The Analysis of Response Patterns on IRT Ability Estimation Methods in
Computerized Adaptive Test

Deng-Jyi Chen, Ah-Fur Lai and Chia-Chi Mao
Department of Computer Science, National Chiao Tung University, Taiwan
djchen@csie.nctu.edu.tw

Abstract

The main purpose of the study was to compare four
ability estimation engines (which are OWEN, EAP,
MLE, and WLE) regarding the convergent state and
divergent state, and dynamic behaviors under different
types of test-taker’s response pattern in CAT.

1. Introduction

Due to the rapid progress of information
technology, the computerized adaptive test (CAT) has
been applied in many areas of test. The Graduate
Record Examination (GRE) is a typical one. An
appropriate ability estimation engine is a very
important component in an efficient and accurate CAT
system. When estimated by different ability estimation
methods, different response patterns, especially
extreme ones, will reveal some problems such as
divergence or slow convergence. The ability estimation
engine affects not only the outcome of the test but also
its testing efficiency. As a whole, MLE yields less bias
than Bayesian methods (such as OWEN, EAP)
especially at ability extremes, but OWEN and EAP
yield lower standard error as well as greater
administrative efficiency than MLE [1][2][3]. In other
words, different ability estimator possesses distinctive
advantages and disadvantages on efficiency and
accuracy. General speaking, a CAT system is
embedded with one or two ability estimation engines,
so it becomes more difficult to accomplish the
simulation comparison among different estimators. The
study have developed and implemented four ability
estimator programs (as afore mentioned) to be used as
the IRT ability estimation engines for a CAT system.
Then different response patterns were fed to the IRT
ability estimation engines in evaluating and comparing
the convergent state under various response patterns,
and in investigating the dynamic behavior under no
test length limitation.
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2. Response Patterns for Comparison

To simulate the authentic testing situation in the
CAT system, this study generated 50 response
patterns. These patterns include the general and
extreme response patterns, can be categorized into 5
types and they are shown in Table 1 and as follows:
Type 1: all “1” bits: 111...... 1111 (abbrev. 1'*)
Type 2: all “0” bits: 000......0000 (abbrev. 0'°*)

Type 3: “0” bits shifted right into all “1”s:
0...01111...1 et al. (abbrev. 01'* ~0'31'%)
Type 4: “1” bits shifted right into all “0”s:

1...1000....0 et al. (abbrev. 10"° ~1'°0"*")
Type 5: consecutive multiple bits toggling.

Table 1. Measured proficiency and average testing
length of four ability estimator
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3. Result and Discussion
The result of simulation is shown in Table 1. The
right side of Table 1 shows the max test length
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required for estimating ability when these four engines
reach the convergence status, and the result indicated
that the average demanded test lengths for OWEN and
EAP are larger than those measured from MLE and
WLE. The test length required for ability estimation in
the simulated test indicates that the OWEN ability
estimator converges slowly, or cannot converge even if
all of the test items in the item pool are selected for
testing, ranging from response pattern No. 2 to 8 and
35 to 48. For example, in reaching convergent state,
response pattern No. 6 consumes 142.6 items estimated
by the OWEN ability engine, but it consumes only
20.5, 20.2 as estimated by MLE and WLE
respectively. For pattern No. 2 to 6 and 35 to 47, the
EAP ability estimator encounters the same problem
like OWEN.

In order to further survey the difference of dynamic
process under four ability estimators, this study selects
response pattern No. 2, 6, 35, 41 and 47, and
investigates the behavior of estimated provisional
ability. Fig. 1 portrays the dynamic behavior picture of
response pattern No. 6. As can be seen, four ability
estimators, and response pattern No. 2, 35, 41 and 47

have the same tendency as Fig. 1.
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Fig. 1. The estimated ability dynamic behaviors of
response pattern No. 6

But in pattern No. 2 to 6, MLE estimator has
tendency of inward bias, i.e., this estimator will figure
out higher proficiency value for low ability test takers
and evaluate lower proficiency value for high ability
ones as illustrated in Fig. 2. This result is the same as
the research reported by [4]. As shown in Fig. 2, it also
indicates that the estimated ability using MLE is
significantly changeable for the same pattern,
especially in pattern No. 2 to 6. In other words, MLE
estimator will encounter the inward bias of ability
estimated error.
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Fig. 2. Estimated proficiency of 48 response
patterns by four ability estimators

4. Conclusion

This study designs 50 response patterns to simulate
the convergence status of four ability estimation
methods. The result indicated that the Bayesian ability
methods (OWEN and EAP) would result in slow
convergence or divergence even if running out of the
item pool for some response patterns. On the contrary,
MLE and WLE would typically produce convergent
status for the same response patterns.

To overcome the issue of contradiction between
ability estimation accuracy and testing efficiency
caused by a specific response pattern for different
ability estimation methods, it is suggested that a CAT
system driven by a single ability estimation engine is
to be transformed into the multiple CAT ability
estimation engines (e.g. EAP+WLE) scheme.
Whenever the system detects a specific response
pattern to cause the default engine to reach the
convergent state slowly, the mechanism of the multiple
ability estimation engines would automatically switch
to another appropriate engine and to continue re-
estimating the examinee’s proficiency again for the
same response pattern.
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