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An Intelligent Testing System Embedded
With an Ant-Colony-Optimization-Based Test
Composition Method
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Abstract Computer-assisted testing systems are promising in
generating tests ef ciently and effectively for evaluating a person s
skill. This paper develops a novel intelligent testing system for
both teachers and students. Based on the Browser/Server struc-
ture, the proposed testing system comprises a question bank and

ve modules, offering the features of self-adaptation, reliability,
and exibility for generating parallel tests with identical test ability.
The core of the developed system is the ant-colony-optimization-
based test composition (ACO-TC) method, which aims at generat-
ing high-quality tests for examinations and satisfying multiple re-
quirements. As an advanced computational intelligence algorithm,
the proposed ACO-TC method uses a colony of ants to select ap-
propriate questions from a question bank to construct solutions.
Pheromone and heuristic information is designed for facilitating
the ants selection. The system is analyzed by composing tests in
different situations. The generated tests not only match the ex-
pected total completion time, the concept proportions, the average
dif culty, and the score proportions of different question types, but
also have high average discrimination degrees of questions. The ex-
perimental results also show that the system can always generate
high-quality tests from question banks with various sizes.

Index Terms Ant colony optimization (ACO), computer as-
sisted, intelligent education system, test composition, testing sys-
tem, tutoring system.

1. INTRODUCTION

EVELOPMENT of computer and network technologies
has brought in great advancement in the education sys-
tem. Various computer-assisted application platforms have been
built, such as intelligent tutoring systems (ITSs) [1] [3], dis-
tance learning systems (DLSs) [4] [6], virtual laboratories [7],
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[8], and computerized adaptive testing (CAT) systems [9] [13].
These systems, which are now regarded as parts of the e-learning
systems [14], [15], have facilitated the traditional teaching-
learning-evaluation methods, thus making education more ex-
ible and diverse.

Tests are generally the most common and effective way in
evaluating a learner s knowledge or ability. Traditionally, teach-
ers or examiners need to take days or even weeks to compose
a test, but the test cannot always satisfy the need in discrimi-
nating the learners knowledge, and the attributes such as the
test completion time and the dif culty degree of a test are hard
to be controlled. In modern education, computer-assisted test-
ing systems are promising in generating tests more ef ciently
and effectively for evaluating a person s skill. As early as the
1990s, some social certi cation examinations, such as Graduate
Record Examination (GRE) and Test of English as a Foreign
Language (TOEFL), have adopted computerized testing sys-
tems. Multitest II [16], a program for the generation, correction,
and analysis of multiple choice tests, aimed at randomly ar-
ranging questions (also called items) in a master test with a
different order for reducing possible student cheating and help-
ing automatic test correction and grading. Chou [9] described
a computer-assisted testing and evaluation system (CATES),
which focused on the usage of computer networks and the Web
for testing and evaluation. Although the dif culty, discrimina-
tion, reliability, and validity of the test itself were not considered
in [9], the author showed us the structure of the CATES and the
students reactions to the Web-based testing. Compared to the
traditional paper-and-pencil media, computer-assisted testing
platforms are more favored by students. In addition, person-
alized assessments tailored to each student are the developing
trends [10] [12]. Personalized CAT systems select an appropri-
ate question from the question bank based on the examinee s an-
swer to the previous question. Ho and Yen [12] also showed that
the platforms used by the examinees, such as a PC or a personal
digital assistant (PDA), did not affect the performance of the
CAT.

The motivation for developing a testing system in this paper is
to provide a platform for evaluating students learning states and
compose high-quality tests for examinations. Although different
testing systems have been built in the literature, the questions
in a test are randomly selected from the question bank [9] or
selected based on a simpli ed optimization model [13]. In this
paper, not only are the total completion time and the concept
proportions considered, but also the average dif culty of the test
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As questions are used for assessing whether the student has
grasped the concept(s), each question is related with one or more
concept(s). Suppose M concepts are checked in the test. Using
a 0/1 representation scheme, the relations between concepts and
questions can be formulated as

rii =1, ifquestioni is related with concept j

. @)
ri =0, otherwise
wherej =1,2,...,M,andi =1,2,...,n. The proportion ¢
of concept | in a test is

— i=1 rji (8)
As one question can involve more than one concept, so

G >1. 9)

j=1
Each question i also has an estimated completion time t;. The
duration T of a test equals to the sum of the completion time

of the n questions. The notations used in this paper are given in
Table I.

B. Self-Adaptation Strategy for Adjusting Question Attributes

When a new question is created and added to the question
bank, it will be assigned a unique id number. The question type
and the related concepts are already known, but the dif culty
degree, the discrimination degree, and the completion time are
still unknown. So the administrator can only assign estimated
values to the attributes of the new question. Because those at-
tribute values in uence the generated test, the attribute values
must be adjusted.

As there are always thousands of questions in a question
bank, manual adjustments of those attribute values are unreal-
istic. Therefore, the proposed system opens the question bank
for students as exercises, and adaptively update the question
attributes according to the completion of the question. Every
time when a student takes questioni (i =1,2,...,n) as an ex-
ercise, the dif culty degree, the discrimination degree, and the
completion time are updated as

d=_ 1" (10)
YN+ Dy,
e{ — di/(upper) _ di/(lower) (11)
i i > 0
= N+1 (12)
ti, otherwise

where df, €, and t] are the updated values, is the score earned

by the student, ; is the total time spent on the question by the

previous students, and is the time spent by the current student

for answering the question. If the answer is wrong, which means
= 0, the completion time will not be updated.

Abnormal situations in doing exercises must be distinguished
by the system. When a student logs into the system for exer-
cises, he/she can choose the concepts related to questions, but
which questions are assigned to the student is determined by
the system. Each time the student can only view a question. If

TABLE I
NOTATIONS

Symbol

Meaning

Number of questions in a test

Yi

Type of question i

d;

Difficulty degree of question i

€i

Discrimination degree of question i

ti

Completion time of question i

Number of question types

Vi

Score of type i

Sk

Score proportion of type k

Total score earned by the students who have answered
the question i correctly

Number of students who have done the question i

Average difficulty degree of a test

Average discrimination degree of a test

Number of concepts

Relation between concept j and question i

Proportion of concept j

Total completion time of a test

Updated difficulty degree of question i

Updated discrimination degree of question i

Updated completion time of question i

Score earned by a student

Total time spent by students on question i

Time spent by a student for completing the question

Expected average difficulty of a test

Expected total completion time of a test

Expected score proportion of type k

Expected proportion of concept j

R R R CHEN RN ES RN RN LS SRRl

Total number of questions in a question bank

Penalty of the difficulty degree of the ith test

Penalty of the total completion time of the /th test

Penalty of the score proportion of the Ith test

Penalty of the concept proportion of the /th test

Penalty weights

Number of parallel tests to be composed

Set of questions in the question bank

Candidate list of ant a

Indicate whether question i is selected (=1) or not (=0)
to the /th test

Pheromone value on question i in the /th test

Small positive value

Pheromone evaporation rate

Pheromone reinforcement value

Number of ants

the student submits a wrong answer deliberately, in most cases,
he/she does not know how to answer the question, so that the
student s completion time is useless. Moreover, if the prede ned
idle timeout for answering the question exceeds, the answer to
the question is deserted.

III. ACO-BASED TEST COMPOSITION

In this section, the ACO-based test composition method em-
bedded in the proposed testing system is described. The user-
de ned test composition optimization model is rst presented.
Then, we detail the ants construction behavior in the proposed
method. Finally, the overall implementation is illustrated.
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A. User-Defined Test Composition Optimization Model for
Composing Tests

Teachers upload their requirements to the system before com-
posing tests. Suppose a test is expected to satisfy the following
requirements.

1) D: This variable represents the expected average dif culty

of the test.

2) T: It represents the expected total completion time of the

test.

3) sk: It represents the expected score proportion of type k

k=12,..,Y).

4) ¢ : Itrepresents the expected proportion of conceptj (j =

1,2,...,M).

The optimization objective is to generate L (L > 1) test(s)
with the highest average discrimination degree, satisfying the
previous requirements. As stated in Section I, the third char-
acteristic of the proposed system is its exibility in generating
parallel tests. Since the question attribute values in the bank are
adaptively changed, it is impossible to generate a makeup test
with the identical test ability as the original test in other time.
Therefore, a function for generating multiple tests with identical
test ability simultaneously is designed in the proposed system.

Suppose the total number of questions in the bank is N. We
use Xji to represent whether a question i is selected to the Ith
test. If question i is selected, then X;; = 1; otherwise, X;; = 0,
i=12,...,N,I =1,2,...,L. Using n; to symbolize the total
question number in the |th test, we have

N
n = Xii -
i=1

13)

Thus, the optimization model for generating L test(s) can be

de ned as
L

f
maximize F = L [fo, —fo, | (14)
=1 L>b;>b,>1
where
N exi
fo= _i=18Xi 15
| L (15)
subject to
N RV
D, = i=19Xi _p (16)
n
N
S t .
T, = =X _ (17)
n
N
N Xilvi =k
S = i=1 {\[\/IyIX“ |y' } = s, k=1,2,...,Y (18)
i=1 Vyi Xii
_imafiXi i =
QJ_TZQ’ ji=12,...,.M (19)
N
XpiXpi =0, L >bi>bp>1 (20)

i=1
Equation (14) requires that the average discrimination degree
of the tests is maximized and the difference between any two

tests is minimized. Equation (15) is the average discrimination
degree of the Ith test. Equations (16) (19) are constraints of
requirements to be satis ed, including the average dif culty,
the total completion time, the score proportion of each question
type, and the proportion of concepts. In particular, (19) requires
that the proportion of each concept j should not be smaller than
the expected proportion ¢, ] =1,2,..., M. Equation (20) re-
stricts that no questions in the generated tests could be identical.
If the earlier constraints are violated, the following penalties
will be added in (15), respectively.
For the expected average dif culty degree

g1 =|D —Dyl. 2
For the expected total completion time
T-T
= 22
g2 = (22)

For the expected score proportion

=1 Sk sV Xi = fog vy xilyi =K} v
G3= > .
(23)
For the expected concept proportion
N
Qs = max(0,gn —  rjiXji) (24)

i=1
where the symbol | | returns the largest integer that is less
than or equal to the input parameter, the symbol [ | returns
the smallest integer that is greater than or equal to the input
parameter, and the function max() returns the maximum value
of the input parameters.

The rst two equations [(21) and (22)] are absolute differ-
ence and relative difference between the expected values and
the actual values for the average dif culty degree and the total
completion time, respectively. Note that the penalties in (21)
and (22) are oating-point values in the range of [0, 1]. On
the other hand, the penalties in (23) and (24) are relatively
larger. The penalty in (23) is the total number of questions
that violate the expected score proportion of each type. To
the penalty of the concept proportion in (24), if questions in
the test satisfy the proportional requirement of all concepts,
no penalty is added; otherwise, the penalties are the number
of questions that are further needed for meeting the concept
requirement.

Considering penalties, the evaluation function of the opti-
mization problem is modi ed as maximizing the value of

L

F= ffl— fbl_sz (25)
=1 L>b;>by>1
where
fi=fi — 101 — 202— 303— 404 (26)

where 1, 2, 3,and 4 are weights for the penalties.
The generated tests are acceptable if all of the following
criteria have been satis ed (I =1,2,...,L).
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Fig. 2.

After a concept j, a type K, and a dif culty level u have
been selected, the unselected questions by ant a that have the
attributes with the concept | , the type Kk, and the dif culty level

u form a candidate list ) = g?) G, k,u).
3) Construction Step: During the solution construction pro-
cess, each ant a (a =1,2,...,m) selects a question from the

candidate list according to the heuristic and pheromone infor-
mation, which is termed one construction step. The heuristic
information for selecting question i is de ned as the discrim-
ination degree of the question. The higher the discrimination
degree, the larger the heuristic value is. The pheromone infor-
mation is associated with each question, referring to the desir-
ability of adding the question to the current partial solution. The
probability for ant a to select a question i from the candidate
list @ g

€

(33)
je @& |

Pitem (') =

where i is the pheromone value of question i in the Ith test,
| =1,2,...,L. When a new question i is selected, ant a moves
to the question and marks it selected as X|(ia)

4) Local Pheromone Update: Based on the ant colony sys-

tem (ACS) framework [18], after an ant has chosen a question i,

— 1.

Flowcharts of the proposed ACO-TC. (a) Overall owchart of ACO-TC. (b) Flowchart of an ant s construction procedure for generating a solution.

the pheromone value on the selected question will be decreased
as

i = Q= )i+ initial (34)
where (0 < < 1) isthe pheromone evaporation rate, initial
is the initial pheromone value.

5) Completion and Evaluation of a Solution: An ant a adds
a new question to a test step by step until the total completion
time has exceeded the expected total time. After L tests have
been composed, the solution is evaluated by using the evaluation
function (25). If the violation to the expected completion time
is smaller by deleting the last added question, the last added
question is deleted and the solution is evaluated once more.
After m ants have completed building m solutions, the recorded
best-so-far solution is updated and the algorithm proceeds to
perform local search and the global pheromone update.

6) Local Search: A local search method is applied to the
best-so-far solution. The aim of local search is to change a
small part of questions in the test, and to see whether a better
solution will be generated. Some randomly selected questions
in the best-so-far solution are removed. Then new questions are
added to the partial solution until the solution is completed. The
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TABLE II
PARAMETER SETTINGS OF ACO-TC
m 5 [2)3 1.0
P 0.1 a3 1.0
a 10.0 @y 1.0
Tinitial 1.0 & 0.001
a 1.0 MaxEvals | 10000

Step 5-7) If bs > bs and , > 0.8, the value of ry, ; is set
as 1, » is a uniform random number in [0, 1].

End For

The number 180 in Step 4) represents 180 s, i.e., 3 min, so
that the time distribution of questions approximates the Gaus-
sian distribution N (180, 1802) in the range of (10, 1000). Each
question in the bank is associated with at least one concept, but
no more than three concepts.

The parameter settings of the proposed ACO-TC method are
empirically set as in Table II, including the number of ants m,
the pheromone evaporation rate , the pheromone reinforcement
value , the initial pheromone value pjtia for each question,
the penalty weights 1, 2, 3, 4,aprede ne positive value ,
and the maximum number of solution evaluations (MaxEvals).
Since the question bank contains a large number of questions, the
pheromone reinforcement to the questions in the best solution
should be large enough. So the pheromone reinforcement value

is set as 10.0. The setting of the pheromone evaporation rate

is set as 0.1, following the recommended setting by Dorigo
and Gambardella [18]. In each iteration, ve ants are dispatched
for constructing solutions. The algorithm terminates when the
solution evaluation number is larger than MaxEvals.

B. Analysis on Using Question Banks With Different Sizes

Suppose a teacher wants to compose a test with the total
completion time T = 120 x 60 s, the average dif cult degree
D = 0.6, and the proportions of three concepts as 25%, 25%,
and 50%, respectively. Only one type of questions is tested.

Fig. 6 shows the average discrimination degree from 20 inde-
pendent runs calculated by ACO-TC, a random test composition
method, and the genetic algorithm (GA) proposed by Hwang
et al. [13], respectively. Question banks with sizes from 500 to
100000 are checked. Note that the problem addressed in [13]
does not consider the average dif culty and the types of ques-
tions. Therefore, the penalties for the violation of the expected
dif culty degree and the types are not considered, which makes
the problem much easier for GA than for ACO-TC and the ran-
dom method. Using the same value of MaxEvals, it can be seen
that ACO-TC always outperforms the GA [13] and the random
method with much higher average discrimination degrees. On
the other hand, the solution quality obtained by ACO-TC is al-
ways high even though the bank size changes, which indicates
that the algorithm is robust and effective.

Table III also lists more information about the previous exper-
iment. The average discrimination degree of the whole question
bank (Bank Discri) is shown. The mean represents the mean
evaluation function value and disc denotes the average dis-

Fig. 6. Comparison between the average discrimination degree of ACO-TC,
a random method, and the GA [13]. Question banks with different sizes are
checked. The questions in the bank relate to three concepts and have only one
type. Only one test is generated each time.

TABLE III
COMPARISON BETWEEN ACO-TC, A RANDOM METHOD, AND GA [13] WITH
DIFFERENT QUESTION BANK SIZES FOR GENERATING ONE TEST

Bank Bank ACO-TC Random method GA
Size Discri | mean | disc | avgQ | mean | disc | avgQ disc
500 036 | 077 | 077 | 276 | 043 | 047 | 283 0.55
1000 0.35 079 | 079 | 279 | 042 | 046 | 28.6 0.53

5000 0.33 0.80 | 0.80 | 29.7 | 038 | 042 | 299 0.51

10000 034 | 0.80 | 0.80 | 304 | 039 | 043 | 29.6 0.51

50000 0.33 0.80 | 0.80 | 294 | 040 | 044 | 29.3 0.51
100000 | 034 | 0.80 | 0.80 | 29.5 | 040 | 043 | 29.6 0.50

The questions in the bank relate to three concepts and have only one type. “Bank Discri” stands for the
average discrimination degree of the whole question bank; “mean” stands for the mean evaluation

function value; “disc” stands for the average discrimination degree of the resulting tests; “avgQ” stands
for the average question number in a composed test. Each algorithm is run for 20 times independently.

crimination degree of the resulting tests. The three methods can
compose tests above the average discrimination degree of the
question bank. The average discrimination degree of tests ob-
tained by ACO-TC is in accordance with the mean evaluation
function value, which means that the resulting test satis es the
requirements quite well. The avgQ shows the average ques-
tion number in a composed test by running the algorithm 20
times independently. Although the numbers of questions in the
tests composed by the random method and by the ACO-TC are
similar, the quality of the tests by the random method is the
lowest among the three algorithms.

Under the same requirements except for generating two tests
simultaneously, Table IV tabulates the results with the same
question banks. The GA [13] is not proposed for generating
parallel tests, so it is not compared. The listed results in the
table are the best, worst, and mean evaluation function values
from 20 independent runs. The %ok in the table indicates the
rates of generating acceptable solutions. The results obtained
by ACO-TC are much better than those by the random method,
especially for the acceptable rates. The acceptable rates of ACO-
TC are all 100%, whereas the acceptable rates of the random
method vary from 50% to 80%.
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TABLE IV
EVALUATION FUNCTION VALUES OF ACO-TC AND THE RANDOM METHOD
'WITH DIFFERENT QUESTION BANK SI1ZES FOR GENERATING TWO TESTS

SIMULTANEOUSLY
Bank ACO-TC Random method
Size best | worst | mean | %ok | best worst | mean | %ok
500 0.68 | 0.60 | 0.63 100 | 0.33 0.18 0.24 80
1000 0.69 | 0.61 | 0.65 100 | 0.26 0.16 0.21 65
5000 0.68 | 0.62 | 0.65 100 | 0.31 0.08 0.18 50
10000 0.69 | 0.61 | 0.65 100 | 0.26 0.09 0.18 65
50000 0.67 | 0.58 | 0.63 100 | 0.27 0.14 0.20 75
100000 | 0.65 | 0.56 | 0.62 100 | 0.29 0.14 0.20 80

The questions in the bank relate to three concepts and have only one type. Here, “best” stands for the
best evaluation function value; “worst” stands for the worst evaluation function value; “mean” stands
for the mean evaluation function value; “%ok™ indicates the rates of generating acceptable solutions
in 20 independent runs.

TABLE V
EVALUATION FUNCTION VALUES OF ACO-TC AND THE RANDOM METHOD FOR
GENERATING ONE TEST UNDER DIFFERENT REQUIREMENTS

Instance B;.mk ACO-TC Random method

Size best | worst | mean | %ok | best | worst | mean | %ok
3l 1000 083 | 0.76 | 0.79 | 100 | 049 | 0.38 | 0.42 | 100
10000 | 0.83 | 0.76 | 0.80 | 100 | 044 | 0.37 | 0.39 | 100

313 1000 | 0.72 | 0.64 | 0.68 | 100 | 0.31 | -0.75 | 0.07 | 25

10000 | 0.76 | 0.68 | 0.72 | 100 | 0.31 | -0.66 | 0.09 | 40

124 1000 | 0.66 | 048 | 0.58 | 100 | -441 | -6.75 | -5.77 0

10000 | 0.71 | 0.58 | 0.65 | 100 | -4.76 | -6.75 | -5.60 0

Here “best” stands for the best evaluation function value; “worst” stands for the worst evaluation
function value; “mean” stands for the mean evaluation function value; “%ok” indicates the rates of
generating acceptable solutions in 20 independent runs.

C. Analysis on Satisfying Different Requirements

Three instances of requirements for composing tests are ex-
perimented. Each instance is denoted as cxty, which means
that the test covers X concepts and the questions involve Y types.
Question banks with 1000 questions and 10000 questions are
used. The experimental results of ACO-TC and the random
method for generating one test are compared in Table V. For
the instance c3tl, ACO-TC can obtain a test with an average
discrimination degree about 0.8, whereas the random method
can generate a test with only an average discrimination degree
about 0.4. When the numbers of selected concepts and types
become larger, e.g., instances c3t3 and c12t4, the performance
of the random method deteriorates rapidly. However, ACO-TC
still achieves very good results.

VI. CONCLUSION AND FUTURE WORK

The approach of using computer-assisted testing systems to
release teachers from the burden of composing tests and im-
prove the assessment quality of tests is signi cant and promis-
ing in modern education. This paper builds an intelligent testing
system, which embeds an ACO-TC method for generating high-
quality tests for examinations. The ACO-TC method simulates
the foraging behavior of natural ants for selecting appropriate
questions to a test. The reliability of the test composition system
has been experimented by applying the system in question banks
with various sizes and by satisfying different requirements for
the test composition.

The proposed system not only provides a way in composing
high-quality tests, but also gives students a platform to exercise
and evaluate themselves. The question attributes in a question
bank are adaptively adjusted, always re ecting students learn-

ing states. The function of generating parallel tests with identical
test ability is also a novelty of the proposed system. It can be
useful for makeup tests if someone cannot take the test in the
scheduled time.

The prospect of computer-assisted technologies in education
is bright. Much room is left to be explored. On the whole,
the traditional education mode is in transition to be automated,
intelligent, and personalized. Personalization is high demanding
in the modern education system, which has not been considered
in this paper. However, the combination of intelligence and
personalization is the future direction, which will be addressed
in the forthcoming work.
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