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To predict and improve human performance in spatial segmentation Chinese handwriting recognizer, a
mathematic performance model was developed based on Fitts’ law and probability theory of discrete
random variables. The model was verified by a behavioral experiment and it can predict subjects’ task
completion time well after the subjects experienced 2 stages of practice (R square > 0.9). The
mathematic model including its variants might be very helpful for designers of the user interface to
select optimal parameters in layout of elements on the user interface and focus on relatively important
and cost-effective factor(s) in the system to optimize the human performance. Further developments of
the model in modeling human performance in using other input advices, and its value in developing
proactive ergonomic design and analysis tools for input interface design are discussed.

INTRODUCTION

Nowadays pen computing and pen-based interface become
one of major ways in human computer interaction, esp. in
using personal digital assistance (PDA) and other mobile
computing systems (Mackenzie & Chang, 1999; Davis et al.,
1998; Frankish et al., 1995). Moreover, for more than 1.5
billion people in the world using graphic characters, e.g.
Chinese, Japanese, and Korean, inputting graphical characters
into computer remains a major impediment in human—
computer interaction (Wu et al., 2003; Sarcher et al., 2001;
Cheng, 1996). The development of handwriting recognition
system (see Figure 1 as an example) has shed lights on the
solution to this bottleneck (Sarcher et al., 2001) because they
can save users’ time in mentally mapping graphical characters
onto keyboards, reduce mental workload, and offer direct
manipulation of characters on user interface (Zhang, 1992;
Wau et al., 2003).

Figure 1. A mobile phone with a Chinese character
handwriting recognizer. Adapted from Wu (2003).

However, most of the previous human performance
modeling studies were focused on text entry with standard
keyboards and use English as inputting language (John, 1989;
Wu et al., 2004 a, b). Very few human—computer interaction
researches including human performance modeling, studied
the human performance in using these graphical character
handwriting recognizers.

All of the handwriting recognizers can be categorized into
two kinds: temporary and spatial segmentation depending on
how the system separates different characters. A temporary
segmentation handwriting recognizer only has one
handwriting window. Hence, user has to write a character in
the window, pause several hundred milliseconds waiting for
the system to recognize the character, and then write the next
character in the same window. Recently, Wu et al. (2003)
published the first work in modeling human performance in
Chinese temporary segmentation handwriting recognizer. By
using mathematical modeling and structural equation
modeling (SEM) methods, a mathematical human
performance was built and validated by two behavioral
experiments. The mathematical model is able to predict task
performance time including handwriting and correcting time
based on R (system recognition time per character), UD (user
delay time), WT (handwriting time), and RA (system
recognition accuracy).

A spatial segmentation handwriting recognizer has multiple
handwriting windows. For example, in using a double-window
recognizer (see Figure 2), user can write first character in the
left window and then continues to write the second one in the
right window. When the user finishes writing the second
character, he or she can begin to write the third character on
the left window because the system may already recognize the
first character on left window when user is writing on the right
window. Therefore, spatial segmentation handwriting
recognizer is more efficient in improving the human
performance. Because of the multiple windows on the user
interface, human performance modeling is focused on
predicting task completion time (T) in terms of size and
distance of different areas on the user interface (see Figure 2),
handwriting time, and other variables of user and system.
Once a mathematical performance model is developed, it is
possible to propose optimal parameters setting in designing
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user interface and find relatively important and cost-effective
factor(s) in the system to optimize human performance.

ez AT T
R nEe: A g4 — = #E
| ERE B DE

AXEmL N EE Z o

-

09:36-19AH 13-Apr—2002

1: Handwriting area (one window per character)

2: Alternative characters selection (ACS) area (when one of
characters is selected in text editing area, e.g. “/ in Figure 2, several
alternative recognized characters as system recognition result will
appear in this ACS area to let user select a correctly recognized
character, e.g. “{~” in Figure 2)

3: Text editing area (listing all of characters as recognition results)
Figure 2. A user interface of a double-window spatial
segmentation Chinese handwriting recognizer

METHOD
Mathematical Modeling

Total task completion time (T) is composed of two parts:
copywriting time (D;)—viewing text to be copied and writing
characters onto the multiple windows; correcting time (D,)—
correcting wrongly recognized characters in the text editing
area.

Copywriting time (D;). Copywriting time includes time to
read the character to be input (UD, user read character one by
one in unfamiliar text condition), handwriting time (WT) and
movement time between the handwriting windows (MT).

According to a review of human factors studies (Mackenzie,
1992), Fitts’ law (Fitts, 1954) can be used to estimate finger
or stylus movement time in pointing at two different targets
on user interface (see equation 1).

MTrj=ao+kLog>(2A/W) (D
MTgy: movement time; A: distance of movement from start
to target center; W: target width; ao, k: regression coefficients

Figure 3. Movements of stylus on the interface in writing
characters (M1: Finishing the last stroke of the first character on the
left and move to start writing first stroke of the second character on
the right; M2: Finishing the last stroke of the second character on the
right and move to start writing first stroke of the third character on
the left; Side of each window =J; Average distance from area B to
C=0.5J; Average distance from area D to A=1.5])

Based on Figure 3 and equation 1, the movement time of
M1 (MT;) and movement time of M2 (MT,) will be:
MT =ap+kLog,[2x0.5J/0.5]] 2)
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MTj=ag+kLog,[2x1.5J/0.5]] 3)
Suppose there are F multiple windows (F=2 in equation 2
and 3, MT, and MT), can be generalized into equation 4 and 5:
MT =(F-1)[a¢+klog,(2x0.5J/0.5])]
=(F-1)(ap+k) 4)
MT,=ap+kLog,[2x(FJ-0.5J)/0.5]] ()
If N characters are written (N>F), the total time spend on
movement between different windows (MT) will be:
MT=[(F-1)MT,+MT,] [ N/Fl (f Nmod F=0)  (6)
{MTF:[(F—I)MT1+MT2] [N/Fl +[(N mod F)-1]MT, @)
(if N mod F+£0)
Therefore, if there is no overlapping between UD, WT and
MT. The copywriting time (D;) of N character will be:
D,=[(F-1)MT,+MT,] IN/Fl +NxWT+NxUD 8)
{ (if N mod F=0)
D,=[(F-D)MT,;+MT,]IN/Fl +[(N mod F)-1]MT,
+NxWT+NxUD (if N mod F+£0) &)

Correcting time (D). Estimation of correcting time is
depending on handwriting recognition result of the system:

1) Path A: after user finishes copywriting of all of N
characters, first, user will visually search wrongly recognized
characters in the text editing area (see Figure 2, takes D,.s ms)
and point at one of wrongly character with stylus (takes Dir
ms). If the correctly recognized character corresponding to
the pointed character appears in the alternative characters
selection (ACS) area (takes the user D, ms to search the
correctly recognized character in ACS area), user has to move
stylus from the text editing area to the ACS area (takes D,
ms) and select the correctly recognized character (takes Dyyr
ms). Finally, after the character is corrected, the stylus is
moved back to text editing area for the next character to be
corrected (takes D.. ms). Assume within the N characters,
correcting process of n, characters follows this path A.

Based on other experiment studies in Chinese character
reading, equations of expected Dy, Dy and D, are
developed (see appendix 1 for detailed deduction process):

Dyei=[173+199Ln(N)]+439= 612+199Ln(N) (10)
Dy=[173+199Ln(N)]+439= 612+199Ln(I) (11)
D.. =ay+klog,[2Lec/E(Wec)] (12)

If there is an axb metrics of characters in the text editing
area, based on probability theory, it is possible to estimate
expected distance between two wrongly recognized
characters. Then, this distance can be plugged into the Fitts’s
law to calculate the expected value of Dy and Dps (see
Appendix 2 for detailed deduction).

Dine = ao+klogz{2iizh:[\/(0.5a -m+0.5)>+(0.5p—n+0.5)*]} (13)
a

o (14)

c d
Dins =ao+k10gz{2idzzw(o.5c—m+o.5)2 +(0.5d —n+0.5)*1}
C

m=1 n=1
Thus, total expected correcting time in path A (D,A) will be:
D2A= Dvef +Dmef +Dvcf +2Dec +Dmcf (15)
2) Path B: After user finishes copywriting of all of N
characters, visually search wrongly recognized characters in
the text editing area and point at one of wrongly character
with stylus, if the correct character does not appear in the
ACS area, user has to move the stylus back to the handwriting
area to rewrite the character (first-time rewriting). Suppose
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within N character, correcting process of ng character follows
this path BO. After BO, there are three branches in path B
(B1-B3). Branch B1: if first-time rewritten character is not
recognized by the system and the user does not find the
correct character in the ACS area, user has to rewrite the
character again. If the second-time rewritten character is
recognized correctly, user will correct the next character
otherwise the user stops correcting the character according to
an instruction that user stops correcting character if the
character is not recognized by the system two times. Suppose
within ng characters, ng; characters’ correcting process
follows path B1. Branch B2: if first-time rewritten character is
not recognized by the system but the user find the correct
character in the ACS area, user will select the correct
character in the ACS area and go on to correct the next
character. Assume within ng characters, ng, characters’
correcting process follows path B2. Branch B3: if first-time
rewritten character is recognized by the system correctly, user
will correct the next character immediately. The number of
characters following this correcting process will be ng-(ng;+
Np).

Similar to the task analysis method in path B, the correcting
time of BO-B3 are estimated (see Table 1).

Table 1. Correcting time of BO-B3 in path B

Path B Equation

Path BO Dygo = Dyet +Dimert Dyer + 2Dt WT+R
Branch B1 Dyp; =2UD+2Dgy+D, s +WT+R
Branch B2 D2B2 =UD+ Dvc[ +2Dec+Dme[
Branch B3 D,g3 =UD

Therefore, the total task completion time (T) will be:
T=D;+ naD2a+ ngDspo+ ngiDapi+ npaDogs
+(ng- ng- npz)Dop3 (16)

Experiment Validation

A behavioral experiment was conducted to validate equation
16. In current experiment setting of the input interface, the
value of UD followed normal distribution (mean: 439 ms;
standard deviation: 48 ms) based on an experiment study of
Chinese reading task (Gao & Zhong, 1995). The value of a,
was 12.8 and k was 94.7 (Fitts, 1954). I=8, R=550 ms, N=24.
The expected value of T in the current setting will be:
T=3002n,+(3339+WT)xng+(2757+WT)xng;+439x(

Ng- Ng;- HBz)+1983 H32+24X(WT+622) (17)

In the experiment, the value of WT, n, to ng, will be
recorded by self-developed software automatically. These
parameters will be plugged into equation 17 and the estimated
T will be compared with T value in experiment results.

Participants. 6 undergraduate students (3 male, 3 female),
20-22 years old, who never used same kind of handwriting
system, participated in the experiment. They were not major
in statistics or psychology. To exclude effects of handedness,
subjects copied sentences with their dominant hands. Subjects
were thanked and paid after the experiment.

Material. Sentences to be copywritten in the experiment
were selected by a pilot study (Wu & Zhang, 2000). Each
sentence contained 24 Chinese characters (mean: totally 179
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strokes per sentence, standard deviation: 11 strokes per
sentence). The pilot study found no significant difference of
copywriting time among these sentences by excluding
individual handwriting time as a covariate variable. Moreover,
the content of the sentences were academic terms in statistics
and psychology, which all of the subjects were not familiar
with.

Apparatus. Hanwang (EM III 6045) spatial segmentation
Chinese handwriting recognizer was used. The behavioral
data was recorded by online video capture software. A self-
designed software (IntelPen) was used to measure subjects’
handwriting time (WT).

Experimental design and procedure. One-factor within
subject design was used in this experiment. The independent
variable was the number of practice stages (4 stages totally).
The dependent variable was the task completion time
including copywriting and correcting time. The order of
sentences presented in the experiment followed ABBA order
paradigm (Yang, 1996).

First, experimenters introduced how to use the recognizer to
the subjects. Then, subjects were asked to copywrite the
sentences on the screen as quick as possible with their regular
writing style, and then correct wrongly recognized characters.
Subjects were told to stop correcting character if the rewritten
character was not recognized by the system two times. Each
practice stage lasted around 15 minutes, including
copywriting the sentences and correcting the wrongly
recognized characters. After 4 practice stages, subjects’
handwriting speed was measured.

Experimental Result. The total task completion time (T) in
the experiment and estimated T based equation 17 were
plotted on Figure 4. Table 2 listed Pearson correlation
coefficients between actual and estimated task completion
time and R square of the model.
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Figure 4. Task completion time in the experiment comparing
to estimated task completion time (Error bar: £1 SE)

Table 2. Pearson correlation coefficients between actual and
estimated total task completion time and model’s R square

Practice Stage | Pearson correlation coefficient | R’
1 .678** 460
2 T41%* .549
3 925%%* .856
4 .934%* 872

** p<.01 (2-tailed)
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It was found that both the Pearson correlation coefficients
and R square of the model increased with number of practice
increasing. There was significant difference between the
estimated and actual total task completion time at the first and
second practice stage (t=2.559 (df=44), p<.05; Wilcoxon
W=379, 7Z=-2.723, p<.01). At the third and forth practice
stage, there was no significant difference between the
estimated and actual T (t=1.875 (df=39), p>.05; t=0.912 (df
=46), p>.05).

DISCUSSION

A mathematic model of human performance (equation 16)
in spatial segmentation Chinese handwriting recognizer is
developed and validated by a behavioral experiment. The
model is able to predict human performance after user
experienced two stages of practice (R square>0.9). The
model’s underestimation of T at the early stage of practice
may stem from several reasons: first, the subjects may spend
additional time in getting familiar with the system and
function of each area; second, handwriting time (WT) in
equation 17 was measured at the end of practice. Subjects’
handwriting time may be longer at the earlier stage of practice
because they may spend additional time to adapt to the
friction between the stylus and the interface which is lower
than normal friction between regular pen and paper.

This model including its variants might be very helpful for
the designer of the user interface to select the optimal
parameters in layout of elements on the user interface. Based
on parameter optimization process (see Wu et al., 2003 for
detailed optimization methods), it is possible to deduct: i)
optimal size of text editing, ACS and handwriting area (a, b, c,
d, J) as well as their optimal distance and width (Lec, Leh,
Wec, Weh); ii) optimal number of alternative characters to be
selected (I); iii) optimal system recognition time (R). iv)
optimal number of handwriting windows. For example, when
number of handwriting window (F) increased from 2 to 3, 4,
5, and 6 (other parameters in the system are fixed), the task
completion time per character (T/N) is reduced by 41 ms
(F=3), 204ms(F=4), 357ms(F=5), and 488ms(F=6).
Therefore, the model predicts that user interface with 4 or
more windows will improve the human performance
efficiently.

Moreover, the model may also help the designer of the
system focus on the relatively important and cost-effective
factor(s) in the system to improve the human performance.
For example, if the designer hope to compare the importance
of two factors—handwriting time (WT) and recognition time
(R) in determining the human performance, in the current
interface setting, equation 16 can be developed into:

T=199(np+ng+ng +ng,) Ln(I)+(ng+ ng+24)WT
+(ng+ng)R+2590n,+2925n5+2339ng,+1569n5,+439(n
p-Np1-Np2)+24UD+24%183 (18)

If other parameters are fixed, weight of WT will be higher
than R. This means that increasing handwriting speed (e.g. by
reducing the friction between stylus and screen) will improve
human performance more efficiently than decreasing the
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system recognition time which might require more cost on
hardware of the system than the cost of reducing the friction.

Finally, by replacing the parameters in the model (e.g.
handwriting time (WT) of Chinese to WT of other language or
speaking time), it is possible to use the same model to predict
human performance in using other input devices, e.g. English
handwriting recognizers and even voice recognition systems.
Since the current model does not consider parallel processing
of different subtasks, it is promising to integrate the current
model with queuing-network based cognitive architecture, e.g.
QN-MHP (Liu et al., 2004; Wu et al, 2004a, b) which can
simulate the parallel processing without drawing scheduling
charts. Our comprehensive computational model of
handwriting offers not only quantitative prediction of human
performance, but also a step toward developing proactive
ergonomic design and analysis tools for input interface
design.
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APPENDIX

Appendix 1. Estimation of Dy, D¢ and D,

Table 3 listed the expected reaction time to search a target Chinese
character in a text composed of N characters (SD=48) calculated from
the studies of Gao & Zhong (1995) and Yang (1996).

Table 3. Calculated Chinese character searching time (ms)

N 1 2 3 4 5 6 7 8 9 10

RT | 626 | 755 | 803 | 873 | 926 | 971 | 1009 | 1042 | 1058 | 1061

These data could be summarized into equation 10 based on the
curve estimation function in SPSS 1.0 (R’= .991, F(df=8)= 865.91,
p<0.001).

Dye= 612+199Ln(N) (10)

Similarly, we can predict the time (D,.) in searching a target
Chinese character in the ACS area (suppose there are I characters in
the area).

D,t=612+199Ln(I) (11)

Based on Fitts law, if the average width of ACS area and text
editing area is Wec and the distance between the centers of these two
areas is Lec, the movement time between these areas will be:

D.. =ag+klog,[2Lec/E(Wec)] (12)

Similarly, we can have: Dg=ap+klog,[2Leh/E(Weh)]

Appendix 2. Estimation of D,,s and Dy,

m
F 3

b

0 a
Figure 5. An axb metrics of characters in the text editing area
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Assuming that the side of each small square (one character) in
Figure 5 is 1 unit, and the size of the editing area is axb units.
Suppose the stylus starts from the center of editing area (OE,
coordinate (0.5a, 0.5b), see Figure 5). The coordinate of the character
(Tmn) on n-th row m-th column is (m-0.5, n-0.5).

Thus, TO—the distance between T,,, and OE will be:

TO = \J10.5a— (m—0.5)]° +[0.56—(n—0.5)
=(0.5a—m+0.5)* +(0.5b—n+0.5)’

Based on (Wu & Sun, 1995), the probability density function of T,
will be:

1/ab 0, al; 0,b
ey =i g

According to the methods in calculating the expected value of
discrete random variables (Wu & Sun, 1995), the expected value of
TO, E(TO) will be:

E(TO) = E[\J(0.5a—m +0.5)> + (0.5b—n +0.5)" ]

-y [L (0.5a—m+0.5)*+(0.5b—n+0.5)*]
ab

m=1 n=1

= iz Zb [W(0.5a —m +0.5)> +(0.56 —n+0.5)°]

m=1 n=1

For example, if a=8, b=3, then E(TO)=2.209. Because the movement
angle can be ignored when using Fitts” laws (Austo, 1996), D, and
Dynetin this setting will be:

Diner = : 1Y _ 2 _ 2 (13)

et = artkloga(2— 3 S W0.5a-m+0.5) +(0.5b-n+0.5°1)

m=1 n=1

c d
D = ao+k10gz{2$ %}V’Z:]:[\/(O.Sc—m+0.5)2 +(0.5d —n+0.5)"1} (14)

Appendix 3. Nomenclature

ACS Alternative characters selection area

a,b Length and width of text editing area

c,d Length and width of ACS area

D, Copywriting of N characters

D, Correcting time of N characters

De. Movement time between editing and ACS area

Den Movement time between editing and handwriting area

Dot Movement time in selecting a character in ACS area
Dinet Movement time in selecting a character in editing area
) Visual searching time of a character in ACS area

Dyer Visual searching time of a character in editing area
E(Wec) Average width of editing and ACS area

E(Weh) Average width of editing and handwriting area

F Number of handwriting window

I Number of characters in ACS area

J Side of handwriting window

Lec Distance between editing and ACS area
Leh Distance between editing and handwriting area
MT Movement time between windows

N Number of characters to be input

n Number of characters in a correcting path
R System recognition time per character
RA recognition accuracy

T Task completion time

UD User recognition time of a character

WT Handwriting time per character
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