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Abstract
Human performance in Chinese character handwriting recognizers is critical to the
satisfaction and acceptance of their users. Based on Teal’s [CHI’92 (1992) p. 295] interactive
model, a static model describing the independent factors in determining the task completion
time was set up with a simple mathematical inference; in addition, a dynamic model describing
these factors’ direct and indirect causal relationship was established by the path analytic
method. Results in Experiment 1 indicated that both the static model and the dynamic model
could ﬁt observed task completion time satisfactorily with minor modiﬁcations. In addition,
with users’ average writing time around 1500 ms for each frequently used character, it was
found that the user’s performance was impaired signiﬁcantly when segmentation time was
longer than 1040 ms. An integrated model was devised after combining the static and dynamic
models. Experiment 2 testiﬁed the integrated model in another handwriting recognizer and
found that it could still ﬁt human performance data with users in three different training
conditions. Implications of the integrated model are that: (1) when recognition accuracy and
number of inputting characters are constant, the weights of average writing time for each
character, segmentation time, recognition time in determining task completion time are equal
but bigger than the weight of the repairing time; (2) when the repairing time, average writing
time for each character, segmentation time and recognition time are constant, there is an
inverse model between task completion time and recognition accuracy; when recognition
accuracy is from 50% to 93%, every 1% increase of recognition accuracy will reduce task
completion time from 1989 to 1915 ms; when recognition accuracy increases from 94% to
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100%, every 1% increase of recognition accuracy will reduce task completion time from 1895
to 1392 ms. Guidelines in designing these recognizers were given based on these implications.
r 2003 Elsevier Science Ltd. All rights reserved.
Keywords: Performance modeling; Handwriting; Recognition accuracy; Segmentation time

Nomenclature
ST
R
UD
WT
RA
D
N
T

segmentation time, ms
recognition time, ms
user delay, ms
average writing time per character, ms/character
recognition accuracy, %
task completion time/duration, ms
number of input character, nondimensionless
repairing time, ms

1. Introduction
Nowadays pen computing and pen-based interface have wide application in
personal digital assistance (PDA) and other mobile computing systems (Mackenzie
and Chang, 1999; Davis et al., 1998; Oomika and Nakagawa, 1997; Frankish et al.,
1995).
On the one hand, to improve the human performance in these systems is crucial,
because the poorly implemented system can lead to an unacceptable system
(Kalaswsky, 1999) and there is a strong causal relationship between the performance
and user’s satisfaction (Frankish et al., 1995). In addition, small reductions in
average transaction time can be worth millions of dollars every year to service
providers (Hone and Baber, 1999).
Human performance modeling is the base to understand the detailed process of
man–machine interaction and to improve the performance. First, with this model, it
is possible to predict the user’s performance of these systems accurately with a
limited number of parameters rather than run the tedious empirical usability tests.
Compared with the method of factorial experiment, the method of modeling allows a
large range of different parameters to be tested, helping the researcher to pin-point
these parameters at which a given dialogue design would be most effective (Hone and
Baber, 1999). Second, it can be used to understand the detailed process of interaction
between the user and these interactive handwriting recognizers, even speech
recognizers. The factors studied in this model, including recognition accuracy,
average repair time, and execution time, still play the key roles in determining the
human performance in the other graphic characters and speech recognition systems
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(Karl, 1993). Third, theoretical performance will have wider applications in
estimating human performance than the empirical linear model. Theoretical
performance modeling plus the minor modiﬁcations for the empirical experiment
may hold higher degree of ﬁtness to another set of experimental data than the
empirical linear model because the latter is only based on the goodness of ﬁt in one
case rather than generalize the parameters of the other cases (Spine et al., 1984;
Casali et al., 1990). Fourth, it can facilitate the development of the intelligent
algorithm to maximize the user’s performance in these systems. For example, if the
system can adapt to different speed of writing of the user by automatically changing
the segmentation time in the model to maximize user’s performance. However, there
has been little research to model human performance in putting and repairing the
graphic character systems.
On the other hand, to the 1.3 billion Chinese people, inputting Chinese characters
into computer remains a major impediment in human–computer interaction (Sarcher
et al., 2001; Cheng, 1996). The development of the handwriting system has shed
lights on the solution to this bottleneck (Sarcher et al., 2001). However, most of the
previous Chinese human–computer interaction studies are concerned with keyboard
inputting with different methods to map the graphic characters onto the QWERTY
keyboard (Cheng, 1996; Zhang, 1992). There is little human–computer interaction
research, including human performance modeling research in Chinese character
handwriting recognizers, to improve the human performance in these systems.
To separate continuously inputted characters one by one, there are two kinds of
methods used in separation: ﬁrst, temporal segmentation method segments
characters based on temporary interval between each character inputted (Lu et al.,
1995); second, spatial segmentation method separates characters by their spatial
allocation on the screen; the latter method will take up more space in the user
interface and this problem will become more severe when user plans to input legible
characters onto the 2  2 cm2 small screen user interface of the mobile phones (see
Fig. 1). The former method will impair the human performance with the existence of
segmentation time in the system (see Section 1.1 segmentation time), which makes it
necessary for the related human performance research to ﬁnd out the performance
models and optimal length of optimal segmentation time in these recognizers.
In addition, theoretically, the human performance may include task completion
time and error rate. Casali et al. (1990) study in speech recognition system treated
task completion time and error rate to be repaired as the indexes of the human
performance. In this study, since the subjects were required to repair all of the
recognition error during input process, the higher the error rate, the longer the time
will be used by the subject to complete the task, i.e. the error rate was included and
reﬂected by the task completion time in this study. Therefore, in this study, task
completion time was treated as the main index of the human performance in this
study.
The detailed modeling includes: decomposing the detailed process of handwriting,
ﬁnding out the factors that may affect the performance, and setting up mathematical
and statistical models to describe their quantitative relationship with the
performance.
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Fig. 1. A mobile phone with a Chinese character handwriting recognizer. Adapted from Wu (2001).

Table 1
Factors that may affect the human performance in handwriting recognition system
Sources of the factors

Factors

Temporary segmentation handwriting recognizer
User

Segmentation time
Handwriting speed (average handwriting time per
character) (Frankish et al., 1995); user strategy
(Teal and Rudnicky, 1992)
Recognition accuracy (Wolf et al., 1991); repairing
time (Wolfgang and Yang, 1998)
Task type (Frankish et al., 1995); the possible direct
and indirect causal relationship among these
factors (Frankish et al., 1995)

Interaction between the user and recognizer
Others

1.1. Factors in temporary segmentation handwriting recognizer that may
influence human performance
Previous human factors research had studied some factors that inﬂuence the
human performance in handwriting recognition system (Table 1).
Segmentation time: Segmentation time is the default length of the interval of
different strokes set in the system. In the process of on-line handwriting, for example
(see Fig. 2), if the length of interval between strokes and is shorter than that
default length (segmentation time), the system will treat these two strokes as part of a
whole character and wait for the input of the third stroke. If the interval is longer
than the segmentation time, the recognizer will treat all of the previous inputted
strokes as a completed character.
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Fig. 2. Handwriting window of a temporary segmentation Chinese character handwriting recognizer.

However, the length of segmentation time triggers some difﬁculties for the user
in handwriting: if the segmentation time is set too short, the user cannot keep
up with the system and some strokes which are only a part of a character are
processed by the system as a whole character; if the length of segmentation time is set
too long, user will wait for an unnecessary time after writing all the strokes of a
character, and the performance of the user may be impaired. Even though there
are some studies in segmentation algorithm in Chinese and Japanese characters
(Chien, 1995; Krishnan and Moriya, 1993; Cho et al., 1993), it is still not clear
about the effects of different segmentation time on user’s task completion time are
still not clear.
Recognition accuracy: It was found that recognition accuracy was affected
by many factors. These factors included style of writing, amount of training,
interval of disuse, and alphabet (Wolf et al., 1991). Constraint of inputting
(lower case and upper case) also signiﬁcantly inﬂuenced the recognition
accuracy found by an empirical study in handwriting recognizer (Mackenzie
and Chang, 1999). Some researchers did successfully manipulate recognition
accuracy by the method of ‘‘Wizard of Oz’’ (LaLomia, 1994; Buskirk and LaLomia,
1995). However, it will become difﬁcult to ‘‘trick’’ the subjects when there
are inputting errors coming from the subjects and the repairing process
handled by the subjects themselves. For example, when there is no inputting error
from subjects, subjects will treat the incorrect character as the wrongly recognized
one. However, if subjects wrongly input a character but the character that appears
on the screen is absolutely correct, it will lead the subjects to ﬁnd the truth
of ‘‘Wizard of Oz’’. Consequently, it is difﬁcult to manipulate this variable when
there are inputting errors coming from the subjects and repairing process handled by
the subjects.
Repairing process and repairing time: Even though a recognition rate of 97% or
higher was acceptable (LaLomia, 1994), the commercial product might have some
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difﬁculty in meeting such a standard of acceptance. Empirical study in handwriting
recognizer indicated that the accuracy observed (87–93%) was below the walk-up
accuracy claimed by the developers of the recognizer (Mackenzie and Chang, 1999).
The recognition accuracy will be much lower in the ﬁrst stage of handwriting when
the templates in the recognizer have less data of the user’s writing style for automatic
learning. Moreover, the repair process is more common for the speech recognizer.
Consequently, it is necessary to study the whole process of handwriting with
repairing process (see Section 2.2). Furthermore, it is also difﬁcult to manipulate this
variable in the handwriting process because it is determined by the writing style and
other complex characteristics of the subject, e.g. motor control ability and visual
reaction speed, etc.
User’s execution time and writing time: User’s execution time is an important part
of normal human–computer interaction (Teal and Rudinicky, 1992). First, there is
an obvious individual difference in user’s execution time and writing time, which
makes systematic manipulation difﬁcult; in Experiment 1 of the present research,
writing time in the process of handwriting was recorded by the software
automatically; Second, in interacting with handwriting recognizer, for most
individuals, handwriting characteristics are well established and stable (Frankish
et al., 1995). Consequently, in Experiment 2 of the present study, to facilitate the
application of the performance model in realistic world, writing time in the process
of handwriting was replaced by the subjects’ initial writing speed recorded at the
beginning of the experiment.
Other factors are also essential to be taken into consideration in the study
of human–computer interaction in regard to handwriting recognizer: ﬁrst,
user’s strategy of selection: existence of segmentation time caused some delay
when the recognizer responded to the user’s inputting action. Such a delay, like
the system response time, will affect a user’s selection of task strategies (Teal
and Rudnicky, 1992; Paddy and Draper, 1996); second, task context: study in
recognition accuracy of handwriting recognizer found that the inﬂuence of
recognition accuracy on user satisfaction depends on the task context (Frankish
et al., 1995).
Moreover, Frankish’s research (1995) indicated that there are direct and indirect
dynamic causal relationships among these factors.
Based on the review above, in present study, segmentation time, recognition
accuracy, repairing time, and handwriting time were the major four parts of the
performance models. Moreover, ﬁrst, a static performance model which treats the
factors independent of each other will be established to provide the basic
composition and estimation of the task completion time; second, since there are
possible direct and indirect dynamic causal relationships among these factors, a
dynamic performance model which takes these relationships into consideration will
be set up to reduce the variables in the static performance model. In addition, user’s
strategy selection was controlled by experiment instruction, which was veriﬁed by a
pilot study. Only one task context, the copying task, was applied in the present
study, so that the irritant variable of the task context was also controlled in
this study.
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2. The static performance model
2.1. Condition without the error repair and its performance model
The detailed information on the inputting process in computer is involved in the
analysis of an interaction cycle in terms of system and user events (Shneiderman,
1984). There is a model set up to analyse the detailed process of the English words
typed under the condition without the error repair (Teal and Rudnicky, 1992).
System events in the model contain the system response time, display time and
lockout time (see Fig. 3), and in the process of the temporary characters
handwriting, system events contain the segmentation time ðSTÞ and recognition
time ðRÞ:
User events in the model are composed of the three components: (1) user planning
and acquisition time is the time that elapses between when user initiates the current
system activity and the user begins entering the next task into the computer; (2) user
delay ðUDÞ is deﬁned as the time that elapses between when the system is ready for
the next system input and when the user actually begins to enter the next activity into
the system, e.g. the duration between when the recognized character appears on the
screen and when the user presses the ‘‘back space’’ key on the keyboard; (3) the
execution time is the time required by the user to enter the task into the system. In
the process of the Chinese characters handwritings, it refers to the time taken by the
user to write one Chinese character ðWTÞ:
Therefore, if the user input N characters correctly and continually, the
performance model, which is represented by the task completion time/duration
under the condition without the error repair, can be inferred:
DurationN ¼

N
X
ðST þ R þ UD þ WTÞ þ Error:

ð1Þ

i¼1

User initiates

System Ready for

User prepares

User initiates

system activity

next activity

system input

system activity

Legend:

System response time, display time and

System Events

lockout time
User Delay

User Events

User Planning &Acquisition Time
Execution
Time

Fig. 3. Model of user and system events occurring during a normal human–computer interaction (Teal
and Rudnicky, 1992, briefed).
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To the frequently used Chinese characters, the distribution of the simple visual
reaction time is M ¼ 439 ms, s:d: ¼ 48 ms (Gao et al., 1995). To facilitate the ﬁt to
performance data for the model, only the mean of the simple visual reaction time to
the Chinese characters was used in this study.
Consequently, if average ðWTÞ represents the average handwriting time for each
Chinese character, performance model will be transformed into (2):
DurationN ¼ NðAverageðWTÞ þ ST þ R þ UDÞ þ Error
¼ NðAverageðWTÞ þ ST þ R þ 439Þ þ Error:

ð2Þ

2.2. Condition with the immediate error repair and its performance model
Generally, there are two kinds of repair methods in temporary segmentation
handwriting recognizer: immediate repair and delayed repair. The former is to repair
the wrong character immediately after it appears on the screen. Since it can facilitate
the immediate transmit from the track of the handwriting into the analysable codes
in the central processor (e.g. handwriting name and telephone number can be
processed immediately by PDA), which is more typical for common usage, this
repair method was adopted and studied in this study.
Adding the repair process to the model without the error repair, the user events in
the repair process will contain the ﬁve components (see Fig. 4):
Box and are the processes of repairing of the wrong character by the user.
Detailed process includes press the ‘‘Back Space’’ key (Box ) and write that
character again (Box ).

Fig. 4. Model of user and system events occurring during the handwriting and immediate repair process.
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To facilitate the veriﬁcation of the mathematical model, assume the repairing time
ðTÞ (see Fig. 4): the interval between when the wrongly recognized character appears
on the screen and when user begins to write the correct recognized character.
Box , and were the same as the corresponding boxes in the input process.
The total handwriting time was composed of two parts:
(1) The time taken to input N characters correctly:
NðWT þ ST þ R þ UDÞ:

ð3Þ

(2) The extra time taken to repair the wrongly recognized characters:
Recognition accuracy of the system was assumed to be the ratio between the
number of correctly recognized characters and the total number of characters
inputted. If user input N characters with immediate repair, it is assumed that x times
of the repair process will occur.
Since RA ¼ N=ðN þ xÞ; we have
x ¼ N½ð1=RAÞ  1

ð4Þ

and total time taken in the repair process in each trial:
ðT  UDÞ þ WT þ ST þ R þ UD:
Consequently, the time taken by the whole repair process in each trial:
N½ð1=RAÞ  1½ðT  UDÞ þ WT þ ST þ R þ UD:

ð5Þ

Theoretically, the performance model of handwriting and immediate repair
process will be (3)+(5) see (6):
Duration ¼ NðWT þ ST þ R þ UDÞ þ Nðð1=RAÞ  1Þ
 ½ðT  UDÞ þ WT þ ST þ R þ UD þ Error;

ð6Þ

¼ NðWT þ ST þ R þ 439Þ þ Nðð1=RAÞ  1Þ
 ½ðT  439Þ þ WT þ ST þ R þ 439 þ Error;

ð7Þ

¼ N½ð1=RAÞðT þ WT þ ST þ RÞ þ 439  T þ Error:

ð8Þ

3. The dynamic performance model
After establishing the basic components of the task completion time, it is necessary
to build up the dynamic direct and indirect causal relationship among these factors
to reduce the variables in the static model.
First, user will adapt their work style to the response time (Shneiderman, 1992),
which suggests that with the reduction of segmentation time ðSTÞ; user might write
more rapidly and their average writing time per character ðWTÞ will decrease (path
A, Fig. 5).
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Recognition
Accuracy (RA)

F-

B-

Duration of
Segmentation
Time (ST)

A+

Writing Time (WT)

C+

Repairing Time (T)

E+

G+

the copying
task (D)

D+

Fig. 5. The predicted dynamic model of causal relationships between variables (+ indicates a positive
linear relationship between the two variables,  indicates a negative one).

Second, feedback from the recognizer could in principle allow user to develop an
internal model of the recognition process, and to adapt their writing styles
accordingly. If the subjects ﬁnd the recognition accuracy is relatively low, they can
slow down their handwriting time to adapt the recognizer (path B).
Third, according to the theory in motor abilities, there is a possible superability
underlying various kinds of movement skills, e.g. reaction time, speed of movement
and ﬁnger dexterity, etc. (Schmidt, 1991). It suggests that with the decrease of writing
time, including the increase of the movement speed and ﬁnger dexterity, the visual
reaction time and movement time will be decreased by the effect of the possible
superability. Since the visual reaction time (user delay) and movement time (pressing
the ‘‘backspace’’ key) are the major two parts of the repairing time, the decrease of
writing time will lead to decrease of repairing time ðTÞ (path C).
Fourth, based on Teal’s model (Teal and Rudnicky, 1992) and the detailed
process of handwriting (Fig. 3), the performance is determined directly by
segmentation time (path D), repairing time (path E), recognition accuracy (the
frequency of repairing) (path F), and writing time (path G). Empirical study
in handwriting recognizer (Mackenzie and Chang, 1999) also showed that textentry speed depends on the user’s printing and writing speed (path G).Therefore,
the dynamic model of causal relationships between variables is summarized in
Fig. 5.

4. The veriﬁcation of the static and the dynamic performance model
In Experiment 1, an empirical experiment was conducted to verify the validity
of static and dynamic model separately with some minor modiﬁcations in the
models themselves; based on the successful veriﬁcation of these models in
Experiment 1, two models are combined together to reduce the number of variables
in the static model.
Then, Experiment 2 was conducted to calculate the degree of ﬁtness of the
integrated model to the experimental data in a real commercial product.
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4.1. Experiment 1
The main purpose of Experiment 1 was to ﬁnd out whether both the static and
dynamic model could ﬁt the observed user performance data well or not. The effect
of segmentation time on task completion time was also investigated in Experiment 1.
4.1.1. Method
Participants: Twelve university students (nine male, three female), 19–21 years old,
who never used such kind of handwriting system participated in our major
experiment. They were not major in statistics and psychology. To exclude the effects
of handedness, subjects copied the sentence using their dominant hands (all were
right handed). Their experience in using computer and word processor were
recorded. Subjects were thanked and rewarded after the experiment.
Material: Six sentences elected by a pilot study (Wu and Zhang, 2000), each
contains 24 Chinese characters (mean: totally 179 strokes per sentence, s:d:: 11
strokes per sentence), were used in the major tests. In the pilot study, 10 subjects in
the same range of age and education background spent no signiﬁcant duration of
time to copy these six sentences, excluding the individual difference treated as the
covariate variable. Moreover, the content of the sentences were the academic terms
in statistics and psychology, which all the subjects were unfamiliar with.
Apparatus: A PC with 523,080 KB RAM, and a handwriting recognition System
‘‘MengQue Pen’’ Model: ET-0405-U were used in the experiment. Software was
developed which could manipulate different lengths of segmentation time in
recognition and record task completion time as well as the other three factors in
the model.
Experimental design: In this experiment, segmentation time was manipulated
systematically and the other three factors were recorded because only the
segmentation time could be well manipulated in the study of on-line recognition
with repairing process (see Section 1.1 the review of these factors). In the veriﬁcation
of the static model, the theoretic value of the task completion time was calculated by
the static model according to different values of the four factors manipulated and
recorded in the experiment. Then, this theoretic value would be statistically
compared with the empirical value of task completion time collected in the
experiment; in the veriﬁcation of dynamic model, to verify the predicted direct and
indirect causal relationship among those factors, the path analytic method was
adopted as it enabled the statistical control of some variables that were difﬁcult to be
controlled directly (Guo, 1999). Consequently, one factor within-subject Latin
square design was adopted in the experiment, which could also counterbalance the
effect of sequence of the segmentation time (Wang, 1990).
In this study, there were six levels of the segmentation time: 190, 440, 740, 1040,
1340 and 1640 ms. This minimum segmentation time (190 ms) was set by a pilot
study (Wu and Zhang, 2000), subjects had much difﬁculty to keep up with the system
when the segmentation time was less than the minimum value; the maximum
segmentation time (1640 ms) was set according to the research done by Youmans
(1983) (Shneiderman, 1992), because user will not accept system response time longer
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than 2 s and the longest total response time in this study reached 1700 ms
(segmentation time (1640 ms)+recognition time (60 ms)=1700 ms).
Experimental procedure: Every subject will experience 12 trials, which means that
he or she will experience each level of the segmentation time twice. The detailed
process of the experiment included: (1) Introduction of the use of the system and
practices of the repair of the characters: all the subjects were taught how to use the
new systems and experienced enough exercise so that they had no extra trouble in
using the system. (2) Practicing the repair of the characters, subjects were asked to
repair the wrongly recognized characters with the light pen. And their average
repairing time was recorded and analysed immediately. When their speed of repair
became stable, the subjects were asked to take the pretest. (3) Experiment
instructions and the pretest, subjects were asked to copy the sentence on the screen
as quickly as possible with their own style of cursive, and repair the wrongly
recognized characters immediately after they appeared. In the pretest, subjects were
asked to copy two sentences chosen from the pilot study, which took almost same
duration in copying. After 3 min rest, subjects would go on to the major tests.
Subjects were told that the systems were different in each trial. (4) Major tests, 12
trials were given in the major tests, and after each trial dependent variables were
measured like the pretest. Subjects took a rest of 3 min between each trial.
4.1.2. Results of Experiment 1
4.1.2.1. Verification of the static performance model. In each trial, subjects were
asked to copy all the 24 characters correctly; consequently, the corresponding task
completion time ðDÞ was
D ¼ 24½ð1=RAÞðT þ WT þ ST þ RÞ þ 439  T þ Error:
Overall, the mean of the task completion time/duration in the experiment was
93589.9 ms, s:d: ¼ 25888:77; mean of the expected task completion time calculated
from the static model was 91872.81 ms, s:d: ¼ 23236:97: With the increasing of
segmentation time, different values of expected and observed task completion time
were compared in Fig. 6.
To examine whether the task completion time observed signiﬁcantly differed from
the one estimated by the static model or not, T test for two independent samples
were conducted since the two distributions of the time were normal distributions
(Kolmogorov–Smirnov value=0.092 for observed task completion time, df ¼ 69;
p > 0:05; Kolmogorov–Smirnov value=0.082 for expected task completion time,
df ¼ 72; p > 0:05).
t ¼ 0:415 ðdf ¼ 139Þ (p ¼ 0:679 > 0:05) and Levene’s test for equality of variances
(F ¼ 0:576 p > 0:05) indicated that there was no signiﬁcant difference between the
mean of the observed and expected task completion time.
Moreover, to measure the degree of ﬁtness of the static model, a linear regression
model was set up to describe the relationship between observed and expected task
completion time (Fig. 7).
Table 2 indicated that there was a signiﬁcant linear regression between the
observed and the expected task completion time (unstandardized coefﬁcients
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Fig. 6. Comparison between the observed and expected task completion time.

Observed Task Completion Time (ms)

180000

160000

140000

120000

100000

80000

60000
40000
40000

60000

80000 100000 120000 140000 160000 180000

Expected Task Completion Time (ms)

Fig. 7. The scatter plot of the observed and expected task completion time.

B ¼ 1:07; t ¼ 40:368; po0:0001). Moreover, since the adjusted R2 ¼ 0:960; it
suggested that the static model could explain 96% of the variance of the observed
data. In addition, since the slope of the regression line (unstandardized coefﬁcients B
in Table 2) approximately equaled 1, only the constant in the regression can be
served as the error term in the static model to modify it:
D ¼ 24½ð1=RAÞðT þ WT þ ST þ RÞ þ 439  T  4973:

ð9Þ
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Table 2
Coefﬁcients in the regression modelsa

(Constant)
Expected task
completion time
a

Unstandardized
coefﬁcients B

s.e.

Standardized
coefﬁcient betas

4973.25
1.07

2425.54
0.026

0.981

T

Sig

1.961
40.368

0.054
0.000

Dependent variable: observed task completion time.

Recognition
8.07

0.37

Accuracy (RA)

Segmentation
Time (ST)

-0.66**

0.65**

0.45**

Writing

Repairing Time (T)

6.38

Time (WT)

2.99

0.14**

6.95

0.29**

Duration of
the copying
task (D)

0.78

1.05**

Fig. 8. The path analytic model of the dynamic performance model (**po0:01).

When user delay was replaced with 439748  2 ðM72 s:d:Þ ms, model (9)
varied very little (user delay=535 ms: adjusted R2 ¼ 0:960; constant=7436; user
delay=343, adjusted R2 ¼ 0:960; constant=2509).
4.1.2.2. Verification and modification of the dynamic performance model. In order to
verify and modify the dynamic model, Lisrel 8.3 simplistic causal modeling technique
(Joreskog and Sorbom, 1999) was used to conduct a path analysis. This method can
examine the direct and indirect causal relationship among the factors (Joreskog and
Sorbom, 1999; Guo, 1999). It was also used in human factors studies effectively
(Guerrier et al., 1999). Moreover, the method permits the statistical control of some
variables that are difﬁcult to be controlled directly (Guo, 1999). The veriﬁcation of
the theoretical model is shown in Fig. 8.
In this model, the goodness of ﬁt index (GFI) equaled 0.979, adjusted goodness of
ﬁt index (AGFI)=0.897, root mean square error of approximation (RMSEA)=
0.052, and the p value for test of close ﬁt (RMSEA o0.05)=0.387>0.05, which
indicated that the model generally ﬁtted the empirical data (Guo, 1999; Hou and
Meng, 2001) except that there was no signiﬁcant linear relationship between RA and
WT (the path B assumed by the dynamic model in Fig. 5). The corresponding
unstandardized regression equations were calculated as follows:
T ¼ 0:816 WT  51:94 ðregression coefficient : po0:001; R2 ¼ 0:224Þ;

ð10Þ

WT ¼ 0:123 ST þ 1377:38 ðregression coefficient : po0:01; R2 ¼ 0:06Þ;

ð11Þ
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D ¼  164956:984 RA þ 29:176 ST þ 39:814 WT
þ 4:718 T þ 134984:18
 ðregression coefficient : po0:001; R2 ¼ 0:939Þ:

ð12Þ

4.1.2.3. The effect of segmentation time on task completion time. It was found that
main effect of the segmentation time on the task completion time was signiﬁcant
(GLM repeat measure, F (5, 55)=11.626, po0:001). With the within-subjects simple
contrasts test, which set the level 1 of segmentation time (190 ms) as the baseline,
there were the two stages of the effect of segmentation time on task completion time
(see Fig. 6):
Stage 1 (190740 ms): There was no signiﬁcant difference of the task completion
time when segmentation time was between level 2 (440 ms) and the baseline (190 ms),
F (1, 11)=0.001, p > 0:01; no signiﬁcant difference was found between level 3
(740 ms) and the baseline (190 ms), F (1, 11)=9.03, p > 0:01; consequently, the
prolongation of the segmentation time in this stage will not signiﬁcantly affect the
task completion time.
Stage 2 (190740 ms): Signiﬁcant difference of the task completion time was
found when segmentation time was between level 4 (1040 ms) and the baseline, F (1,
11)=22.170, po0:01; level 5(1340 ms) and the baseline, F (1, 11)=18.294, po0:01;
level 6 (1640 ms) and the baseline, F (1, 11)=63.779, po0:01; that meant when the
segmentation time is longer than 1040 ms, user with average writing time 1492 ms per
frequently used character (s:d:: 223 ms) would take signiﬁcant longer time to fulﬁll
the copy task.
4.1.3. Discussion of Experiment 1
The data from Experiment 1 strongly supported the assumed static model
and dynamic model because the static model accounted for 96% of the variance
of the performance and the GFI of the dynamic path analytic model reached
0.979.
The static model was based on the mathematical inference and data from
the previous studies. Compared with the empirical linear regression model to
describe human performance in speech recognition system (Spine et al., 1984; Casali
et al., 1990) and other empirical studies in handwriting recognizer (Mackenzie and
Chang, 1999), this static model may have higher degree of ﬁtness to human
performance data in another experiment (see Experiment 2). Moreover, when user
delay was replaced with the reaction time of the characters (M72 s:d:;
439748  2 ms), the degree of ﬁtness of static model to the experimental data
would not change greatly. Since the frequently used characters cover 99% of the text
content in daily communication (Beijing Language Research Institute, 1986), it
indicated that the model could be used to estimate human performance of
handwriting copying task with the recognizer in daily usage. However, the static
model did not consider that there is a dynamic direct and indirect causal relationship
among the factors.
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The dynamic model was constructed from theoretic summary and veriﬁed by path
analytic model. However, (1) the relative small value of R2 in regression Eq. (11)
ðR2 ¼ 0:06Þ indicated that the variance of writing time was independent of the
variance of the segmentation time. Consequently, it is difﬁcult to predict writing time
only with the data from segmentation time; (2) one path in the predicted dynamic
model (path B) was not veriﬁed in the path analytic model. The insigniﬁcant
correlation in that path indicated that writing time was independent of the
recognition accuracy. This result was consistent with the research (Wolf, 1990) in pen
interface, which found no evidence that experience with a recognition device caused
the subjects to change their writing styles.
Moreover, user performance was not signiﬁcantly impaired when the segmentation time was prolonged from 190 to 740 ms. However, when the segmentation time
was longer than 1040 ms, user performance was signiﬁcantly impaired. This
indicated that the preferred segmentation of handwriting recognizer was shorter
than 1 s when users’ average writing time is around 1500 ms per frequently used
character.
In addition, user will adopt different strategies with the prolongation of system
response time (see Introduction). Teal and Rudinicky (1992) suggested and
conﬁrmed that there are three strategies of the user in the process: automatic
performance, pacing and monitoring strategy; user delay is also changed with the
different adoption of the strategies. This research focused only on the process of
handwritings when user adopts monitoring strategy, which was partially conﬁrmed
by the pilot study (Wu and Zhang, 2000). (It was found that user delay of four
subjects out of ﬁve were stable (Subjects 1–4: w2 ðdf ¼ 87Þ ¼ 52:029; p > 0:05; subject
5: w2 ðdf ¼ 33Þ ¼ 69:833; po0:05:) In that case, subjects relied on the external stimuli
to signal system availability (e.g. only on seeing the characters appearing on the
screen, did user begin to input the next character), and his or her temporal delay
became stable and equal to the user’s simple reaction time (Teal and Rudnicky,
1992), which can be describe with the model of open-loop motor control system
(Schmidt, 1991; Long, 1976).
It is necessary to minimize the number of factors in the static model to ﬁt the
observed data. With the equation derived from Experiment 1, Eq. (10) in the
dynamic model can be integrated into the static model (Eq. (9)):
D ¼ 24½ð1=RAÞðT þ WT þ ST þ RÞ þ 439  T  4973;
T ¼ 0:816 WT  51:94;

ð90 Þ
ð100 Þ

) D ¼ 24ðð1=RAÞð1:816 WT þ ST þ R  51:94Þ
þ 490:94  0:816 WTÞ  4973:

ð13Þ

Eq. (11) might be used in estimating the copying task completion time with
immediate repair.
However, ﬁrst, the R2 in Eq. (10) is small (R2 equaled 0.224); it is necessary
that the degree of ﬁtness of the integrated model (13) should be testiﬁed by
another empirical experiment with user under different training conditions; second,
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another empirical experiment is required to ﬁnd out whether the integrated model
with mathematical inference will have a higher degree of ﬁtness than the empirical
multi-regression model. If the R2 in integrated model in Experiment 2 is bigger than
the one in regression model, it is indicated that mathematical and theoretic inference
in this study can be generalized into more real recognizers than an empirical linear
model.
4.2. Experiment 2
The main goal of Experiment 2 was to ﬁnd out whether the integrated modal
(Eq. (13)) could ﬁt the observed user performance data well in different training with
a commercial handwriting recognizer. One factor between-subjects experimental
design was adopted in Experiment 2. The factor is the subjects with different training
conditions.
4.2.1. Method
4.2.1.1. Participants with different training conditions and procedures.
(1) Naive user: training session was not given before the current formal test. Seven
university students (four male, three female), who never used any handwriting
recognizer, participated in this training condition. After their initial writing time
measurement by the software self-developed in this study, they went to the
formal test stage directly.
(2) Trained user: There were two sub-groups of trained user:
(a) Outdated-trained user: Training session was given 12 months before the
current formal test. Six university students who had participated in
Experiment 1(ﬁve male, one female) voluntarily joined Experiment 2. After
their initial writing time measurement by the software, they went to the
formal test stage directly.
(b) Immediate-trained user: training session was given immediately before the
formal test. Six university students (three males, three female) who never
used any handwriting recognizer participated in this training. They received
the training session immediately before the formal test. To balance the
amount of training in each subject, they were required to copy a paragraph
that contained 46 characters and few inputting errors for all of the subjects
were observed after the training session. The training session usually lasted
3–5 min.
In addition to these different training conditions above, all the three groups of
subjects experienced the experimental procedure as follows: at the ﬁrst stage of the
experiment, average writing time per character of each subject was recorded.
Subjects were asked to copy down the ﬁrst sentence prepared by the pilot study (Wu
and Zhang, 2000) with their own writing style. Then, subjects were introduced to the
use of the commercial system. At the formal test stage, subjects were asked to copy
the second sentence prepared by the pilot study as quickly as possible with their own
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style of cursive, and repair the wrongly recognized characters immediately
after it appeared. To eliminate the effect of practice in formal test, only one
level of segmentation time (1100 ms) and only one trial of test were given to
each subject.
All the subjects, 19–26 years old, were not major in statistics and psychology. They
were unfamiliar with the content of sentence in the experiment and did not have
experience with the commercial handwriting recognizer. To exclude the effects of
handedness, subjects copied the sentence using their dominant hands (all were right
handed). Moreover, the classiﬁcation of the user into trained and naive user group
was veriﬁed by their signiﬁcant difference between the task completion time in
Experiment 2 (see Section 4.2.2 result of Experiment 2).
4.2.1.2. Experimental apparatus. A commercial Chinese character inputting system
with its handwriting recognizer was used in Experiment 2, not only because it was a
commercial product widely used in China but also because it can manipulate the
segmentation time in its setting.
To facilitate the veriﬁcation of the integrated model, segmentation time was
manipulated by the setting in the commercial software. The exact setting of its
segmentation time plus recognition time is 1100 ms; writing time was measured by
self-developed software. This software could also record the interval of every
characters and the interval between the inputs of different characters; to facilitate the
application of the performance model in realistic world, average writing time per
character in the process of handwriting (Experiment 1) was replaced by the subjects’
initial writing speed recorded at the beginning of the experiment (This replacement
was tested for insigniﬁcance between writing time at the beginning of the whole
experiment and the writing time at the beginning of the training session, paired
samples test, tðdf ¼ 6Þ ¼ 1:512; p > 0:05). The whole procedure of Experiment 2 was
recorded by software ‘‘Snagit32’’ (version 4.3) and corresponding video ﬁles were
created. With these video ﬁles, the recognition accuracy, and task completion time
were recorded and calculated by the software ‘‘Premiere’’ (version 5.1), which can
analyse the detailed process of the video documentation.
4.2.2. Result
(1) Comparison of the observed and expected task completion time: The result of a
comparison of the observed and expected task completion time in the three
groups is summarized in Table 3.
(2) Comparison of the three groups with different training conditions: There was
signiﬁcant difference of observed task completion time among these three
groups (F ð2; 18Þ ¼ 3:791; po0:05). Further post hoc test (LSD method) found
that the source of such difference existed because naive user group took
signiﬁcantly longer time to fulﬁll their copy task than the other two groups
(po0:05). This also indicated that the method of categorization of subjects into
different groups was effective.

Out-dated
trained
Immediate
trained

151 286
(44 271)
107 833
(16 666)
132 769
(41 000)

**

1607 (229)
1784 (252)

0.692 (0.19)

1814 (280)

0.824 (0.10)

0.592 (0.22)

0.522>0.05

0.067>0.05

1.51
0

0.922>0.05

1.39

0.86*

0.91*

0.98**

0.73

0.82

0.96

Correlation analysis: Pearson
correlation

Compare means: nonparametric
test (Wald–Wolfowitz test)

Average
writing time
per character
(ms/charact)
(mean and
s:d:)

Observed task
completion
time (ms)
(mean and
s:d:)

Recognition
accuracy
(mean and
s:d:)

Comparison of the observed and expected task completion time

Descriptive statistics

po0:05:
po0:01:
s.d. was included in the pairs of parentheses.

*

Trained user

Naive user

User group with different
training condition

Table 3
Comparison of the observed and expected task completion time
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Treating the arithmetic difference between observed and expected task completion
time as the dependent variable, there was no signiﬁcant change in the difference
among these three groups (F ð2; 18Þ ¼ 1:778; p > 0:05). It indicated the consistency of
the model in ﬁtting the observed data among the subjects with different training
conditions.
(3) Comparison of the integrated performance model with the multiple regression
model: It was found that the integrated performance model (13) inferred from
Experiment 1 can still account for 92% of the variance in task completion time in the
three groups in Experiment 2 (Pearson correlation coefﬁcient reached 0.959,
po0:01); However, the multiple regression model (12) got from Experiment 1 can
only explain 64% of the variance of task completion time in the three groups in
Experiment 2 (Pearson correlation coefﬁcient was 0.804, po0:01).
4.2.3. Discussion of Experiment 2
Nonparametric test and linear regression indicated that the integrated model still
ﬁtted the naive and trained user performance data well (R2 reached 0.96) when
subjects used commercial handwriting recognizer fulﬁlling copying task with
immediate repair. Now, with the parameter of segmentation time, recognition time,
recognition accuracy, and user’s initial writing time, it is possible to calculate user’s
copying task completion time with immediate repair in interacting with handwriting
recognizer.
The R2 in integrated model was greater than the one in empirical linear model,
which indicated that the integrated model with mathematical inference ﬁtted the
observed performance data better than the empirical linear model, which also
stressed the necessity of mathematical and theoretic inference in this study.
From Table 3, it was found that the model would have lower degree of ﬁtness for
the trained user data (R2 reached 0.82 for the outdated trained user; 0.73 for the
immediate trained user) than for the naive user data (R2 reached 0.96). The reasons
may stem from the individual difference in learning efﬁciency, transference, and
maintenance of motor skills (Matthews and Davies, 2001). Therefore, it is possible
that there is a greater individual difference among a trained user than a naive user.
Example, some subjects acquired the inputting skills quickly and maintained it for a
longer duration, but some subjects could not. Thus, it will be more difﬁcult for the
integrated model to estimate the trained user performance than the naive user
performance. In addition, the small number of participants in this study may bring
random variance in the estimation of R2 value.

5. General discussion
Results in Experiment 1 indicated that both the static model and the dynamic
model could ﬁt the observed task completion time well with minor modiﬁcation. In
addition, when users’ average writing time was around 1500 ms for each frequently
used character, the optimal segmentation time (no longer than 1040 ms) in these
temporary segmentation recognizers was suggested in Experiment 1. After
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combining the static and dynamic models, an integrated model was obtained, which
was tested with a real commercial handwriting recognizer in Experiment 2. It was
found that it could still ﬁt human performance satisfactorily under three different
training conditions. The integrated model with mathematical inference held stronger
power in predicting the in human performance of the handwriting recognizer than
the empirical linear model.
5.1. Implication of the integrated performance model
(1) Comparison of the weights of the repairing time ðTÞ; average writing time per
character ðWTÞ; segmentation time ðSTÞ; and recognition time ðRÞ in the determining
the performance when recognition accuracy ðRAÞ and number of input characters
ðNÞ are constants
Eq: ð13Þ ) D ¼ N½ð1=RAÞðT þ WT þ ST þ RÞ þ 439  T
 ðN=24Þ4973
¼ Nf½ð1=RAÞ  1T þ ð1=RAÞWT þ ð1=RAÞST
þ ð1=RAÞR þ 232g:
Consequently, when RA and N are constants, there is a multiple linear
relationship between T; WT; ST; R and D: Since the units of WT; ST; R and T
are the same (ms), similar to the standardized regression coefﬁcients in linear
regression model, the coefﬁcients ð½ð1=RAÞ  1; ð1=RAÞ; ð1=RAÞ; ð1=RAÞÞ before
each variable represent its respective weight in determining the task completion time
(Zhang, 1986).
Since
½ð1=RAÞ  1oð1=RAÞ; RAð0; 1;
the order of the relative weights will be:
WT ¼ ST ¼ R > T:
(a) In determining the human performance, the relative importance of repairing
time is less than that of the other three factors. It indicates that the work to
reduce repairing time in these recognizers, e.g. gesture recognition, is not as
important as the work to reduce the average writing time per character,
segmentation time and recognition time of the software. This kind of difference
in weights will keep constant in spite of the change of RA; because the difference
of the weights is a constant ðð1=RAÞ  ½ð1=RAÞ  1 ¼ 1Þ:
(b) Reduction of the average repairing time per character ðWTÞ will have the same
importance as reduction of the recognition time ðRÞ: It indicates the work to
smooth the physical interface of the handwriting board and the pen will save the
same length of task completion time as the work to decrease the recognition time
by improvement of recognition algorithms.
(c) Setting the minimal value of segmentation time is also important as the
reduction of WT and R: Based on the analysis in the optimal segmentation time
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found in Experiment 1, even though user’s performance may not be impaired
signiﬁcantly when the ST was in the range from 190 to 740 ms, it was suggested
that the ST should be set as minimal as possible.
(2) The relationship between RA and Task Completion Time ðDÞ when T; WT;
ST; R; N are constants can be shown as
ð13Þ ) D ¼ Nf½ð1=RAÞðT þ WT þ ST þ RÞ þ 439  T  4973=24g
¼ N½ð1=RAÞðT þ WT þ ST þ RÞ þ 232  T:
In this case, there is an inverse relationship between recognition accuracy ðRAÞ
and task completion time ðDÞ
DðDÞ ¼ qD=qRA ¼ NðT þ WT þ ST þ RÞðRAÞ  2;
d2 ðDÞ=dðRAÞ2 ¼ 2NðT þ WT þ ST þ RÞðRAÞ3 :
Since
RAð0; 1; N; T; WT; ST;

R > 0;

we have
2NðT þ WT þ ST þ RÞðRAÞ3 > 0
and
d2 ðDÞ=dðRAÞ2 > 0;

RAAð0; 1:

Consequently, there is no turning point of the function between D and RA
(Applied Mathematics Department, 1987). The shape of the function is a concave
line (see Fig. 9). With the increase of RA, the reduction of the task completion time
will be decreased (see Fig. 10).
(a) When recognition accuracy is from 50% to 93%, every 1% increase of RA will
reduce task completion time from 1989 to 1915 ms.
(b) When recognition accuracy is from 94% to 100%, every 1% increase of RA will
reduce D from 1895 to 1392 ms.
(3) Some generalization of the integrated model: It is possible that the elements of
the user delay ðUDÞ and repairing time ðTÞ in the integrated model can be replaced
by the other corresponding factors when part of tasks, user interface of handwriting
recognizer and characters of the user changed.
User delay ðUDÞ refers to the duration between the time when the system was
ready for the next system input and the time when the user actually began to enter
the next activity into the system. It can be replaced by the other cognitive operating
time in other tasks in the domain of text editors. For example, in proofreading task,
UD can be replaced by their average reaction time in pointing out the wrong
character.
Repairing time ðTÞ; in this study, is the duration between the time when the
wrongly recognized character appears on the screen and the time when the user
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Fig. 9. The inverse relationship between recognition accuracy and task completion time ðDÞ:
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Recognition Accuracy

Fig. 10. The relationship between recognition accuracy and mean difference of task completion time.

pressed the ‘‘back space’’ key in the keyboard. It can also be replaced by the other
action operating time when the user uses different strategies in repairing or the user
interface offers different repairing methods. For instance, some handwriting
recognizers offer a direct repairing method by the handwriting pen (e.g. pointing a
button on the screen with the pen directly rather than pressing the ‘‘back space’’
key). Consequently, repairing time ðTÞ in these recognizers would be the duration
between when the wrongly recognized character appeared on the screen and when
the user pressed that repairing button on the screen with the handwriting pen.
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Meanwhile, both UD and T can be modiﬁed when different age and reaction time
of the user changed.
However, even though there is some generalization made of the integrated model
in this study, the integrated model is only concerned with inputting and repairing
process of handwriting. In the whole process of inputting and editing, the editing
actions of copying, cutting and pasting, etc. are also important which were studied
by KLM and other versions of GOMS (John and Kieras, 1996). Thus, the current
model cannot be applied to the whole editing process yet.
In addition, reference of the parameter of user delay ðUDÞ was simpliﬁed from
view of cognitive psychology. Gao et al. (1995)’s research which is concerned with
the simple recognition time of individual characters; however, there was semantic
context in each sentence in this study copied by the subjects. Semantic context
provided the text priming to the recognition of the character, which will reduce the
recognition time of individual characters (Sharkey and Sharkey, 1992; Zhang and
Peng, 1990). Therefore, further empirical studies in getting the accurate parameter of
UD in these recognizers and their various kinds of task domain are needed. Of
course, the parameter of UD may play a less important role in determining the user
performance because the degree of ﬁtness of static model to the experimental data
would not change greatly with the variance of the use delay (M72 s.d.,
439748  2 ms).
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