained to acquire the systems completely. Acquiring these skills are 

critical to efficiently respond to emergency situations, such as engine fire during taking-

off, under time-critical environments of combat. One little piece of information is 

important to directly handle aircraft malfunction. Also, seconds are often critical in 

warfare. After completing the academics of the F-15 system, the candidates practice skills 

in a simulated cockpit, such as taking-off skills, landing skills, or handling engine fires 

during taking-off.  

The theoretical construct of knowledge and skills degradation can also be applied 

to the training of these fighter pilots. There might be situations where acquired skills are 

dormant and susceptible to decay, leading to warfighter performance decrement. This 

would cause loss of our investment on training.  

In this dissertation study, I investigated procedural skills degradation from a 

theoretical perspective. The power law of learning again confirmed humans’ learning 

behavior. Also, over time, different forgetting rates were observed. Modality difference 

on forgetting skills should remain tentative because of the small number of participants, 

but types of skills are intuitively hypothesized to have different forgetting rates.  

The infrastructure of the training system can be comprised of manpower, 

hardware, or software. Optimizing these elements of the training system can reduce any 

loss on financial investment on manpower, hardware, and software.  
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Now, let us consider financial aspect on the hardware of the F-15 system. 

Suppose that the expense of one F-15 aircraft is $500,000,000 and the lifetime of the 

airframe is 25,000 hours. Thus, with the finite lifetime of the aircraft, the depreciation 

value is $20,000 per hour.  

We can intuitively presume that the cost of training warfighters would be money-

demanding. Also, the cost on hardware of the F-15 is expensive. To optimize the cost-

benefit tradeoffs, it is necessary to approach the problem from the perspective of multi-

disciplines such as cognitive psychology/science and operations research. 

8.4 Future Work 

My dissertation study touches various important theoretical issues in cognitive 

modeling and simulation to investigate learning and forgetting of procedural skills. Also, 

the dissertation study gives us the need for further investigation. Here I specify the list of 

current and future work to be done. 

The skill retention model will be extended to represent all subtasks of the Dismal 

spreadsheet task. The complete skill retention model will help to understand the general 

performance of relatively large procedural task and to address each subtask performance.  

As noted earlier, ACT-R is limited to declarative memory decay through the 

activation mechanism. Modeling of skill decay will be accomplished by creating a 

module or modifying a relevant module based on the ACT-R learning mechanisms (the 

activation mechanism and the utility learning mechanism). It is expected that the new 

module is able to cope with degradation of learned procedural memory elements. 

In addition, the skill retention model will be connected to the task environment of 

the Dismal spreadsheet through the ESEGMAN system. Then, a cognitive model with 

ESEGMAN can have more embodied cognition capabilities and can be a surrogate user 

representing human behavior.  

The sample size of the human data collection (N = 30) resulted in failing to reject 

some hypotheses, providing the need to conduct a larger study to investigate learning and 

forgetting. For example, I failed to reject difference in learning performance by two 

modality groups (keyboard and mouse). Also, there was some statistical insignificance 

observed in forgetting. Thus, increasing the sample size can help to reliably investigate 
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the learning and forgetting. More participants will be recruited to gather more learning 

and forgetting data. 

In this dissertation, I only reported the analysis on the first subtask from mouse 

users. For the future work, I will analyze all subtasks to obtain much deeper 

understandings of skill decay. The subtask analyses can provide us with varying 

attributes of forgetting. It is also necessary to include longer retention intervals (e.g., 30 

days or 90 days) in the human study. This helps us to understand and investigate errors 

that participants will make because of their forgetting. Furthermore, the skill retention 

model can address errors made by humans. 

I will investigate knowledge attributes of various subtasks in the set of tasks here 

to provide implications on forgetting. For example, there could be differences of learning 

and forgetting between the subtask of calculations using a normalization equation and 

opening a file. The former is more a cognition-demanding task than the latter that is 

simple declarative knowledge retrieval. Deeper understandings on attributes of skills by 

each subtask can provide important implications on how to plan and design training 

programs that are relatively resistant to decay. Decay-resistant skills training can augment 

human performance despite skill disuse over time.  

Also, I will need to investigate how the keystroke and mouse move times changed 

with forgetting. Did, for example, the Fitts’ law constant change with forgetting? Did the 

simple keystroke level times that can be derived from an ACT-R model on this task 

increase with the forgetting interval? 

Analysis on the index of difficulty will be extended to include all subtasks with all 

participants. In addition, the learning performance of the vertical mouse will be compared 

to the performance of a normal mouse. There were no speed-accuracy tradeoffs for the 

learning performance by keyboard and mouse users. This finding will be further 

confirmed by examining individual keyboard users’ performance.   
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Appendix A: How to obtain the software used in this 

dissertation study 
 

All of the software presented here for the learning and forgetting investigation is 

available without cost. I will briefly provide information on how to obtain the software 

and to set up the experimental environment. The software is useful for cognitive 

scientists, human factors engineers, or psychologists to do research or to design a course 

in academia.  

The Lisp implementation that I have used is OpenMCL. OpenMCL is maintained 

by Clozure Associates (www.clozure.com) and came to have a new name Clozure CL 

(ccl). My OpenMCL starts up with Emacs with SLIME, providing faster startup speed 

than other implementations. 

 

Emacs 

Emacs is more than a text editor. Indeed, Emacs serves as an operating system in 

my study environment. You should get the Carbon Emacs Package. I think this is the 

easiest way to install Emacs in your machine. Please visit here: 

http://www.apple.com/downloads/macosx/unix_open_source/carbonemacspackage.html 

 

 

SLIME 

SLIME (Superior Lisp Interaction Mode for Emacs) is a mode for Emacs to 

develop a system using Common Lisp. Explore more information here: http://common-

lisp.net/project/slime/  

 

OpenMCL (= Clozure CL = ccl) 

I use OpenMCL for my Lisp programming. OpenMCL is an open source 

Common Lisp implementation.  Please visit here: http://trac.clozure.com/openmcl 

You can install OpenMCL via MacPorts. MacPorts is an open-source project to 

provide an easy-to-use system for compiling, installing, and upgrading either command-



 180 

line, X11, or Aqua based open-source software on the Mac OS X operating system (for 

more information, please visit www.macports.org).  

 

ACT-R 6 

ACT-R is my platform to develop a cognitive model and to test a theory of 

embodied cognition. ACT-R is one of cognitive architectures. There is a strong and 

active community to discuss with about ACT-R and its theory. You could check out the 

ACT-R’s official website (http://act-r.psy.cmu.edu). Also, you can download the software 

from its website.  

You may also want to check out the site of the ACT-R FAQ (Frequently Asked 

Questions), http://ritter.ist.psu.edu/act-r-faq/act-r-faq.html. I now maintaining the ACT-R 

FAQ website quarterly with Dr. Frank Ritter. You can get practical answers for your 

questions.  

 

Dismal 

Dismal is a spreadsheet that works with Gnu Emacs. In this dissertation study, I 

used it as a target task containing multiple attributes of knowledge and skills. Dismal are, 

in essence of its creation, used to align and manipulate sequential data. Please visit 

http://acs.ist.psu.edu/dismal/dismal.html  

 

RUI 

RUI (Recording User Input) is a lightweight and reliable to record user behavior. 

Recently, ACS lab members are trying to use RUI in a mobile system (e.g., a palm pilot). 

For more information, please visit, http://acs.ist.psu.edu/projects/RUI/ 
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Appendix B: Glossary 
 
ACT-R ACT-R stands for Adaptive Character of Thought—Rational. ACT-

R is a cognitive architecture that is based on a collection of 
psychological theory for simulating and understanding human 
cognition. 
 

ACT* 
 

ACT* is a previous version of the ACT-R architecture.  

Common Lisp Common Lisp is a programming language and was developed to 
standardize variants of Lisp. Common Lisp provides specifications 
for the Lisp language.  
 

Dismal Dismal was named by representing Dis’ Mode Ain’t Lotus (Dismal). 
It is a major mode in Gnu-Emacs that implements a spreadsheet. 
Dismal can be used for sequential data analysis.  
 

EASE EASE stands for Elements of ACT-R, Soar, and EPIC. EASE 
combines strengths of ACT-R, Soar, and EPIC into one hybrid 
integrated architecture.  
 

Emacs Emacs is an extensible and fully programmable text editor. Emacs 
was originally implemented in 1976 by the MIT AI lab. The version 
of Emacs that was used in this dissertation is a part of the GNU 
project and was implemented in 1984. The Emacs project is 
supported by Free Software Foundation. 
 

Emacs Lisp Emacs Lisp is a dialect of the Lisp programming language that is 
used by Gnu Emacs.  
 

EPIC EPIC stands for Executive-Process Interactive Control. EPIC is a 
cognitive architecture to represent human cognition and action. 
 

ESEGMAN ESEGMAN stands for Emacs SubstratE: Gate toward MAN-made 
world. ESEGMAN is the system that is designed to connect an 
ACT-R model to an external environment in Emacs.  
 

HAM HAM stands for Human Associative Memory. This is a title of a 
book by John Anderson and describes a founding theory of human 
memory. 
  

OpenMCL OpenMCL is a Lisp implementation. It has a quite long naming 
history. In 1984, Coral software started developing a Common Lisp 
implementation for Macintosh, Coral Common Lisp (CCL). Then, it 
was renamed to Macintosh Allegro Common Lisp (MACL) in 1987. 
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Apple computer took over MACL in 1988 and called it Macintosh 
Common Lisp (MCL). Digitool took over it again in 1994. In 1998, 
Digitool open-sourced MCL and called OpenMCL. Recently, it is 
called CCL (Clozure CL). Clozure Associates develops and 
maintains CCL.  
 

Production 
compilation 

Production compilation is an operational mechanism that is used in 
ACT-R. The production compilation mechanism enables production 
rules to be learned by combining two rules and creating a new rule.  
 

RUI RUI stands for Recording User Input. It was implemented in the 
Applied Cognitive Science lab at Penn State. RUI records users 
behavior (mouse move, mouse click, and keystrokes) in 
milliseconds. 
 

Soar Soar is a cognitive architecture that is used to develop a system 
producing intelligent behavior. 
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