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Figure 5.3. A picture of Erepl in Emacs. In the minibuffer, several commands are 
displayed and in the mode line, information about the current eye location of 

ESEGNAN, the current mouse location, and the current hand location is displayed. 
 

5.5.2 Simulated Eye for ESEGMAN 

The simulated eye for ESEGMAN looks at the task window (e.g., the Dismal 

spreadsheet buffer/window). The function whatis-at takes two arguments of row and 

column in characters and returns corresponding characters.  

Figure 5.4 shows how Erepl can look at an visual object in the target buffer. A 

window on the left shows Erepl running in Emacs and commands in the minibuffer. A 

window on the right is the target window of the Dismal spreadsheet. In Figure 5.4 (a), the 

current eye location of ESEGMAN is (3, 0) in characters. That is, ESEGMAN’s eye is 

looking at row 3 and the first column. Row 3 indicates the first row of the Dismal 

spreadsheet task that is labeled 0 in the first column. The eye location is changed to (10, 

10), that is ESEGMAN’s eye has moved 7 rows down and 10 columns to the right, as 

seen in Figure 5.4 (b). Finally, ESEGMAN returned excise-all at which ESEGMAN was 

looking.  
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(a) Erepl in Emacs on the left and the target task window right. On the left window, the 

commands (i.e. elook, emove, mlook, mmove, mclick, key, hand, or quit) are displayed in 
the minibuffer. The current eye location of ESEGMAN is “E[x3:y0].   

 

 
(b) Erepl looking at the task window. The current eye location is updated to E[x10:y10]. 

The elook command returned “excise-all” from the target window. 
 

Figure 5.4. Erepl in Emacs and the target window of the Dismal spreadsheet. 

 

5.5.3 Simulated Hand for ESEGMAN 

The simulated hand for ESEGMAN recognizes mouse movements, mouse clicks, 

and key presses made by the model subject. The mouse movement mechanism is similar 

to the mechanism of eye movement as described before. The mode line displays the 

current location of the mouse.  

When a user presses a mouse button and releases it at the same location that 

generates a mouse click event.  
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When the model presses a mouse button down and releases it at the same location, 

ESEGMAN recognized that behavior as a mouse click event. It is assumed that the model 

(e.g., the ACT-R model) uses a mouse with one button because the ACT-R architecture 

assumes a virtual mouse with one button. 

Special data structures in Emacs, called keymaps, record input events, specifying 

key bindings for various key sequences. When a user creates an input event (e.g., mouse 

click) that is bound to a keymap, Emacs finds the next input event by looking up that 

keymap. This process is called key lookup. Mouse button events cannot be represented as 

strings, Emacs represents it as a vector.  

5.5.4 Other Utility Functions 

An Emacs window has a mode line at the bottom, displaying display status 

information such as the buffer’s name, associated file, depth of recursive editing, and 

major/minor modes. The mode line format is modified to display the buffer status of 

ESEGMAN. The ESEGMAN mode line displays the eye locations in x and y, the mouse 

locations in x and y, and the hand location (mouse or keyboard).  

5.6 Summary 

The ESEGMAN system was designed to embody an ACT-R model, directly 

interacting with the Emacs text editor and was mostly implemented. Restrictions placed 

on the cognitive models regarding access to an external environment can be resolved by 

the ESEGMAN system. Visual perception and motor action capabilities of ESEGMAN 

can strengthen those capabilities of ACT-R. Currently, the system is not fully working 

and needs to establish a connection to ACT-R. 
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Chapter 6  

Human Data: Procedural Skills Degradation 
In this chapter, I report the study with human participants to explore skills 

degradation. Participants performed a set of spreadsheet tasks in the study environment 

that was created for investigating learning and forgetting.  

6.1 Method 

6.1.1 Participants 

Forty-two undergraduate and graduate students at the Pennsylvania State 

University were recruited to participate in this experiment, including four participants for 

pilot studies. Five participants could not complete the experiment. Three participants’ 

data were not completely recorded (e.g., RUI stopped recording during the experiment 

because a participant inadvertently pressed C-s9) and two participants dropped out to 

attend to personal activities (i.e., job interview). Finally, I analyzed data from thirty 

participants and report all of the results in this section10. Participants were paid between 

$25 and $35 that depended on the number of sessions by different retention intervals. 

6.1.2 Materials 

As mentioned earlier, the Dismal11 spreadsheet was implemented to gather and 

analyze behavioral data (Ritter & Wood, 2005).  Dismal is useful here because it is novel 

to all participants and they do not have any prior experience. A vertical mouse was used 

to measure participants’ motor learning. I assumed that it provides new motor skills to 

learn (and to forget). The vertical mouse is ergonomically designed to reduce stress on a 

user’s wrist. Instead of a palm-down position of a regular mouse, this vertical mouse 

                                                
9 C-s (pressing s while holding a control key) is the key command to stop recording in 
RUI. All participants were informed of not pressing C-s during his/her task.  
10 19 participants’ data were published, see Kim, J. W., Koubek, R. J., & Ritter, F. E. (2007). 

Investigation of procedural skills degradation from different modalities. In R. L. Lewis, 
T. A. Polk & J. E. Laird (Eds.), Proceedings of the 8th International Conference on 
Cognitive Modeling (pp. 255-260). Oxford, UK: Taylor & Francis/Psychology Press. 

11 http://acs.ist.psu.edu/dismal/dismal.html 
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requires different hand and forearm postures. None of the participants had prior 

experience of a vertical mouse and the Dismal spreadsheet, and we could minimize 

participants’ previous knowledge and skills and reduce noise to measure learning effects. 

Keystrokes, mouse clicks, mouse movements, and task completion time were recorded by 

the Recording User Input (RUI) system (Kukreja, Stevenson, & Ritter, 2006).  

Figure 6.1 shows the study environment with RUI and Dismal. RUI is ready to 

record inputs from users in an unobtrusive way. In the Dismal spreadsheet, some default 

values are given in Frequency and Normalization columns. The default values have seven 

different versions that participants use in each session with different version. Thus, 

participants worked on the same spreadsheet problems, but the given data were varied. 

 

 

Figure 6.1. The study environment with RUI and Dismal. 
 

As shown In Figure 6.1, the Dismal spreadsheet task consists of five columns (A 

to E). Column A has ten different names of computer commands. Column B has 

frequencies of each command listed from row 1 to 5. Column C has normalized 

frequencies listed in row 6 to 10.  There are five blank cells that are filled in by 

participants, in B and C columns (e.g., B6 to B10, and C1 to C5). Column D and E had 

ten blank cells that are filled in by participants. The total of the frequency column (row 1 

to 10) and the normalization column (row 1 to 10) are provided to the participants. The 

total of the frequency is used to calculate normalization and frequency.  
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6.1.3 Design 

The experiment is 2 by 3 factorial design with independent variables of modality 

and retention interval. All participants were randomly assigned to the experimental 

conditions: (a) three different retention intervals (6-day, 12-day, and 18-day), and (b) two 

modalities (mouse users and keyboard users). The modality condition consists of two 

levels including menu-based command users with a vertical mouse (M) and key-based 

command users with a keyboard (K), representing two different types of skills in the task. 

The variable of retention interval (R) indicates a period of skills disuse between the last 

learning (or practice) on Day 4 and the first return day for forgetting measure. The 

retention interval consists of three levels including 6-day retention interval (R6), 12-day 

retention interval (R12), and 18-day retention interval (R18). R6 indicates that 

participants made the first return six days after the last learning. R12 indicates that 

participants made the first return twelve days after the last learning. R18 indicates that 

participants made the first return eighteen days after the last learning. During the 

retention period, participants were asked not to do mental rehearsal or practice of the 

task.  

For the key-based command users (K), fifteen participants performed the 

procedural spreadsheet task and were not allowed to use a mouse. They were allowed to 

only use key-based commands with a plain keyboard. For example, to open a file in 

Dismal, participants need to retrieve a declarative chunk of “C-x C-f”12 and make the 

relevant key-press.  

For the menu-based command users (M), fifteen participants performed the same 

task using a vertical mouse and were not allowed to use key-based commands. 

Participants did not get trained to use any skills about the key commands. Participants 

were only allowed to use mouse-driven menu-based commands. For example, to open a 

file, they moved the mouse pointer to File on the menu bar, then clicked Open File.  

6.1.4 Procedure 

Participants were randomly assigned to groups with regard to modality and 

retention interval. A learning session was constructed from a study and a test trial. A 
                                                
12 C indicates holding down the control key while pressing x. 
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forgetting session was constructed only by a test trial. A study trial is when a participant 

uses the study booklet to learn. Each study task was limited to 30 minutes of study. A test 

trial is when participants perform the given tasks with the booklet during learning 

sessions and without the booklet during forgetting sessions.  

In the first week, four consecutive learning sessions were held. On Day 1, 

participants had a maximum of 30 minutes to study the given spreadsheet task and then 

performed the task. On Days 2 to 4, participants were allowed to refresh their acquired 

knowledge and skills from Day 1, using the study booklet, and then performed the tasks. 

After the four learning sessions in the first week, participants returned for 

additional trials as part of one of three types of retention interval.  

Participants had a 6-, 12-, or 18-day retention interval. For the group with 6-day 

retention intervals (R6), participants returned back to be measured every 6-days for three 

times on Day 10, 16, and 22. For the group with a 12-day retention interval (R12), 

participants returned back to be measured 12 days after the learning session that is on 

Day 16 and 6 days after the first return, which is on Day 22. For the group with an 18-day 

retention interval (R18), participants returned back to be measured 18 days after the 

learning session on Day 22. Table 6.1 describes experimental schedules for learning and 

forgetting measures. 

Table 6.1. Schedules for learning and forgetting experiments 

 Sun. Mon. Tue. Wed. Thur. Fri. Sat. 
1st 

Week  Study + 
Test 

Study + 
Test 

Study + 
Test 

Study + 
Test   

2nd 
Week    Test    

3rd 
Week   Test     

4th 
Week  Test      

Note: In the 1st week (the learning week), participants conducted both study and test 
sessions. From 2nd to 4th week (the forgetting weeks), participants performed only test 
sessions. 
 

The overall task consisted of 14 steps (refer to Chapter 2.7). First, they opened a 

Dismal spreadsheet, saved the file as another name, and completed the complex 

spreadsheet manipulation by calculating and filling in the blank cells using equations, 
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such as five data normalization calculations, five data frequency calculations, ten 

calculations of length, ten calculations of total typed characters, four summations of each 

column, and an insertion of the current date using a Dismal command, (dis-current-date).  

6.1.5 Dependent Measures and Data Analysis 

The task completion time, as a dependent variable, was recorded in milliseconds 

by RUI (Recording User Input)13. The RUI data provides recording of participants’ 

keystrokes, mouse button clicks (pressed and released), and mouse movements (e.g., xy 

coordinates of mouse locations in pixels). RUI assumed that the mouse has one button, 

like ACT-R’s assumption.  

The RUI output is a text file that can be imported to any spreadsheet or statistics 

applications. I import the RUI data into Excel and SPSS for analysis. The size of the RUI 

data from each trial ranges from 16 to 284 kilobytes.  

                                                
13 available from acs.ist.psu.edu/rui/ 
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6.2 Results and Discussion 

I report all of the data from thirty participants here. In the General Performance 

section, data of participants’ task completion time were analyzed to investigate how well 

participants learned the task and how much they forgot the task in terms of modality and 

retention interval. In the R6 group, ten participants completed the task (5 for mouse users 

and 5 for keyboard users). The group of R12 and R18 is also comprised of 10 participants 

respectively (5 for mouse users and 5 for keyboard users).  

6.2.1 General Performance of Learning 

All of the thirty-participants completed the learning sessions. Figure 6.2 shows 

the average time with respect to the two modalities over the four consecutive days of 

learning. The average task completion time for keyboard users (K) decreased from 1,532 

(

! 

±284) to 631 (

! 

±116) s. The average task completion time for mouse users (M) 

decreased from 1392 (

! 

±356) s to 697 (

! 

±119) s. The learning curves of the mouse and 

keyboard groups follow the Power law of learning: 

 

! 

y =1498.8x
"0.6317 , 

! 

R
2 = 0.99 for the keyboard group 

! 

y =1348.6x
"0.5071, 

! 

R
2 = 0.97 for the mouse group 

 

 

Figure 6.2. The Power curves of learning for the groups of keyboard vs. mouse. 
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Independent samples t-tests were conducted for mouse and keyboard users for 

each study session. I assumed that two samples are independent and are normally 

distributed. Also, it is assumed that populations have equal variance. There were no 

significant differences, for all comparisons, t(28)< 1.55, p >= .13. These results suggest 

that the input/manipulation style factor, keystroke or mouse driven, did not lead to 

significant differences in learning on this task over this time range and for this 

population. Figure 6.3 shows the log-log plot of learning curves of the two-modality 

groups (keyboard vs. mouse). This figure indicates that the groups all learned over the 

four learning sessions. They all performed at pretty much the same level. Similar to the 

famous log-log linear plot of skill acquisition (Newell & Rosenbloom, 1981), the 

investigation of the spreadsheet skill acquisition, here, also confirmed a linear 

relationship between performance and practice.  

 

 

Figure 6.3. The log-log plot of learning curves for keyboard and mouse users. 
 

6.2.2 General Performance of Forgetting 

Overall Performance from Day 1 to Day 22 

The R6 groups (keyboard and mouse users) had a 6-day retention for their first 

return and two additional six-day retention intervals. The R12 groups of keyboard and 

mouse users had 12-day retention for the first return, and an additional 6-day retention. 
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The R18 groups of keyboard and mouse users had one 18-day retention for the first return 

and no additional return.  

Figure 6.4 shows task performance of participants with a 6-day retention interval 

as a first return. The 6-day retention caused an increase in task completion time on Day 

10. The average time on Day 10 is 716 s (±168) for the keyboard group and 929 s (±251) 

for the mouse group. The additional 6-day retention after the 6-day retention produced 

decrease in task completion time, showing that the 6-day retention can serve as a 

distributed learning. The task completion time on Day 16 is 640 s (±177) for the 

keyboard group and 585 s (±90) for the mouse group. The average time on Day 22 is 575 

s (±118) for the keyboard group and 686 s (±242) for the mouse group.  

 

 

Figure 6.4. Learning and forgetting curves with standard error bars of two 
modalities, with a 6-day retention interval as a first return and two additional six-

day retention intervals. 
 

Figure 6.5 shows task performance of participants with a 12-day retention interval 

as a first return. The 12-day retention caused an increase in task completion time on Day 

10. The average time on Day 10 is 883 s (± 344) for the keyboard group and 878 s (±156) 

for the mouse group. The 6-day retention after the 12-day retention produced decrease in 

task completion time, showing that the 6-day retention can serve as a distributed learning. 

The average time on Day 22 is 598 s (±182) for the keyboard group and 654 s (±76) for 
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the mouse group. This task completion time on Day 22 approximately approached to the 

time on Day 4 (589 s for keyboard and 672 s for mouse).  

 

 

Figure 6.5. Learning and forgetting curves with standard error bars of two 
modalities, with 12-day retention interval as a first return. 

 

Figure 6.6 shows task performance of participants with an 18-day retention 

interval as a first return. The task completion time on Day 4 is 625 s (±148) for the 

keyboard group and 768 s (±111) for the mouse group. The keyboard group showed 

faster performance than that of the mouse group by approximate difference of 143 s. 

Then, after the 18-day retention, the task completion time on Day 22 is 1371 s (±328) and 

1222 s (±184). The keyboard group approximately took 149 s more than that of the 

mouse group.  

This result should remain tentative because of the small sample size here. But, it 

gives somewhat interesting notes: (a) learning motor skills, that is participants who have 

not used the vertical mouse before learned to use it for the task, can slow performance of 

users, and (b) once new motor skills are acquired, they can be less susceptible to decay 

than declarative knowledge retrievals (e.g., keyboard users use key-based commands but 

mouse users use menu-driven commands).  
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Figure 6.6. Learning and forgetting curves with standard error bars of two 
modalities, with 18-day retention interval as a first return. 

 

Performance on Day 4 and the First Return Day  

Participants in the keyboard group (n = 15) completed the task in 631 s and ones 

in the mouse group (n = 15) completed the task in 697 s on Day 4, shown in Table 6.2 

There is one minute delay on the task completion time between two groups of mouse and 

keyboard users. It was found that there was no sufficient evidence of the difference in 

task completion time on Day 4, t(28) = -1.55, p > .05. 

An interesting question arises from the data: why does the menu-based 

environment not help users to better learn the task? I presumed that the keyboard that 

participants used in this experiment is not novel. Participants actually started learning to 

use the keyboard before the onset of the experiment. In the meanwhile, the novel vertical 

mouse required participants to learn a new type of motor skills. It can be presumed that 

the motor skill acquisition could nullify the benefits from the learning-friendly 

environment of the menu driven task. 

Table 6.3 shows all participants’ task completion time in term of retention 

intervals and modality. It is observed that the 6K group on the First Return has lower task 

completion time than the one of the 6M group, 716 s for the keyboard and 929 s for the 

mouse group (around 213 s difference). The average task completion time of the 12K 
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group is 883 s and that of the 12M group is 878 s, indicating similar performance, around 

4 s difference. The average task completion time of the 18K group is 1371 s and that of 

the 18M is 1223 s, indicating around 148 s difference.  

More forgetting was observed in the mouse group with the short retention interval 

(6-day). In the intermediate retention interval (12-day), similar forgetting performance 

between the different modality groups was observed. In the long retention interval (18-

day), more forgetting in the keyboard group was observed.  

There is no statistically significant difference in the task completion time on the 

first return day, t(8) = -1.58, p > .05 for the 6-day retention interval, t(8) = 0.03, p > .05 

for the 12-day retention interval, and t(8) = 0.88, p > .05 for the 18-day retention interval.  

 

Table 6.2. Descriptive statistics on Day 4. 

R Modality N Mean SD SE t p 
6 K 5 679.63 124.39 55.63 
 M 5 653.54 127.25 56.91 
 Total 10 666.59 119.43 37.77 

t(8) = 0.33 0.75 

12 K 5 589.34   68.23 30.51 
 M 5 672.09 106.69 47.71 
 Total 10 630.72   95.03 30.05 

t(8) = -1.46 0.18 

18 K 5 625.38 148.83 66.56 
 M 5 768.33 111.92 50.05 
 Total 10 696.86 145.22 45.92 

t(8) = -1.73 0.12 

Total K 15 631.45 116.43 30.06 
 M 15 697.99 119.04 30.74 
 Total 30 664.72 120.54 22.01 

t(28) = -1.55 0.13 

Note: SE indicates Standard Error of Mean. 

 

Table 6.3. Descriptive statistics on the First Return Day. 
 

R Modality N Mean SD SE t p 
6 K 5 716.39 168.60 75.40 
 M 5 929.89 251.66 112.55 

t(8) = -1.58 0.15 

12 K 5 883.11 344.25 153.96 
 M 5 878.22 156.46 69.97 t(8) = 0.03 0.98 

18 K 5 1371.33 328.80 147.05 
 M 5 1222.66 184.60 82.56 

t(8) = 0.88 0.40 

Note: SE indicates Standard Error of Mean. 
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The Boxplots in Figure 6.7 show task performance on Day 4 and the first return 

day in terms of retention interval and modality. On the x-axis, RM is a combined 

variable, indicating both retention interval and modality. For example, 6K indicates 

participants using a keyboard with 6-day retention interval and 6M indicates participants 

using a vertical mouse with 6-day retention interval. There are individual differences and 

also outliers in the 12M group on Day 4. As mentioned earlier, there is no modality effect 

on learning performance with the sample size (N = 30), leaving a suspicion of modality 

difference.  

 
(a) Day 4 vs. RM                                      (b) First Return vs. RM 

Figure 6.7. Boxplots showing task completion time (in sec.) on Day 4 and the first 
return by retention interval and modality factors.  

 

Modality and Retention Interval on Forgetting 

The task completion time on Day 4 can indicate the degree of learning. That is, 

the time on Day 4 plays a role as an indicator of how well participants have learned the 

given task. Therefore, I included the time on Day 4 as a covariate into the model below 

because the degree of learning can affect forgetting performance. R (three types of 

retention intervals) and modality (keyboard and vertical mouse users) are fixed factors.  

 

First Return = Day4 + R + Modality + R*Modality 

 

Table 6.4 shows the results of ANOVA for the task performance on the first 

return. The main effect of retention interval is significant, F(2, 27) = 9.96, p < .05. The 
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main effect of modality is not significant, F(1, 28) = 0.06, p > .05. There is no significant 

interaction effect between retention interval (R) and modality, F(2, 27) = 1.07, p > .05. 

The covariate effect (Day 4) is not significant, F(1, 28) = 0.02, p > .05.  

 

Table 6.4. ANOVA table for task performance on the first return. The model is task 
time on First Return = Day4 + R + Modality + R*Modality. 

 
Source df Sum of Squares Mean Square F p-value 
Model 6 1,508,069 251,344 3.84 0.008 

Intercept 1 795,225 795,225 12.14 0.002 
D4 1 1,517 1,517 0.02 0.880 
R 2 1,304,141 652,070 9.96 0.001* 

Modality 1 4,087 4,087 0.06 0.805 
R*Modality 2 140,274 70,137 1.07 0.359 

Error 23 1,506,240 65,488   
Total 30 33,030,267    

Corrected Total 29 3,014,309    
 

Now, let us determine which group of the mean task completion time is different 

from each other. I conducted multiple comparisons of the task completion time on the 

first return day with respect to retention interval shown in Table 6.5. 

The 6-day (R6) and 12-day (R12) retention intervals did not have a statistically 

significant difference with each other on the task completion time, t(18) = -0.53, p > .05. 

The 6-day (R6) and 18-day (R18) had significant difference on the task completion time, 

t(18) = -4.28, p < .05. Also, the 12-day (R12) and 18-day (R18) had significant difference 

on the task completion time, t(18) = -3.61, p < .05.  

 

Table 6.5. Pairwise comparisons of the task completion time on the first return day 
with respect to three different retention intervals (R6, R12, and R18).  

 
95% CI for difference R Mean Diff. SE n t(18) p LB UB 

R6 R12 -101.35 131.79 20 -0.77 0.45 -378.23 175.53 
R6 R18 -517.68 139.64 20 -4.86 0.00* -799.13 -236.23 
R12 R18 -416.33 115.28 20 -3.61 0.00* -658.52 -174.14 
Note: SE indicates Standard Error of Mean Difference. 
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I also conducted multiple comparisons of the task completion time on the first 

return day in terms of each combination of both modality and retention interval. The 

comparison tests whether the difference between two combinations of modality and 

retention interval is significant. Table 6.6 shows the mean task completion time on the 

first return day with respect to both modality and retention interval. Table 6.7 shows 

pairwise comparisons of the mean task completion time on the first return day. 

 

Table 6.6. Mean task completion time (s) with standard deviation (SD) and standard 
error of mean (SE) by modality and retention interval on the first return day. 

 

R Modality n First Return Day Mean SD SE 

R6 Keyboard 5 Day 10 716.39 168.60 75.40 
 Mouse 5 Day 10 929.89 251.66 112.55 

R12 Keyboard 5 Day 16 883.11 344.26 153.96 
 Mouse 5 Day 16 878.22 156.46 69.27 

R18 Keyboard 5 Day 22 1,371.33 328.80 147.05 
 Mouse 5 Day 22 1,222.66 184.60 82.56 

Note: SE indicates Standard Error of Mean. 

 

For keyboard users, the 6-day (R6) and 18-day (R18) retention intervals resulted 

in significant differences on the task performance, t(8) = -3.96, p < .05. The 12-day (R12) 

and 18-day (R18) retention intervals had significant differences as well, t(8) = -2.29, 

p = .05. However, the 6-day (R6) and 12-day (R12) retention intervals did not show any 

significant differences of task performance, t(8) = -0.97, p > .05.  

For mouse users, there were no significant differences in the task completion time 

on R6 vs. R12, t(8) = 0.39, p > .05 and R6 vs. R18, t(8) = -2.10, p > .05. The task 

completion time on R12 vs. R18 produced significant differences, t(8) = -3.18, p < .05.  
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Table 6.7. Pairwise comparisons of the mean responses on the first return day. 

R Modality n df Mean Diff. SE t p 
R6 vs. R12 10 8 -166.72 171.43 -0.97   0.36 
R6 vs. R18 10 8 -654.95 165.25 -3.96   0.00* 

R12 vs. R18 
Keyboard 

10 8 -488.22 212.90 -2.29   0.05* 
R6 vs. R12 10 8 51.67 131.52 0.39   0.71 
R6 vs. R18 10 8 -292.77 139.58 -2.10   0.07 

R12 vs. R18 
Mouse 

10 8 -344.40 108.22 -3.18   0.01* 
Note: t(8, 0.05) = 2.31. SE indicates Standard Error of Mean Difference. 

 

What Forgetting Curves Look Like? 

To fit the forgetting curves, I simply approached to use the data on the first return 

day (i.e., Day 10 for the R6 group, Day 16 for the R12 group, and Day 22 for the R18 

group). I also considered the task completion time on the last training day because the 

value on the first return does not have any information on the previous learning, 

indicating how much participants forgot from the learning.  

A column of a variable, Y*, was generated to indicate the difference between the 

task completion time on the first return (First_Return) and the last learning on Day 4. The 

“First_Return” includes the task completion time on Day 10, Day 16, or Day 22. The 

variable, Y*, is a linear transformation to preserve the shape of the fitted forgetting curve. 

That is, the task completion time at Day 4 serves as a baseline from which I am able to 

measure the quantitative amount of forgetting.  

There were a couple of values of Y* being negative (3 out of 15 participants in 

the keyboard group, and 1 out of 15 participant in the mouse group). This indicates that 

some participants continue to learn after the retention interval. It was observed that S9, 

S26, and S34 from the keyboard users continued to learn, producing negative values, 

shown in Table 6.8. It was also observed that S17 from the group of mouse users 

continued to learn, producing negative values, shown in Table 6.9.  

A negative value makes it impossible to fit exponential and power models 

because logarithms must be taken to linearize the models. To address this problem, I 

considered a participant who continues to learn as someone whose forgetting is null. I 

assigned a very small number (i.e., Y* = 0.00001) by replacing the negative, as seen in 

Table 6.8 and Table 6.9. 
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Table 6.8. Task completion time (in second) for keyboard users at three retention 
intervals (R) of 6-, 12-, and 18-days 

 
Participant Modality R Day 4 First Return Y* 

S9 K 6 518.02 438.23 0.00001 
S15 K 6 650.84 696.49 45.65 
S16 K 6 620.74 861.93 241.22 
S26 K 6 790.11 753.18 0.00001 
S31 K 6 818.45 832.11 13.66 
S11 K 12 553.53 1,389.98 836.45 
S27 K 12 665.77 904.04 238.27 
S32 K 12 512.20 631.55 119.35 
S34 K 12 558.21 504.93 0.00001 
S40 K 12 657.01 985.05 328.04 
S12 K 18 552.44 1,079.83 527.39 
S14 K 18 619.89 1,867.81 1,247.93 
S19 K 18 825.27 1,312.73 487.47 
S20 K 18 698.67 1,089.77 391.11 
S23 K 18 430.64 1,506.51 1,075.88 

Note: In the table, Y* indicates the difference between the task completion time at Day 4 
and the one at the first return day or 0.00001, if the difference is negative. 
 

Table 6.9. Task completion time (in second) for mouse users at three retention 
intervals (R) of 6-, 12-, and 18-days. 

 
Participants Modality R Day 4 First Return Y* 

S7 M 6 624.41 635.25 10.85 
S17 M 6 807.67 764.61 0.00001 
S29 M 6 476.24 1,288.86 812.62 
S30 M 6 619.02 1,031.59 412.57 
S33 M 6 740.37 929.12 188.75 
S5 M 12 665.36 1,057.97 392.61 
S8 M 12 638.56 770.44 131.88 

S35 M 12 704.63 975.51 270.88 
S37 M 12 528.85 670.69 141.84 
S38 M 12 823.04 916.50 93.46 
S13 M 18 810.63 1,428.24 617.62 
S18 M 18 638.50 1,325.70 687.20 
S21 M 18 793.25 1,304.88 511.63 
S24 M 18 919.81 1,015.10 95.30 
S39 M 18 679.48 1,039.38 359.90 

Note: In the table, Y* indicates the difference between the task completion time at Day 4 
and the one at the first return day, or 0.00001 if the difference is negative. 
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First, I looked at the performance at Day 4 and First Return with 6-, 12-, or 18-

day retention interval. The reason is that the data on Day 4 provides information on how 

well participants learned the task and the data on the first return provides information on 

how much acquired skills are forgotten. 

As seen in Figure 6.8, it is observed that participants in R18 produces higher 

values of task completion time on the first return, followed by R12, and R6 for those who 

used mouse and for those who used keyboard.  

 

 
Figure 6.8. Scatter plots of task completion time (in sec.) on the first return made by 

both keyboard (K) and mouse (M) users. The numbers on the right side of points 
show retention intervals (6, 12, or 18). 

 

Figure 6.9 and Figure 6.10 show estimated curves based on the observed data. 

Here, I considered power, exponential, linear, and quadratic models to estimate the curve. 

However, the quadratic model has the highest R2, but it is not realistic to compare the 

quadratic model to other models because of the different number of predictors. The 

quadratic model does not necessarily demonstrate a superior model.  

For the curve estimation of keyboard users, the linear model (p = .002) shows 

statistical significance on the fitted curve. Other power and exponential models exhibited 

similar performance and both models are marginally significant (p <= .05), shown in 

Table 6.10.  

For the curve estimation of mouse users, the power model has the smallest p-

value (p = .13), shown in Table 6.11. It is unfortunate that all models are insignificant. 
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There were large individual differences leading to insignificant curve estimation among 

the models. The result here should remain tentative. The forgetting trends across the 

different retention intervals were recognizable within participants. 

 

 
Power: 

! 

Y* = 7E " 08x
7.7843 , 

! 

R
2= 0.26 

Exponential: 

! 

Y* = 0.0014e
0.7274x , 

! 

R
2 = 0.26 

Linear: 

! 

Y* = 57.154x " 315.69 , 

! 

R
2 = 0.52 

Quadratic: 

! 

Y* = 2.739x
2
" 8.584x +13, 

! 

R
2 = 0.53 

 
Figure 6.9. Fitted forgetting curves for keyboard users. 

 
 

Table 6.10. Statistical output of curve estimation (keyboard users). 
 

Model R2 df F p 
Linear 0.52 13 14.01 0.00 
Quadratic 0.53 12 6.85 0.01 
Power 0.26 13 4.54 0.05 
Exponential 0.26 13 4.65 0.05 

Note: The dependent variable is Y* and the independent variable is Return Day (6, 12, or 
18). 
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Figure 6.10. Fitted forgetting curves for mouse users. 

 
Table 6.11. Statistical output of curve estimation (mouse users). 

Model R2 Df F p 
Linear .08 13 1.12 .31 
Quadratic .18 12 1.30 .31 
Power .17 13 2.59 .13 
Exponential .15 13 2.33 .15 

Note: The dependent variable is Y* and the independent variable is Return Day (6, 12, or 
18). 

 

6.2.3 Relearning 

As mentioned before, participants completed serial training sessions for four days, 

and then they were made multiple returns for a test. I presumed that the test on the first 

return day, which is designed to measure forgetting, is able to serve as a relearning of the 

task for the participants as a side effect. Thus, analysis on these additional tests after the 
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first return can provide an understanding of the relearning effect in terms of two 

modalities.  

Participants in the R6 group made the first return on Day 10 after the serial 

training sessions. Six days after this first return, all participants including mouse and 

keyboard users made a return for an additional test on Day 16. Table 5.13 and Table 5.14 

show descriptive statistics and test statistics of Day 10 and Day 16. The task completion 

time of the R6-Keyboard group was reduced by 76 s (from 716 s ± 169 to 640 s ± 178). 

The task completion time of the R6-Mouse group was reduced by 345 s (from 930 s ± 

252 to 585 s ± 90).  

I conducted Paired-Samples Test to compare the mean task completion time on 

Day 10 and Day 16. For mouse users, there is a significant difference of the mean task 

completion time on Day 10 and Day 16, t(4) = 3.39, p = .03. For keyboard users, there is 

no significant evidence of the differential relearning effects, t(4) = 2.03, p > .05.  

 

Table 6.12. The mean task completion time (s) with standard deviation and 
standard error of mean on Day 10 and Day 16. 

 
Modality Day N Mean SD SE 
Keyboard Day 10 5 716.39 168.60 75.40 

 Day 16 5 640.17 177.51 79.38 
Mouse Day 10 5 929.89 251.66 112.55 

 Day 16 5 585.39 90.12 40.30 
 

Table 6.13. Comparison of the mean difference and the paired-samples test statistics 
on Day 10 and Day 16 of keyboard and mouse users. 

 
Modality Day Mean SD SE t(4) p 
Keyboard Day 10 Day16 76.22 84.14 37.63 2.03    0.11 

Mouse Day 10 Day 16 344.50 227.28 101.64 3.39    0.03* 
 

Participants in the R12 group made the first return on Day 16 after the serial 

training sessions. Six days after this first return, all participants including mouse and 

keyboard users made a return for an additional test on Day 22. Table 5.15 and Table 5.16 

show descriptive statistics and test statistics of Day 16 and Day 22. 
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The task completion time of the R12-Keyboard group was reduced by 285 s (from 

883 s ± 344 to 598 s ± 182). The task completion time of the R12-Mouse group was 

reduced by 224 s (from 878 s ±156 to 655 s ± 77).  

I conducted the paired-samples t-test to compare the mean task completion time 

on Day 16 and Day 22, as well. For mouse users, there is statistical significance of 

difference the mean task time on Day 16 and Day 22, t(4) = 3.32, p < .05. For keyboard 

users, I have to embrace there is no statistical difference by the relearning, t(4) = 2.60, 

p > .05. However, the p-value is very close to the reject area, leaving the need for a 

further investigation to find differences. Figure 6.11 shows the plots of the relearning by 

different modalities and retention intervals.  

 

Table 6.14. The mean task completion time (s) with standard deviation and 
standard error of mean on Day 16 and Day 22. 

 
Modality Day N Mean SD SE 
Keyboard Day 16 5 883.11 344.26 153.96 

 Day 22 5 598.63 182.46 81.60 
Mouse Day 16 5 878.22 156.46 69.97 

 Day 22 5 654.63 76.96 34.42 
 

Table 6.15. Comparison of the mean difference and the paired-samples test statistics 
on Day 16 and Day 22 of keyboard and mouse users. 

 
Modality Day Mean SD SE t(4) p 

K Day 16 Day 22 284.48 244.54 109.36 2.60    0.06 
M Day 16 Day 22 223.59 150.46 67.29 3.32    0.03* 
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Figure 6.11. The relearning effects of the four groups 
(R6-Keyboard, R6-Mouse, R12-Keyboard, and R12-Mouse). 

 

6.3 Subtask Analysis 

As mentioned earlier, the Dismal spreadsheet task consists of 14 subtasks. Each 

subtask has different attributes of knowledge. For example, the subtask of filling in the 

normalization column requires more cognitive problem solving capability from 

participants than inserting two rows in the spreadsheet. Thus, analysis of subtasks 

provides deeper understanding of knowledge and skills attributes. Here, I only report the 

analysis of the first subtask to test the model and its theory that were discussed in 

Chapter 3. The subtask analysis can provide important benefits to understanding human 

cognition and learning and to validate accuracy of general performance analysis. That is, 

I can examine whether the general performance analysis was correct or not, by looking 

inside the data. I can find out whether participants’ performance of the Dismal 

spreadsheet task is comprised of 14 subtasks. Also I can find out whether participants’ 

performed what they learned to complete each subtask. For example, I can examine if a 

participant retrieves a correct equation for his/her frequency calculation or normalization 

calculation. The subtask analysis helps me acknowledge that there might be data that I 

must throw away or that I should keep. Furthermore, each subtask was designed to 
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represent different knowledge and skills. By comparing each subtask’s learning and 

forgetting results, it is promising to better understand human cognition. 

Raw data gathered from RUI have two types: (a) data from mouse users and 

(b) data from keyboard users. The RUI data of mouse users consists of activities such as 

keystrokes, mouse moves, and mouse clicks. The RUI data of keyboard users consists of 

keystrokes only. Figure 6.12 shows how RUI data look like.  

 

 

Figure 6.12. Raw data from RUI for a subtask analysis. 
 

To analyze RUI data from mouse users, it is necessary to identify the location of 

visual objects in pixels that users look at. Table 6.16 gives locations in pixels of visual 

objects that participants look at to perform the subtask 1, “OPEN FILE”, and the subtask 

2, “CALCULATE FREQUENCY”. The pixel information of the objects serves as an 

important criterion to divide each subtask among the whole 14 subtasks because the user 

makes a mouse click onto the visual object during the performance. RUI records this 

mouse click. Based on these mouse clicks made by users, I visually examined the RUI 

output to extract each subtask and its timing information but this could be automated. 
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Table 6.16. Locations of visual objects (e.g., menus, a folder, or a file)  
that users look at and make a click on. 

Visual objects X Y 
 Lower  Upper  Lower Upper 

Subtask 1: OPEN FILE     
FILE 108 150 0 24 

OPEN FILE 108 366 48 60 
Experiment 966 1044 564 576 

Normalization.dis 942 1068 468 480 
CHOOSE 1020 1092 732 750 

Subtask 3: CALCULATE FREQUENCY     
Cell B6 678 744 366 378 
Cell B7 678 744 378 396 
Cell B8 678 744 396 414 
Cell B9 678 744 414 426 
Cell B10 678 744 426 438 
dEdit 396 450 0 24 

Edit cell (E) 396 630 102 114 
 Note: The unit of the value is pixel. The screen that participants used in the experiment is 
Apple Cinema HD Display 23″ (1680*1050 resolution). 
 

I plotted the learning performance of the subtask 1, OPEN FILE, from the 15 

mouse users. Table 6.17 provides descriptive statistics on the learning performance. As 

seen in Figure 6.13, the learning curve fits to a Power function, 

! 

y = 24.4x
"0.45, R2 = 0.95. 

The blue dotted line indicates the Power function that fits to the plots of the 15 mouse 

users performance. Figure 6.14 shows the log-log scale of the learning curve.  

 

Table 6.17. The mean task completion time of 15 mouse participants, performing 
the subtask 1, for learning sessions. 

 
  Day 1 Day 2 Day 3 Day 4 

Mean 25.42 16.49 14.82 13.78 
SD 13.82 8.62 5.98 3.94 Mouse (M) 
SE 3.57 2.23 1.55 1.02 
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Figure 6.13. The mean task completion time with standard error bars to represent 
learning performance of mouse users performing the subtask 1 (n = 15). 

 

 

 

Figure 6.14. The log-log scale of the learning curve. 
 

Figure 6.15 shows plots of learning and forgetting performance by three types of 

retention intervals (R6, R12, and R18). The performance on the first return day with a 

six-day retention did not produce forgetting but learning by 1 s decrease in task 

completion time, that is, 13.5 s (

! 

±4.8) on Day 4 and 12.5 s (

! 

±2.6) on Day 10. The 

performance on the first return with a 12-day retention increased by 3 s, that is 14.5 s 
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(

! 

±4.8) on Day 4 and 17.9 s (

! 

±8.1) on Day 16. The performance on the first return with a 

18-day retention increased by 5 s, that is 13.3 s (

! 

±2.7) on Day 4 and 18.4 s (

! 

±5.7) on 

Day 22. Paired samples t-test revealed that there is only significant difference in the task 

completion time on Day 4 and Day 22, t(4) = -2.83, p < .05. 

 

 

Figure 6.15. Learning and forgetting performance (the mean task completion time 
with standard error bars) of 15 mouse users, performing the subtask 1. 

 

6.4 Analysis on Speed and Accuracy 

I examined whether there is a speed-accuracy tradeoff. To judge the accuracy of 

the performance, an error-free expert behavior, based on the Keystroke-level model (see 

Chapter 3), was used as a reference. Table 6.18 shows the number of actions (keystrokes, 

mouse move, and mouse clicks) from the task analysis that can be used to compare the 

number of errors.  

 

Mouse Users 

I counted the number of mouse clicks that mouse users made during the task 

performance. Based on the KLM-GOMS analysis, the Dismal spreadsheet task is 

completed by 125 mouse clicks and 125 mouse movements. When it comes to an 

accurate performance, the number of mouse clicks that exceeds 125 can be viewed as 



 147 

mistakes. In addition, I also counted the number of “DELETE” keys during the task 

performance. The number of mouse clicks indicates the accuracy when using the vertical 

mouse, and the number of “DELETE” keys indicates the accuracy of using the keyboard. 

 

Table 6.18. Summary of the error-free expert behavior. 
 
 
 
 
 
 
 
 
 
 

 

Table 6.19 shows the number of mouse clicks that the vertical mouse users made 

during the four days of learning sessions. An expert would make 125 times of mouse 

clicks. The number of mouse clicks is greater than that of the expert user, indicating more 

training would be needed for participants to acquire expert performance.  

 

Table 6.19. The mean number of mouse clicks  
during the four serial learning sessions (n = 15). 

 
 Day 1 Day 2 Day 3 Day 4 

Mean 172.13 154.40 148.13 153.60 
SD 35.86 16.82 20.61 21.65 
SE 9.26 4.34 5.32 5.59 

 

Figure 6.16 shows plots of the mean number of mouse clicks. The number of 

mouse clicks decrease until Day 3, but the number increases on Day 4. As I mentioned in 

the Section 6.2.1, the learning performance followed the Power law, indicating continual 

decrease in the task completion time. The mean task completion time on Day 4 by mouse 

users is 697 s, which is the fastest performance. However, on Day 4, mouse users made 

more errors in using the vertical mouse. 

 Mouse users Keyboard users 
Keystrokes 730 1,030 
Mouse move 125 N/A 
     Menu Selection 87 N/A 
     Others 38 N/A 
Mouse clicks 125 N/A 
     Menu selection 87 N/A 
     Others 38 N/A 
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Figure 6.16. The mean number of mouse clicks by fifteen mouse users during the 

four serial learning sessions with standard error bars. 
 

Table 6.20 and Figure 6.17 show that how many times mouse users made a press 

on the “DELETE” key. Perfect performance would not press the “DELETE” key, but all 

participants made a press on that key. During the learning session, the average number of 

pressing the “DELETE” key decreases except for the number on Day 4. This pattern is 

similar to the average number of mouse clicks, as seen in Figure 6.16 and Figure 6.17. 

The correlation between the number of mouse clicks and delete keys is high, R2 = 0.98.  

 

Table 6.20. The mean number of pressing the “DELETE” key  
during the four serial learning sessions (n = 15). 

 
 Day 1 Day 2 Day 3 Day 4 

Mean 45.00 33.07 27.73 29.93 
SD 28.34 14.33 15.47 18.68 
SE 7.32 3.70 4.00 4.82 
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Figure 6.17. The mean number of pressing the “DELETE” key by fifteen mouse 

users during the four serial learning sessions with standard error bars. 
 

 

Table 6.21 shows the mean number of mouse clicks made by mouse users for the 

first return day (e.g., Day 10 for the 6-day retention group, Day 16 for the 12-day 

retention group, and Day 22 for the 18-day retention group). All of three retention groups 

showed increase in the number of mouse clicks. Paired-samples t-test revealed that there 

is only significant difference between the number of mouse clicks on Day 4 and Day 10, 

t(4) = -3.1, p < .05. 

 

Table 6.21. The number of mouse clicks on the first return day. 
 

 Retention Day 10 Day 16 Day 22 
Mean 227.80   

SD 71.44   
SE 

6-day 
(n = 5) 

31.95   
Mean  175.60  

SD  31.29  
SE 

12-day 
(n = 5)  13.99  

Mean   174.80 
SD   10.52 
SE 

18-day 
(n = 5)   4.70 
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Table 6.22 shows the mean number of pressing the “DELETE” key during the 

task performance on the first return day (6-, 12-, and 18-day) after the learning. Paired 

samples t-test revealed that there is only significant difference between the number of 

delete keys between Day 4 and Day 22, t(4) = -3.9, p < .05. 

There is no speed-accuracy tradeoff overall. Both errors and time decrease for 

mouse users and keyboard users with practice. However, the last day maybe have some 

tradeoffs.   

 
Table 6.22. The number of delete keys on the first return day by mouse users. 

 
 Retention Day 10 Day 16 Day 22 

Mean 86.00   
SD 48.29   
SE 

6-day 
(n = 5) 

21.59   
Mean  65.00  

SD  37.76  
SE 

12-day 
(n = 5)  16.89  

Mean   93.00 
SD   46.47 
SE 

18-day 
(n = 5)   20.78 

 
 
Keyboard Users 

I referred to pressing the “DELETE” key as making a mistake during the task 

performance for the keyboard users. Keyboard users would use the DELETE key when 

they pressed a wrong or unintended key. I counted the number of times that keyboard 

users pressed the DELETE key, and the mean number of keys is shown in Table 6.23.  

 

Table 6.23. The mean number of delete keys made by users during the performance 
for four serial learning sessions (n = 15). 

 
 Day 1 Day 2 Day 3 Day 4 

Mean 39.93 33.27 34.07 35.87 
SD 22.03 16.91 27.33 26.58 
SE 5.69 4.36 7.06 6.86 
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Figure 6.18 shows how many times keyboard users pressed “DELETE” keys 

during the task, for four serial learning sessions. While the task completion time 

continually decreases (see Section 6.2.1), the number of “DELETE” keys (making errors) 

slightly increases rather than decreases after the learning session on Day 2. 

 

Figure 6.18. The mean number of pressing “DELETE” keys by Keyboard users for 
four serial learning sessions (n = 15) with standard error (SE) bars. 

 

Table 6.24 shows the mean number of the “DELETE” key on the first return day. 

Paired samples t-test revealed that there is only significant difference between the number 

of the “DELETE” key between Day 4 and Day 22, t(4) = -4.58, p < .05. 

 

Table 6.24. The mean number of delete keys made by Keyboard users during the 
performance for four serial learning sessions (n = 15). 

 
 Retention Day 10 Day 16 Day 22 

Mean 59.80   
SD 43.96   
SE 

6-day 
(n = 5) 

19.66   
Mean  71.40  

SD  78.59  
SE 

12-day 
(n = 5)  35.15  

Mean   94.40 
SD   32.32 
SE 

18-day 
(n = 5)   14.46 
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6.5 Understanding the Vertical Mouse 

Input modality by using the keyboard and the vertical mouse did not produce any 

significant differences as seen in the Section 6.2.1 and 6.2.2. This result raises a question 

that how the vertical mouse is different and novel from the normal mouse.  

To address this question, I calculated the index of difficulty (ID) of the first 

subtask for thirteen subjects. In general, the following is offered as the index of difficulty 

for a motor task:  

 

! 

ID = log2(2A /W )       Equation 6.1 

A = the amplitude, which is the distance of the center of the target from the 

starting location 

W = the target width 

 

The index of performance (IP) is calculated by dividing ID by the movement time 

(MT) to complete a motor task. Also, by regressing MT on ID, we can get the regression 

line equation as the following form where a and b are empirically determined constants, 

which are obtained by conducting a regression analysis on the movement time data: 

 

! 

MT = a + blog2(2A /W )       Equation 6.2 

 

The ID part of Equation 6.2 has variants to improve the data fit to the model, as 

shown in Equation 6.3 which was proposed by Welford (1968) and Equation 6.4 which 

was proposed by MacKenzie (1989). In ACT-R, movement time is calculated based on 

Equation 6.3 without the constant of a. MacKenzie (1992) stated that Equation 6.4 

prevents ID from being a negative. 

 

! 

MT = a + blog2(A /W + 0.5) = a + bID1    Equation 6.3 

 

! 

MT = a + blog2(A /W +1) = a + bID2     Equation 6.4 
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Using the gathered RUI data, I calculated the actual movement time to point and 

click FILE from home which is the center of the task screen, that is, around x = 840, y = 

525 pixels. Figure 6.19 shows the shortest path from home to FILE.  

 

 
 

 
 

Figure 6.19. The shortest trajectory from home to FILE  
in the Dismal spreadsheet task. 

 

As seen in Figure 6.19, the amplitude (A) is 877 pixels, which is the distance from 

home to the object (FILE) that a user points using the vertical mouse. The target width 

(W) is 42 pixels.  
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The index of difficulty (ID) is calculated based on the three equations (Equation 

6.2, 6.3, and 6.4). The ID ranges from 4.42 to 5.38. Table 6.25 summarizes different ID 

values. I, in this analysis, chose to use the ID equation of 

! 

log2(A /W +1) , because it 

prevents the ID being negative. 

 

Table 6.25. Index of Difficulty of pointing the “FILE” object. 

Equation Index of Difficulty (ID) 

! 

log2(2A /W )  5.38 

! 

log2(A /W + 0.5)  4.42 

! 

log2(A /W +1)  4.45 
 

 

I found several studies that investigated prediction of the mouse movement time 

using Fitts’ law. In 1978, Card, English, and Burr (1978) evaluated four devices, 

including a mouse, a rate-controlled isometric joystick, step keys, and text keys, to select 

text on a CRT display. The distance (A) to select the target text from starting point is 1, 2, 

4, 8, or 16 cm. The target sizes are 1, 2, 4, or 10 characters14. All targets are a group of 

characters. Card, English, and Burr used a version of Fitts’ law by Welford that is 

Equation 6.3, to find the movement time of different devices. The equation predicting MT 

(in s) for the mouse is 

! 

MT =1.03+ 0.096ID
1
, 

! 

R
2 = 0.83.  

MacKenzie, Sellen, and Buxton (1991) also compared input devices (e.g., 

Macintosh mouse, Wacom tablet and stylus, and Kensington trackball) in pointing and 

dragging tasks. For pointing tasks, twelve human participants who are computer literate 

were asked to point an object with A = 256 pixels and W = 16 pixels. The equation 

predicting MT (in s) for the Macintosh mouse is 

! 

MT = 0.107 + 0.223ID , R2 = 0.98.  

Based on the investigation by Card, English, and Burr, when the ID is 4.45, the 

movement time is predicted to be 1.46 s. I can argue that the movement time to point 

FILE using a normal mouse can be 1.46 s. Based on the investigation by MacKenzie, 

Sellen, and Buxton, when the ID is 4.45, the movement time is predicted to be 0.89 s. To 

compare this movement time with a normal mouse, thirteen participants’ learning 

                                                
14 One character is 0.246 cm. 
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performance using the vertical mouse was obtained from the raw RUI data. Table 6.26 

shows the mean time for the movement. 

 

Table 6.26. The movement time to point FILE using the vertical mouse  
for four serial learning sessions. (n = 13). All units are seconds. 

 
 Day 1 Day 2 Day 3 Day 4 

Mean 8.27 4.48 5.83 5.41 
SD 5.19 2.77 4.28 2.73 
SE 1.44 0.77 1.19 0.76 
 

The movement time of the vertical mouse is larger than that of a normal mouse. 

Users with a normal mouse could take less than 2 s to this movement, but users with the 

vertical mouse could take more than 4 s. Longer time to move can indicate harder to use. 

Thus, it is argued that the vertical mouse that was chosen to use in this dissertation study 

is different from the normal mouse. The vertical mouse is not only harder to use but also 

more novel than the normal mouse.   

 

6.6 Summary of Human Data 

Participants (N = 30) performed a set of spreadsheet tasks. The spreadsheet task 

was novel enough to measure participants learning and forgetting. All of the participants 

completed the learning sessions for four serial trials. Both keyboard and mouse users 

followed and confirmed the Power Law of learning.  

Interestingly, both keyboard and mouse users did not lead to significant 

differences in learning performance over the time range of four days of training and for 

the population in this dissertation. Similar to the famous log-log linear plot of skill 

acquisition (Newell & Rosenbloom, 1981), the investigation of the spreadsheet skill 

acquisition, here, confirmed the Power law of learning.  

When it comes to forgetting, the main purpose was to find difference on 

forgetting performance by two modalities and retention intervals. To investigate the 

forgetting phenomena, I investigated the first return day after serial trials of learning 

session. For keyboard users, the 6-day (R6) and 18-day (R18) retention intervals resulted 
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in significant differences on the task performance, t(8) = -3.96, p < .05. The 12-day (R12) 

and 18-day (R18) retention intervals had significant differences as well, t(8) =  2.29, 

p = 0.051 . For mouse users, the task completion time on R12 vs. R18 produced 

significant differences, t(8) = -3.18, p < .05. 

Multiple returns for a test after the learning session allowed me to investigate the 

relearning effect of the Dismal spreadsheet task. There were no significant differences on 

the learning performance by two modality groups (mouse vs. keyboard users). Unlikely, 

with regard to relearning, I found interesting results that relearning can be differential 

between the participants in the mouse group and the ones in the keyboard group. For 

mouse users, there is a significant difference of the mean task completion time on Day 10 

and Day 16, t(4) = 3.39, p < .05. For keyboard users, there is no significant evidence of 

the differential relearning effects, t(4) = 2.03, p > .05. In addition, for mouse users, there 

is statistical significance of difference the mean task time on Day 16 and Day 22, 

t(4) = 3.32, p < .05. For keyboard users, I have to embrace there is no statistical 

difference by the relearning, t(4) = 2.60, p > .05. It is found that there is statistical 

evidence that relearning effects can be affected by the modality and retention interval. 
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Chapter 7  

Comparison of the Model and Human Performance 
In this section, I test the ACT-R theory and the Skill Retention Model by 

comparing the model performance with the human performance.  

7.1 Why Do a Comparison? 

A model that is based on a sound theory can play a role of a surrogate user in 

simulating and predicting human behavior. Using a model prediction, if we assume the 

model prediction is reliable, can be cost effective in decision-making process that 

involves human operators.  

For example, if I want to schedule training sessions for pilots, I need to analyze 

previous training performance and predict future performance. Because gathering data 

from pilots is not inexpensive, a model can produce cost-effective data for prediction and 

scheduling as long as the model provides an accurate representation of human behavior. 

Thus, validating a cognitive model is very important issue when it comes to 

simulation and modeling. A cognitive model validation can provide a better 

understanding of whether a model has an accurate representation of human behavior.  

7.2 How to Validate? 

Campbell and Bolton (2005) provided a useful description of how to validate 

models in two ways: (a) Qualitative validation and (b) Quantitative validation. As 

qualitative model validation, one can gather validation evidence of the model by asking 

subject matter experts to assess the model. For example, it is possible to gather validation 

evidence from a modeling and simulation community (e.g., the ACT-R annual workshop 

or the ACT-R summer school). This is often referred as face validity.  

In quantitative model validation, the goodness-of-fit measures are used to 

compare two sets of data. The goodness-of-fit measures can be classified into two types 

of measures: (a) the trend relative magnitudes, and (b) deviation from exact data location 

(Schunn & Wallach, 2005). The trend relative magnitude can be described by 

! 

r
2 . Schunn 

and Wallah (2005) stated that the measures of relative trend are appropriate when the 
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dependent variable is an interval or ratio scale (e.g., frequency counts, reaction time, or 

proportions). The common ways to capture this trend include Pearson correlation 

coefficient (

! 

r ) and 

! 

r
2 . The deviation from data point can be described by RMSD (root 

mean squared deviation) and RMSSD (root mean squared scaled deviation). It is 

important to note that a model can fit the trends of a dataset, but cannot completely 

capture the exact locations of the data (Schunn & Wallach, 2005). 

The most frequently used measure of the goodness-of-fit to exact location is the 

Mean Squared Deviation (MSD) or the Root Mean Squared Deviation (RMSD). The 

model mean is represented by 

! 

m
i
 and the data mean is represented by 

! 

d
i
. The number of 

points 

! 

i  to be compared is represented by 

! 

k . Other measures to exact location include the 

Mean Absolute Deviation (MAD), the Mean Scaled Absolute Deviation (MSAD), and the 

Root Mean Scaled Deviation (RMSD). These measures are listed in Table 7.1.  

 

Table 7.1. Quantitative measures of the goodness-of-fit to exact data location. 

Measure Equation 

Mean Squared Deviation (MSD) 
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(m
i
" d

i
)
2

i=1

k

#

k
 

Root Mean Squared Deviation (RMSD) 

! 

(m
i
" d

i
)
2

i=1

k

#

k
 

Mean Absolute Deviation (MAD) 

! 

m
i
" d

i
i=1

k

#

k
 

Mean Scaled Absolute Deviation (MSAD) 

! 

m
i
" d

i
n
i

ks
i

i=1

k

#  

Root Mean Squared Scaled Deviation (RMSSD) 

! 

(m
i
" d

i
)
2
n
i

ks
i

2
i=1

k

#  

Note: 

! 

s
i
 indicates the standard deviation for each data mean, and 

! 

n
i
 indicates the number 

of data values contributing to each data mean 

! 

d
i
.  

 

For the comparison of the model to data, I am using two measures of the relative 

trend magnitude (

! 

r
2) and the deviation from the exact data location (MSD, RMSD or 

RMSSD).  
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! 

MSD =
(m

i
" d

i
)
2

i=1

k

#

k
      Equation 7.1 

! 

RMSD = MSD =
(m

i
" d

i
)
2

i=1

k

#

k
    Equation 7.2 

  

! 

RMSSD =  

! 

(m
i
" d

i
)
2
n
i

ks
i

2
i=1

k

#      Equation 7.3 

 

7.3 Results and Discussion 

This section presents results by comparing the human data with the model data. 

First, I compared the mean task completion time of 15 mouse users and 15 keyboard 

users performing the Dismal spreadsheet tasks with the learning theory of the Power 

Law. Second, I compared the 15 mouse users data performing the subtask 1, OPEN FILE, 

with the Skill Retention Model performance. 

7.3.1 Power Law of Learning with Data 

I tested the theory of Power law of learning, on which ACT-R is basically 

grounded, against the human data. The data were gathered from mouse users (n = 15) 

performing the Dismal spreadsheet tasks (all subtasks). Figure 7.1 shows plots of data 

and the Power curve.  

 

 

Figure 7.1. Plots to compare the mouse users’ data with the Power curve.  
r2 is 0.98, RMSD is 115.1, and RMSSD is 2.2. 
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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. 
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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-
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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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