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ON THE USE OF ELO RATING FOR ADAPTIVE

ASSESSMENT

MARGIT ANTAL

Abstract. In this paper, we present a new item response model for com-
puterized adaptive testing: Item Response Theory combined with Elo rat-
ing. Adaptive test systems require a calibrated item bank and item calibra-
tion methods are usually based on Item Response Theory (IRT). However,
these methods require item pretesting on large sample sizes, which is very
expensive. Hence, this paper presents alternative methods for item diffi-
culty calibration.

Results show that combining IRT with Elo rating is an alternative model
for adaptive item sequencing, which offers not only estimations for abilities,
but for item difficulties too. The new adaptive item sequencing model was
compared with IRT on artificial data. Results show that the new method
is able to estimate the ability of the examinee, although more items are
required compared to IRT. Hence, this method is recommended for test
systems where adaptation to the user knowledge level is a requirement, but
the duration of the measurement is less important, i.e. practice systems.

1. Introduction

There are more and more adaptive e-learning systems trying to fulfill spe-
cific needs of learners. These systems can be adapted to user knowledge, user
interests or user individual traits [2], to name a few specific elements of a user
model. In this paper we study adaptive test systems where item sequencing is
adapted to user knowledge. These systems are known as Computerized adap-
tive testing (CAT) systems. Many organizations test their examinees using
CAT tools (e.g. TOEFL, GMAT, GRE). The CAT tools used in these ex-
aminations are not free software, therefore they cannot be deeply evaluated
nor compared. However, Economides and Roupas [4] succeed in performing a
rough comparison of these CAT systems based on demo versions of these appli-
cations. These CAT tools select items from a calibrated item pool. The item
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pool calibration is usually performed by the means of Item response theory
(IRT, [12]).

There are a lot of free and commercial software designed for item cali-
bration (BILOG-MG, MULTILOG, PARAM-3PL etc.) by means of IRT and
based on item pre-test data. Unfortunately, quality item pre-testing is very
costly, thus educational institutions cannot afford it. This includes both the
cost of item prestest and maintenance of such a system as well. Moreover,
the item parameter estimates obtained through item pretest are very sensitive
to examinees. Stocking in paper [11] conducted a study in order to analyze
optimal examinee quality for accurate item parameter estimation. She found
that item calibration is very sensitive to examinee quality; hence inappropriate
examinees can easily lead to incorrect item parameters. She also concluded
that a broad distribution of abilities may provide more information than a
bell-shaped distribution.

The first objective of this paper is to search for alternative item param-
eter estimation methods, which are comparable with IRT item calibration
estimates. In this paper we restrict ourselves to the 1PL IRT model, which
uses only one item parameter, namely item difficulty. Very few studies are to
be found in this field. Wauters et. al. in paper [15] conducted a study in
this direction and ranked six alternative item difficulty estimation methods by
their correlates to the IRT based estimates. [14] is a previous version of this
study. [9] applied the Elo rating for on the fly item difficulty estimation. There
are a few studies about teachers or experts ability to estimate item difficulty,
concluding that teachers are not very accurate in this task [6], [7], [15].

The second objective of this paper is to introduce a new adaptive item
sequencing method based on Elo Rating System (ERS), which is able to es-
timate both the examinees’ ability and item difficulties. In our ERS method
we combined Elo rating based ability estimation with IRT based next item se-
lection method. Even though the Elo rating for adaptive item sequencing was
studied by other researchers too [1], [9], [15], a detailed comparison with IRT
is missing. We compared our new item sequencing method to IRT in order to
find out the proper test length (number of test items used) for accurate ability
estimations.

This paper is structured in five major sections. The next section describes
the ERS and the IRT briefly. Section 3 is devoted to the presentation of
our item difficulty estimation methods and their comparison. Section 4 com-
pares IRT and ERS based adaptive item sequencing. Section 5 outlines our
conclusions.
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2. Theoretical background

2.1. Elo Rating System. The ERS was introduced for rating chess players
by Arpad Elo in 1978 [5]. In this rating system each player has a rating, which
represents their relative ability, thus a higher rating indicates a better player.
Players are given an initial ability, which is continuously updated based on
match results. The ERS system uses simple computations for updating players
ratings.

If A, B are the two players with abilities (performances) ΘA and ΘB,
formulas (1) and (2) are for ability estimations based on the match result. SA
is the match result for player A (0 loss, 0.5 - draw and 1 win) and E(SA) is
the expected match result for player A in formula 3. SB is the match result for
player B, therefore 1 − SA and E(SB) is the expected match result for player
B (4). The K factor in formulas (1) and (2) weighs the performance change
of a player during the matches and usually it is a constant.

(1) Θ̂A = ΘA +K(SA − E(SA)),

(2) Θ̂B = ΘB +K(SB − E(SB)),

(3) E(SA) =
1

1 + 10
ΘB−ΘA

400

,

(4) E(SB) =
1

1 + 10
ΘA−ΘB

400

,

In adaptive test systems one of the players is the examinee and the other
one is the test item. Before answering the test item, the examinee has ability
Θ and the test item has difficulty b, both being on the same scale, usually
[-3, 3]. In this case a match is an answer given to the item, which can be
correct or incorrect. We derive the new formulas for ability (5) and difficulty
(6) estimates as follows

(5) Θ̂ = Θ +K(S − E(S))

(6) b̂ = b−K(S − E(S))

If the examinee gives a correct answer, then S is 1 and 0 otherwise. Thus for
every correct answer the proficiency of the examinee increases and the difficulty
of the answered item decreases and vice versa. In this study a constant value
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0.4 [15] was used for K, although K could be chosen to reflect the uncertainty
in ability estimates by making it a function of the number of answered items.
For the expected match result E(S) we used the logistic function given in
formula (7).

(7) E(S) =
1

1 + e−(Θ−b)

2.2. Item Response Teory. IRT has its roots in Psychometrics and it de-
fines a method for adaptive item selection. In this model each item is charac-
terized by an Item Characteristic Curve (ICC, [10]), which shows the correct
answer probability as a function of ability. ICC is usually modeled by a 3 pa-
rameter logistic function (8) also known as 3PL, where Θ represents student
ability; a, b and c are item parameters representing discrimination, difficulty
and guessing probability, and D is a scaling factor.

(8) P (Θ) = c+
1 − c

1 + e−Da(Θ−b)

Replacing c = 0, a = 1 and D = 1 in formula (8) we obtain the 1PL model
also known as the Rasch model, whose logistic function (9) is identical with
(7).

(9) P (Θ) =
1

1 + e−(Θ−b)

Items are administered based on their usefulness in ability estimation.
For this purpose items are ranked on their item information values and the
maximum one is chosen [10]. Item information for the 3PL model is given in
formula (10).

(10) Ii(Θ) =
P
′
i (Θ)2

Pi(Θ)(1 − Pi(Θ))

The item information function for the 1PL model is

(11) Ii(Θ) = Pi(Θ)(1 − Pi(Θ)).

For new ability estimates we used the formulas (12) and (13) [10],



ON THE USE OF ELO RATING FOR ADAPTIVE ASSESSMENT 33

(12) Θn+1 = Θn +

n∑
i=1

Si(Θn)

n∑
i=1

Ii(Θn)

where Si(Θ) is computed using the following formula:

(13) Si(Θ) = (ui − Pi(Θ))
P
′
i (Θ)

Pi(Θ)(1 − Pi(Θ))

In formula (13) ui is 1 if the answer for the ith item is correct and 0
otherwise. The standard error shows the accuracy of ability estimation, and
after N administered items it can be computed by the following formula

(14) SE(Θ) =
1√∑N

i=1 Ii(Θ)
.

3. Item difficulty estimation

Item parameters estimation is usually carried out prior to computerized
adaptive testing and requires additional costs.

Not only the cost is an impediment but also the continuous addition of
new test items, requiring continuous calibration. Stocking [11] observed that
item calibration is very sensitive to examinee abilities, therefore non-compliant
subjects can lead to incorrect item parameters. A few studies [8], [9], [15]
tried to offer alternative and more lightweight solutions to item parameters
estimation; moreover, [15] compared 6 alternative estimation methods with
IRT-based calibration and found that Proportion Correct method has the
strongest correlation with IRT-based difficulty estimates. Proportion Correct
method is a simple approach, which estimates the difficulty level of items by
dividing the number of incorrect answers by the number of total answers for
the given item. In order to grasp the differences between various item difficulty
estimation methods we conducted an experiment, which is partially similar to
the one conducted by Wauters et al, 2011. We compared three item difficulty
estimation methods: IRT, ERS and Proportion Correct using real test data.

3.1. Participants. Students from Computer Science, Automation and Ap-
plied Informatics and Informatics participated in this study. Data were col-
lected during real examination sessions at Object-oriented programming. There
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Table 1. Pearson correlation matrix of the item difficulty es-
timates for the OOP1 dataset

IRT ERS Prop. Correct
IRT 1 0.942 0.994
ERS 1 0.937
Prop. Correct 1

Table 2. Pearson correlation matrix of the item difficulty es-
timates for the OOP2 dataset

IRT ERS Prop. Correct
IRT 1 0.930 0.991
ERS 1 0.931
Prop. Correct 1

are two datasets: OOP1, collected in 2011 from 74 students and and OOP2,
collected in 2012 from 63 students.

3.2. Material and procedure. The tests were administered using Moodle
[16] and both tests consisted of 30 items (single choice, multiple choice, fill
in). Students were familiarized with the Moodle test environment as they had
already completed a pretest session. A test is considered reliable if repeated
administration of the test give the same result. Test reliability was measured
using Cronbachs alpha coefficient and we obtained 0.857 and 0.873 for datasets
OOP1 and OOP2, respectively.

IRT model parameter calibration was conducted in R [17] using the ltm
package. For Proportion Correct we used formula (15),

(15) b̂i = 1 − ni
Ni

where Ni and ni are the total number of answers, the number of correct
answers to the ith item respectively. Finally, for the ERS formulas (5), (6)
and (7) were used.

3.3. Results. Figure 1 shows item difficulty estimations obtained by IRT,
Proportion Correct and ERS methods for items in the OOP1 dataset. IRT
estimation was conducted using the rasch function of the ltm package [17].
Using formula (15), the values obtained by the Proportion Correct method
were scaled to the [-3,3] interval in order to be comparable to IRT estimations.

For ERS estimation each item difficulty was initialised by 0 and we used
formulas (5), (6) and (7) in the estimation process.
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Figure 1. Item difficulty estimations by IRT, Proportion Cor-
rect and ERS methods (OOP1 dataset)

Tables 1 and 2 show Pearson correlations between the estimated item
difficulty parameters using different estimation methods.

Proportion Correct has the strongest correlation with IRT calibration.
However, all estimation methods produced difficulty estimates, which highly
correlated with the other estimation methods.

4. Ability estimation using adaptive item sequencing

A computerized adaptive test is usually administered using the following
steps:

(1) Administer a few items of average difficulty. Score the responses and
estimate the person’s initial ability level.

(2) Select the item that provides the most information using the person’s
current ability estimate and score the response.

(3) Re-estimate the person’s ability level
(4) If stopping criterion is met, then stop the test, otherwise go to step 2.

The ability estimates obtained by IRT-based adaptive item sequencing are
compared with ERS-based one using simulated data.

The only difference between the two methods is the re-estimation formula
used for the person’s ability, namely (12) for IRT and (5) for ERS. However,
the ERS-based sequencing offers a formula for item difficulty estimation (6),
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Figure 2. Ability estimations by IRT and ERS methods for
the first 10 artificial examinees using a 30 item length test

which was not used in this experiment. The next item in both methods is the
one having the maximum item information (10) for the person’s ability.

There were 1000 artificial examinees simulated using an ideal item bank
with 200 items having difficulties uniformly distributed in the [-3, 3] interval.
In order to get comparable results, we generated the answer patterns for the
examinees using a random number generator with uniform distribution. The
first five items were randomly chosen and the estimation process was started
after the 5th administered item. For each simulated examinee the same num-
ber of items were administered and the same predefined response pattern was
used for both methods.

Figure 2 presents the results for the first 10 examinees, whereas the first
two subfigures of figure 3 show ability values estimated during adaptive se-
quencing of 30 items using IRT and ERS methods for the 6th examinee. The
third subfigure 3 of figure shows the answers given by the examinee. In this
experiment we did not use stopping criteria, consequently all the 30 items were
administered.

In the second experiment we compared IRT- and ERS-based adaptive se-
quencing methods from the viewpoint of ability estimates convergence. In
order to achieve it we used various fixed length tests and compared the ability
estimates obtained by the two methods at the end of tests. For test lengths
we set the following values one by one: 10, 15, 20, 25 and 30. For each test
length we repeated the experiment described above and obtained the final
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Figure 3. Ability estimations by IRT and ERS methods for
a given examinee

Table 3. Influence of test length on ability estimations with
IRT and ERS methods

Test length µ(ΘIRT − ΘERS) σ(ΘIRT − ΘERS) µ(SE) σ(SE)
10 0.68 0.52 0.46 0.034
15 0.49 0.41 0.35 0.033
20 0.31 0.27 0.30 0.011
25 0.23 0.20 0.26 0.009
30 0.18 0.14 0.23 0.007

ability estimates for IRT and ERS methods after the end of the test. Table 3
summarizes the results of the experiment: the first column contains the test
length, the second and the third columns contain the mean and the standard
deviation of ΘIRT − ΘERS for the 1000 examinees. Columns 4 and 5 show
the mean standard error and its standard deviation computed in the case of
IRT estimate. It can be seen that IRT estimates the examinees ability faster
than ERS. For the IRT method the standard error is considered a measure of
the accuracy of the ability estimate and this value falls below 0.4 for a test
containing approximately 15 items. For a 30 item length test the estimated
abilities by the two methods are very close, the average difference is 0.18 with
a standard deviation of 0.14.



38 MARGIT ANTAL

2 4 6 8 10
−4

−2

0

2

4

Item

Θ

Θ (IRT)

2 4 6 8 10
−4

−2

0

2

4

Item

Θ

Θ (ERS)

−2 0 2
0

50

100

150

200

250
Final Θ(IRT) distribution

Ability

N
um

be
r 

of
 e

xa
m

in
ee

s

−2 0 2
0

50

100

150

200

250
Final Θ(ERS) distribution

Ability

N
um

be
r 

of
 e

xa
m

in
ee

s

Figure 4. Ability estimations by IRT and ERS methods for
1000 artificial examinees using a 10 item length test

5 10 15 20
−4

−2

0

2

4

Item

Θ

Θ (IRT)

5 10 15 20
−4

−2

0

2

4

Item

Θ

Θ (ERS)

−2 0 2
0

50

100

150

200

250
Final Θ(IRT) distribution

Ability

N
um

be
r 

of
 e

xa
m

in
ee

s

−2 0 2
0

50

100

150

200

250
Final Θ(ERS) distribution

Ability

N
um

be
r 

of
 e

xa
m

in
ee

s

Figure 5. Ability estimations by IRT and ERS methods for
1000 artificial examinees using a 20 item length test

Figures 4, 5, 6 show the results of adaptive item sequencing simulations for
10, 20 and 30 items. On the top left figure Θ is estimated by IRT using formula
(12), while on the top right figure by ERS using formula (5). Bottom figures
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Figure 6. Ability estimations by IRT and ERS methods for
1000 artificial examinees using a 30 item length test

show the histograms of ability estimates. These figures show the influence of
the test length on ability estimations.

5. Conclusions

In this paper we presented alternative methods for item difficulty esti-
mation. Using real test data we compared two alternative item difficulty
estimation methods to IRT-based estimation. The high correlations between
difficulty estimates obtained by IRT, ERS and Proportion Correct methods
indicate that any of these can be used in real adaptive test systems. We also
presented a new model for computerized adaptive testing: an IRT-based adap-
tive item sequencing with ERS-based ability estimate. We found that the new
model is able to obtain a reliable examinee ability estimate using a test of
at least 30 items. This result is in concordance with the finding obtained by
van der Maas and Wagenmarkers regarding Elo rating used for ranking chess
players, as they concluded that 25 games are needed to obtain a reliable Elo
rating for a chess player [13]. Moreover, using this model we can obtain both
the ability estimates of the examinees and item difficulty estimates of the test
items. One limitation of this study is the size of population used for item
difficulty estimation. Therefore we are planning to repeat these estimations
as we gather more data.
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