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ABSTRACT

This study aims to compare item and student parameters of dichotomously scored multidimensional constructs estimated
based on unidimensional and multidimensional Item Response Theory (IRT) under different conditions of sample size,
interdimensional correlation and number of dimensions. This research, conducted with simulations, is of a basic nature.
The standard errors of the item and student parameters estimated according to both models were evaluated by the mean of
the error squares. The results of the study indicate that there is no significant difference between the errors of the item pa-
rameters obtained from the unidimensional and multidimensional IRT in the cases of two-dimensional data structures and
high interdimensional correlations. However, when the data structure are three and five dimensional, the item parameter
errors resulting from the unidimensional IRT increase. Standard errors for item parameters decreased as the sample size
increased. When the standard errors arising from ability parameters were analysIRTed, it was observed that multidimen-
sional IRT estimated with lower errors for all conditions. As a result of the study, it is established that multidimensional
IRT provides more accurate results in the analysis of multidimensional constructs, especially in the estimation of student
parameters and in making decisions about students. Therefore, it is recommended that multidimensional models should be

used for student ability estimation in national and international large-scale examinations.
Keywords: Multidimensional IRT, unidimensional IRT, multidimensional data, dimensionality

INTRODUCTION

The main purpose of measurement studies in education and
psychology is to determine the extent to which students have latent
variables. There is no single approach accepted by everyone in
determining latent variables (Crocker & Algina, 1986). The 1905
Classical Test Theory (CTT) based on Charles Edward Spearman,
the Item Response Theory (IRT), which is an extension of CTT and
emerged in the 1930s, and the Generalizability Theory based on
variance analysis are the main approaches. Since the differences in
the ability levels of students affect their test performances, it is not
possible to mention the invariance of the parameters estimated on
the basis of the CTT (Giil, 2015). The fact that item statistics are not
dependent on the group, that chance success is taken into account,
and that different error estimates are made for each ability range
makes ITC more advantageous compared to others (Hambleton &
Swaminathan Rogers, 1991).

IRT explains the relationship between an student’s
responses to an item and their ability level regarding the trait
to be measured with a mathematical function. In IRT, 0 is
called “ability/knowledge” and takes a value between -o0 and
+oo and allows for sample-independent measurements given
that the assumptions are met (de Ayala, 2009). Appropriate
dimensionality, local independence and monotonicity
assumptions are included in the IRT.

Dimensionality is a situation related to the structure
of the feature to be measured in a measurement process.

While one dimension refers to a single feature,
multidimensionality means measuring more than one feature
(Hasangebi, Terzi, & Kiiciik, 2020). The assumption of
unidimensionality in psychological constructs is a difficult
assumption to meet.

Local independence, another assumption of the IRT,
means that the student responses the items independently
of each other. This assumption is tested by taking a certain
ability level as a constant and looking at the correlation of the
scores obtained from the responses of students at that ability
level (Crocker & Algina, 1986; Embretson & Reise, 2000;
Lord & Novick, 1968; McDonald, 1999).
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In order to provide the advantages mentioned in IRT,
first of all, the most appropriate IRT model should be selected
for the test data (Hambleton & Swaminathan, 1985). When
the appropriate model is not selected for the test data, item
parameters will be incorrectly estimated.

Recent research and literature demonstrate that
multidimensional IRT is increasingly accepted in the fields
of education and psychology (Hori, Fukuhara & Yamada,
2020). In this context, rather than assuming that tests or test
items measure only one latent trait and making decisions
accordingly, this assumption has started to be questioned.
While unidimensional IRT has difficulty in meeting this
challenging assumption, it has been determined that more
precise, valid and reliable results are obtained with the use
of multidimensional IRT models (Kose, 2012). However,
the fact that the software that graphically indicates the
probability of the respondent’s correct answer to the item in
multidimensional IRT is still under development and cannot
fully serve the researchers continues to be an important
shortcoming of the studies in this field.

The main purpose of this study is to determine the
most appropriate model for the data set by comparing
unidimensional IRT and multidimensional IRT models under
the specified conditions. In particular, the extent to which the
dimension difference affects the item predictions calculated
within the scope of the study and possible error cases have
been examined in detail. These analyses are conducted to
evaluate the performance of both models and to determine
the most appropriate one for the structural characteristics
of the data set. In this framework, the effect of models with
different dimensions on the data set and how this effect is
reflected on item estimates are discussed in detail.

METHOD

Research Design

The present research is a simulation study comparing the
performance of unidimensional IRT and multidimensional
IRT methods under various conditions. In studies conducted
in the fields of education and psychology, it is established
that analyzing with the right dimension affects item
predictions. For this present study, unidimensional IRT and
multidimensional ICA data fits of a scale organized with
simulated data according to the 2PL model were examined,
and the item and test information functions of the estimation
of the parameters of the appropriately estimated model were
examined.

Simulation Conditions
The data set used in the research consists of simultaneous
data generated with the WinGen program. In this context,
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according to the 2PL model, a data set consisting of 20 items
with a 1-0 item-score matrix and 520 respondents is generated
through the program.

Data Analysis

With the data of the current study, it is first examined
whether the assumptions of unidimensional IRT and
multidimensional IRT are met. Model comparisons ae made
within the framework of the estimations obtained. FACTOR,
IRTPRO 2.1 and R software are utilized in the calculations of
the present study.

While unidimensionality, local independence and
invariance assumptions were considered for unidimensional
IRT, local independence and monotonicity assumptions are
taken into account for multidimensional IRT. Furthermore,
tetrachoric correlation values, fit indices, skewness and
kurtosis values, inter-item correlation, parameter estimates,
item information functions and test characteristic curves are
examined for both applications.

In order to apply multidimensional IRT to the existing
data set, some assumptions must be met in addition to the
multidimensionality of the data set. One of these assumptions
is local independence, which has the same meaning as in
the unidimensional IRT and is not elaborated again here.
Another assumption is monotonicity. The monotonicity
assumption is that the probability of an student giving a
correct answer increases with the increase of any element in
the B-vector (Reckase, 2009). That is, as any ability associated
with the item increases, the probability of the student
answering this item correctly also increases. Therefore, there
should be a monotonic increasing relationship between the
probability of a correct answer and 6. The monotonicity
assumption can be satisfied in unidimensional IRT, but there
are also unidimensional IRT models that do not require this
assumption. Therefore, monotonicity is not considered as an
assumption in unidimensional IRT (Roberts et al., 2000; as
cited in: Reckase, 2009).

FINDINGS

First off, the reliability coefficients are examined for the
UDIRT (Unidimensional Item Response Theory) and the
MDIRT (Multdimensional Item Response Theory) . This
value is calculated as .947 for unidimensional IRT and .934
for multidimensional IRT. It can be asserted that these values
are quite good values for the achievement test.

In this study, 0.30 is taken as the limit value for factor
loadings (Brown, 2015). In the analysis, the KMO value is
calculated .949 and according to this value, it is seen that
the data set has a large enough sample for factor analysis
(p=0.00). In Bartlett’s test of sphericity, the value is calculated
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6247.2 (p=.000) and is significant at .01 level. This means that
the data are normally distributed.

Skewness and Kurtosis coefficients are examined in
unidimensional and multidimensional factors and it is
observed that the measurement values obtained by ranking or
classification for both dimensions are asymmetric and skewed
and these values are larger than -1 and 1 values. Therefore, it is
deemed more appropriate to calculate tetrachoric correlation
coefficients when looking at correlations (Muthen, B. &
Kaplan D., 1985).

Unidmensionality

This assumption has been tested for unidimensional IRT,
and IRT models assuming a single latent trait are called
unidimensional. Satisfying the unidimensionality assumption
requires that there is a dominant factor or dimension affecting
test performance. This dominant factor is assumed to be the
ability to be measured by the test (Hambleton & Swaminathan,
1985). The dimensions of the items scored 1-0 in the test are
tried to be determined using the FACTOR program.

Tablel: Factor loadings and explained variance ratios for
unidimensional IRT.

Cumulative Proportion of

Goodness of Fit Index (GFI) value is examined for model
and data fit index. This value is calculated .975. This value
being close to 1 indicates a good fit. When we look at the
calculated value, we ¢ an interpret that our data fit the model
well (Table 1).

The factor loading value for the items in the 20-item form
of the test is accepted 0.30. The eigenvalue of the first of the
two factors obtained is calculated 9.418 and the second 1.023.
This factor explains 46.4% of the variance. Although the study
seems to be two-dimensional, it can be assumed that the data
set is unidimensional by observing that the eigenvalue and
explained variance ratio of the dominant factor are high.

Considering that the study is two-dimensional, the
KMO value is calculated .954 in the analysis and according
to this value, it is seen that the data set has a sufficiently large
enough sample for factor analysis (p=0.00). In Bartlett’s test
of sphericity, the value is calculated 6247.2 (p=.000) and is
significant at .01 level. This means that the data are normally
distributed.

Goodness of Fit Index (GFI) value is examined for model
and data fit index. This value is calculated .989. This value
being close to 1 indicates a good fit. When we look at the
calculated value, we can interpret that our data fit the two-
dimensional model better (Table 2).

Variable Eigenvalues Variance Table 2.: Factor Loadings and Explained Variance Ratios for
1 9,418 464 Multidimensional IRT.
Proportion of Cumulative Pro-

2 1,023 Variable Eigenvalue Variance portion of Variance
3 1966 1 9.28745 0.46437 0.46437

4 851 2 1.71074 0.08554 0.54991

5 ,817 3 1.19266 0.05963

6 1762 4 1.03862 0.05193

7 /633 5 0.85432 0.04272

8 232 6 0.72415 0.03621

9 474

10 452 7 0.64672 0.03234

1 421 8 0.53642 0.02682

12 386 9 0.47542 0.02377

13 1382 10 0.44928 0.02246

14 ,353 11 0.41488 0.02074

15 316 12 0.40750 0.02038

16 ,283 13 0.37212 0.01861

17 ,255 14 0.34968 0.01748

18 ,252 15 0.34429 0.01721

19 ,203 16 0.28587 0.01429

20 ,155 17 0.26771 0.01339
| 105 Pegem Journal of Education and Instruction, ISSN 2146-0655
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Proportion of Cumulative Pro-

Variable Eigenvalue Variance portion of Variance
18 0.24566 0.01228
19 0.22422 0.01121
20 0.17231 0.00862

The eigenvalue of the first of the two factors obtained is
calculated 9.287 and the second 1.710. This factor explains
54.9% of the variance. Although the study seems to be
two-dimensional, it can be assumed that the data set is
unidimensional by observing that the eigenvalue and explained
variance ratio of the dominant factor are high (Table 3).

Table 3: Varimax Rotated Factor Loadings for Multi-
dimensional IRT.

Variable F1 F 2
V1 0.617 0.399
V 2 0.667 0.445
V 3 0.632 0.417
V 4 0.676
V 5 0.429

\A 0.398 0.583
V 8 0.368

The factor loading value for the items in the 20-item
form of the te st is accepted .30. Gaps mean values below .30.
In general, it can be said that the item factor loadings after
varimax rotation are at an acceptable level.

Variable F1 F 2
v 7 0.398 0.583
VvV 8 0.368
V 4 0.676
vV 5 0.429

V 6 0.734

Vv 7 0.398 0.583
VvV 8 0.368
V9 0.338

V 10 0.301 0.710
V11 0.316 0.769
V12 0.600

V 13 0.312 0.608
V 14 0.678

V 15 0.437 0.620
V 16 0.658

Vv 17 0.314 0.753
V 18 0.419 0.574
V19 0.697
V 20 0.796

Local Independence
Local independence means that a respondent’s probability of
answering an item correctly is not affected by their responses
to other items in the test.

For local independence, Marginal fit (X?) and
Standardized LD X? table are examined. The table related
to this assumption is provided in Table 4).In the table

Table 4: Marginal fit (X2) and Standardized LD X2 table for Unidimensional IRT.

Marginal

Item Label X2 1 2 3 4 5 6 7 8 9 10
1 S1 03

2 S2 03 315

3 S3 03 284 38.8

4 S4 01 -0.2 -0.3 -0.3

5 S5 00 7.3 6.0 2.6 3.6

6 S6 01 2.0 2.2 24 34 -0.6

7 S7 07 0.2 0.2 0.4 05 0.6 0.3

8 S8 00 -04 0.2 0.3 8.7 -0.7 -05 3.8

9 S9 00 -05 -05 -0.2 25 55 -05 1.0 -0.7

10 S10 08 0.6 0.0 18 6.7 0.3 7.1 0.7 0.7 -0.1

11 S11 08 42 2.8 33 53 0.4 13 1.7 15 0.9 83
12 S12 00 -04 0.0 -04 0.4 -0.6 51 0.2 -0.2 -0.7 0.4
Pegem Journal of Education and Instruction, ISSN 2146-0655 106
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Marginal

Item Label X2 1 2 3 4 5 6 7 8 9 10
13 S13 05 0.6 0.7 -0.1 3.1 1.2 5.6 2.8 0.1 2.7 0.5
14 S14 00 -04 -0.2 -0.2 4.3 -0.6 7.6 -0.0 0.3 26 04
15 S15 08 0.4 0.1 11 -0.1 0.7 0.7 5.0 0.6 0.2 0.8
16 S16 00 -04 -04 -0.3 2.3 0.9 3.9 12 -0.3 11 0.1
17 S17 11 49 3.8 51 4.6 0.2 1.7 0.5 0.3 0.6 15
18 S18 05 -0.3 -0.2 -0.2 1.0 0.2 -0.1 -0.1 -0.2 -0.1 -0.1
19 S19 08 3.3 04 2.2 2.0 -0.1 5.7 2.6 0.2 -0.1 12
20 S20 11 3.0 7.7 12.1 7.2 0.4 4.9 2.8 1.7 0.5 4.8

Marginal

Item Label X2 11 12 13 14 15 16 17 18 19

11 S11 08

12 S12 00 9.0

13 S13 05 14.6 14.7

14 S14 00 19.8 8.6 215

15 S15 08 5.1 15.9 49 5.9

16 S16 00 9.9 13.0 18.3 17.3 140

17 S17 11 164 5.0 16.6 8.2 6.0 14.8

18 S18 05 10.2 16.5 6.8 24.4 6.3 19.9 19.9

19 S19 08 140 134 16.8 175 6.2 53 16.7 22.1

20 S20 11 20.1 8.1 5.7 143 6.1 7.6 6.3 15.9 13.7

In the table expressing the IRTPRO standardized LD %~ &~
magnitude, if the correlation between two items is greater
than 10, it means that the two items are dependent. In local

independence, these values are expected to be less than 10. In
the unidimensional IRT model, 31 values greater than 10 are
found (Table 5).

Table 5: Marginal fit (X2) and Standardized LD X2 table for Multidimensional IRT Model.

Marginal
Item Label x? 1 2 3 4 5 6 7 8 9 10
1 S1 06
2 S2 08 1.9
3 S3 07 04 24
4 S4 01 -0.2 0.0 -0.2
5 S5 00 0.6 0.7 -0.2 2.8
6 S6 00 0.0 0.8 12 40 -0.3
7 S7 06 29 4.7 29 -0.2 33 0.5
8 S8 00 -0.1 0.8 0.5 13.0 -0.6 -0.7 25
9 S9 00 -0.1 0.6 0.7 35 4.5 -0.7 29 -0.7
10 S10 10 0.2 18 0.2 2.0 3.7 0.8 0.9 0.1 1.0
11 S11 10 0.2 0.1 0.4 1.7 0.0 0.3 13 0.2 0.0 2.5
12 S12 00 14 5.0 4.0 -04 0.2 48 10 -0.7 -05 24
107 Pegem Journal of Education and Instruction, ISSN 2146-0655
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Marginal
Item Label X2 1 2 3 4 5 6 7 8 9 10
13 S13 06 0.1 6.4 2.3 0.7 54 -0.1 21 -0.2 41 0.9
14 S14 01 51 35 29 1.1 0.0 37 32 -0.6 21 19
15 S15 06 31 5.1 4.8 -0.2 3.6 0.3 13.7 0.3 13 0.3
16 S16 01 4.0 43 1.9 0.1 -0.2 2.6 0.5 -0.3 1.6 14
17 S17 13 0.5 0.3 1.1 20 0.2 0.2 1.0 05 13 0.3
18 S18 04 15 3.0 05 -04 -04 1.0 -0.2 -0.1 04 0.0
19 S19 14 0.9 0.8 0.6 1.1 1.6 0.6 35 04 1.6 2.3
20 S20 18 11 11 45 2.6 0.6 21 34 0.7 0.6 25
Marginal

Item Label X2 11 12 13 14 15 16 17 18 19

11 S11 06

12 S12 00 0.1

13 S13 06 12 -0.2

14 S14 00 0.2 7.8 -0.2

15 S15 10 0.3 0.1 0.4 0.1

16 S16 00 -0.2 8.2 04 11.2 0.1

17 S17 10 1.6 0.1 0.1 0.8 11 0.2

18 S18 04 2.2 10 -0.1 21 0.0 0.6 2.7

19 S19 13 0.3 0.8 15 04 33 05 04 2.7

20 S20 15 1.6 0.7 04 1.1 0.6 0.5 1.8 15 0.6

In the table indicating the IRTPRO standardized LD 32
&2 magnitude for multidimensional IRT, 1 value greater
than 10 is found in the correlation between two items. It can
be interpreted that local independence is more appropriate
for the MDIRT.

Invariance Property
For the assumption of inter-group invariance, the sample is
divided into two groups in the unidimensional IRT and the
correlation coefficients of the item parameters are calculated
from these two groups (Table 6).

In order to examine the invariance property, the
correlations of the respondents in the study group for the
relationships between the ability parameters divided into two

Table 6: Correlation Coefficients for Unidimensional IRT
Group 1 and Group 2.

Correlation
Groups Coefficient
Unidimensional Groupl-Group2(b)  0,931**
IRT
Groupl-Group2(a) 0,494**
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halves are calculated. The fact that most of the correlation
coefficients are significant at a = 0.01 level and linear
relationships are observed in the scatter plots indicates that
the invariance property is met. It is seen in the graphs below
that the discrimination parameter has a very low correlation
coefficient and a non-linear scatter plot (Figure 1 to 3).

Considering the test information function graph, it can
be said that according to the unidimensional IRT model,
the groups provides similar information compared to the #
ability levels in the predictions made regarding the ability g
& levels of the groups throughout the test.

Looking at the graphs above, it is seen that the item
characteristic curves do not differ in item discrimination.
This means that the probability of answering correctly in
items with discrimination differs between low ability levels
and high ability levels. In both groups, it is concluded from
the graphs that the probability of being successful increases as
the ability level increases.

Model-Data Compatibility
Model fit can be evaluated both at the general and item level
in IRT. This study has been conducted to determine which
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model fits the research data better. Therefore, first, the overall
model-data fit is evaluated comparatively. There are various
methods for assessing the fit of IRT models (Embretson &
Reise, 2000). These methods are used to understand how
well the model fits the data and provide an important tool
for comparing the performance of models along different
dimensions. The first and most basic of these methods is the
likelihood ratio test - G 2 (LRT) statistic. It takes into account
the change in the obtained -2 log likelihood values. The LRT
is the difference between the -2 log likelihood values of the
models:

AG 2=-2In(L1)-(-2In(L2))=G12-G2

L1is the maximum likelihood of the first model and the
-2In likelihood value of this model, whereas (L2) represents
the maximum likelihood of the second model. The degrees
of freedom (sd) used to test the significance of AG 2 refers
to the difference in the number of parameters between
the two models being compared. A significant p-value may
indicate that the second model (more complex model) with
more parameters should be used (Andersen, 1973; Baker
and Kim, 2004; Bock and Aitkin, 1981; De Ayala, 2009). In
this context, the significance of AG 2 determines whether
the difference between the models is statistically significant
and guides the selection of the more appropriate model.

Other methods used to test model fit include the R"2
statistic comparing various regression models, the Bayesian
Information Criterion (BIC), the Akaike Information
Criterion (AIC) and the M2 limited information goodness-
of-fit statistic. Lower AIC and BIC values indicate a relatively
better fit and may indicate that the model fits the data better
(De Ayala, 2009). These criteria provide important guidance
when comparing between different models and determining
which model fits the data better.

Item fit statistics, which are also used in model fit
evaluations, are calculated using Bock’s (1972) x 2 index
and the results are provided in Table 7. The fit values of the
test items of both models are presented and it is checked
whether they are significant or not. The fact that the 2 value
calculated for item fit is significant indicates that the item
does not exhibit fitness.

Overall fit levels are tested to find out which model fit
the data better. -2 log, AIC and BIC values calculated for

Table 7: Model Comparison.

Statistics based on the

loglikelihood UDIRT MDIRT
-2loglikelihood 8646.39 9029.16
AlC 8726.39 9109.16
BIC 8894.97 9279.31
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Table 8: Model Comparison.
Unidimensional

Multidimensional

IRT IRT
Root Mean Square of 0.0798 0.0519
Residuals (RMSR)
Expected mean value of 0.0439 0.0498
RMSR for an acceptable
model

general model fit are compared pairwise. The table indicates
the -2 loglikelihood, AIC and BIC values calculated for
unidimensional IRT and multidimensional IRT (Table 8).

In model selection, -2 loglikelihood, AIC and BIC values
wereconsideredforunidimensional IRTandmultidimensional
IRT, but since the number of parameters is equal, G =G *value
should be considered. This value is calculated as G2 (1048535)
= 3283.23, p = 1 for unidimensional IRT, and since it is not
significant, it is thought that the multidimensional IRT model
has a better fit (Table 8).

The fact that the Root Mean Square of Residuals (RMSR)
value in the upper column of the table above is greater than
the Expected mean value of RMSR for an acceptable model
indicates that the model of the data set needs to be changed.
When looking at the table, it is said that multidimensional
IRT is more acceptable because the difference is less (Kelley,
1935).

Item Fit Indices

For unidimensional IRT and multidimensional IRT, the
fit values of the relevant test items are presented and the
significance level of a = 0.001 is taken as basis. The fact that
the y 2 value calculated for item fit is significant indicates that
the item does not exhibit fitness (Table 10).

When the item fit indices are examined in the analysis
conducted under the unidimensional IRT model, it is thought
that items 4, 13, 18 and 20 might have problems in their fit. In
the multidimensional IRT, however, it is thought that items 4
and 1 do not fit well.

To determine whether the models accurately estimated
the item parameters, the item parameters and their standard
errors are presented below.

In the context of unidimensional IRT, item discrimination
(a) and item difficulty (b) standard errors are evaluated
in detail. The estimated difficulty parameters under the
unidimensional IRT model ranged between b = -1.09 and b
= 0.64, and the standard errors for the estimation of these
parameters range between (0.05) and (0.17). In contrast to
item 13, which is identified as the most difficult item, item
8 stands out as the easiest item. Furthermore, when the
discrimination parameter with values between a = 0.83 and
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Table 9: Unidimensional IRT and multidimensional IR S-X2 Item Level Diagnostic Statistics.

Unidimensional IRT Multidimensional IRT
Item X2 df Probability X2 df Probability
1 34.57 16 0.0045 27.05 16 0.0408
2 14.48 13 0.3431 14.95 14 0.3835
3 34.37 15 0.0030 28.99 15 0.0161
4 94.60 17 0.0001 100.72 17 0.0001
5 16.00 18 0.5934 21.44 18 0.2569
6 22.39 11 0.0215 22.64 10 0.0121
7 22.81 14 0.0632 24.53 14 0.039%4
8 21.56 17 0.2016 23.78 18 0.1618
9 35.24 18 0.0088 39.40 18 0.0025
10 21.16 14 0.0974 23.22 14 0.0566
11 34.58 13 0.0010 22.55 13 0.0473
12 9.61 15 0.8442 18.53 16 0.2929
13 40.98 11 0.0001 4452 12 0.0001
14 30.84 13 0.0035 31.78 14 0.0043
15 20.77 13 0.0774 15.68 13 0.2661
16 23.45 16 0.1021 26.58 17 0.0643
17 17.44 13 0.1794 17.70 13 0.1689
18 45.86 16 0.0001 38.23 16 0.0014
19 26.61 11 0.0053 23.05 10 0.0105
20 38.87 12 0.0001 30.38 12 0.0024

Table 10: Unidimensional IRT Model Item Parameter Estimates.

Items a S.e. c se b se

M1 2.53 0.25 0.27 0.16 -0.11 0.07
M2 3.61 0.39 0.73 0.22 -0.20 0.06
M3 2.63 0.27 0.10 0.17 -0.04 0.07
M4 1.82 0.19 0.02 0.14 -0.01 0.08
M5 1.18 0.14 0.49 0.12 -0.42 0.10
M6 2.54 0.30 2.66 0.27 -1.04 0.10
M7 2.95 0.32 -0.83 0.21 0.28 0.06
M8 1.33 0.16 1.46 0.15 -1.09 0.13
M9 0.83 0.12 0.75 0.11 -0.90 0.17
M10 3.29 0.37 -1.20 0.24 0.36 0.06
M11 3.40 0.36 -0.40 0.21 0.12 0.06
M12 2.27 0.25 181 0.20 -0.80 0.09
M13 3.13 0.40 -2.01 0.30 0.64 0.06
M14 2.62 0.29 1.88 0.22 -0.72 0.08
M15 3.26 0.35 -0.63 0.21 0.19 0.06
M16 2.09 0.27 0.07 0.05 -0.62 0.12
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Table 10: Unidimensional IRT Model Item Parameter Estimates.

Items a s.e. c
M17 4.77 0.63 0.05
M18 2.66 0.32 -0.51
M19 4.37 0.55 -2.73
M20 4.72 0.57 -2.02

se b se

0.02 0.34 0.05
0.20 0.19 0.07
0.39 0.62 0.05
0.35 0.43 0.05

a=4.77 is analyzed, it is determined that the items generally
have high discrimination. A high a value indicates that the
item better discriminates students at low and high ability
levels. In this context, items 17 and 20 are established to
have the highest discrimination for the test, while the item
with the lowest discrimination is item 9 (a = 0.83). When
the standard errors of b and a parameters on item basis are
examined, it is seen that they have average values (X'b =
0.079 and Xa = 0.325).

In order to examine the invariance property of ability
parameters, the correlation coefficient for the relationships
between the ability parameters estimated from each of the item
sets of the respondents in the study group separated as odd-
even is calculated as .863. According to the unidimensional
and bi-dimensional IRT models, the invariance property for
different item pairs, in which the correlations of the items
separated as odd-even are very high, is achieved significantly
at the 0.01 level.

In the evaluation of the multidimensional IRT analysis
results, standard error averages are used as an indicator of
parameter invariance. Data are analyzed without grouping
according to dimensions and standard error averages are
calculated separately for each dimension to determine
how each dimension is affected by parameter invariance
(Table 11).

When the standard error means (SHO) of the parameters
above are taken, it is seen that the SHO values obtained are
between .014 and 2.05 for parameter al. For parameter a2,
this value is between .20 and 1.75. It is possible to say that
parameter invariance cannot be maintained for these three
conditions. al parameter mean is calculated as .664 and a2
parameter mean is calculated as .595. In general, the SHO
values for the first dimension ICC a parameter are lower than
the SHO values for the second dimension ICC a parameter.

The “c” parameter in this table is the intercept parameter
obtained as a result of the interaction of the “b” difficulty

Table 11: Multi-Dimensional IRT Model Item Parameter Estimates.

Item Label a, s.e. a, s.e. o s.e.

1 S1 4.36 0.67 000 - 0.26 0.77
2 S2 8.67 2.05 000 0 - 1.45 152
3 S3 6.02 1.14 000 - 0.04 1.03
4 S4 000 0 - 194 0.20 0.17 0.37
5 S5 1.35 0.16 000 0 - 0.51 0.25
6 S6 3.45 0.51 000 0 - 3.32 0.65
7 S7 000 0 - 271 0.34 -0.89 0.48
8 S8 000 0 - 141 0.21 155 0.27
9 S9 0.82 0.14 000 0 - 0.76 0.17
10 S10 000 - 3.45 0.56 -1.30 0.72
11 S11 000 0 - 421 0.55 -0.49 0.77
12 S12 2.02 0.34 000 0 - 1.68 0.32
13 S13 000 0 - 2.95 0.64 -1.95 0.72
14 S14 2.52 0.52 000 - 1.85 0.33
15 S15 000 0 - 3.08 043 -0.55 0.55
16 S16 223 0.45 000 - 148 0.30
17 S17 000 - 4.18 0.63 -0.92 0.80
18 S18 000 0 - 2.56 0.34 -0.27 0.45
19 S19 000 - 4.37 1.75 -2.54 1.49
20 S20 000 - 4.62 0.90 -1.57 0.93
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parameter and the “a” discrimination parameter and is
called the “d” parameter in Multidimensional Item Response
Theory. The “d” (intercept) parameter is not related to the
feature of having an upper limit, which is rarely encountered
in Multidimensional IRT. The “d” parameter mentioned
here replaces the difficulty (b) parameter in the One
Dimensional ILC and has a different meaning. However, in
multidimensional IRT, the d parameter is calculated .

m
d; = — Z[ﬂmf‘m
k=1

For each item, not as a vector like the a parameter
The parameter d in the formula is called the intercept
parameter because it consists of the difficulty (position) and
discrimination (slope) parameters (de Ayala, 2009).

The table 12 demonstrates the information functions
obtained for each item between the -2.8 and 2.8 ability levels.
According to this table, the most information is provided at

0.4 ability level with 30.08. It is seen that the standard error of
the measurement is inversely proportional to the information
function of the test and the item. At the 0.4 ability level, the
standard error is also lower than the other standard errors.
The information function in Multidimensional IRT can
be considered as an extension of the information function in
Unidimensional IRT. This function is represented by adding
the direction of information to its mathematical expression.
Mathematical expression of multidimensional information;

oy

PNi-£~)] > a,cosa,

k=1

In the formula; Pi @@.....cccoevnee. represents the probability
of a respondent at ability level g g to answer item i correctly,
while aik................... is the vector representing item i in the
latent trait composition (Kése, 2012).. This vector 0,0,
is represented by the angle with the Ox1 axis (Ackerman,
2005)

Table 12: Item Information Functions for Unidimensional IRT Model.

0:
Item Label -28 -24 -20 -16 -12 -08 -04 -00 04 0.8 1.2 1.6 2.0 24 2.8
1 M1 001 002 005 014 036 08 139 157 109 053 022 008 003 001 0.00
2 M2 000 000 002 008 034 121 287 28 120 033 008 002 000 0.00 0.00
3 M3 000 001 004 011 030 073 139 173 126 062 025 009 003 001 0.00
4 M4 002 004 008 017 031 052 074 083 072 050 030 016 008 004 0.02
5 M5 007 011 016 022 028 033 035 033 028 022 016 011 007 005 0.03
6 M6 007 019 048 102 15 147 08 040 016 006 002 001 000 0.00 0.00
7 M7 000 000 001 003 011 033 09 183 211 127 051 017 005 002 0.01
8 M8 015 023 031 040 044 043 036 027 019 012 008 005 003 002 0.01
9 M9 010 012 014 016 017 017 017 015 013 011 009 007 005 004 0.03
10 M10 000 000 000 002 006 023 075 193 269 168 061 018 005 0.01 0.00
11 M11 000 000 001 003 013 047 145 278 232 094 028 007 002 0.0 0.00
12 M12 005 013 030 062 105 128 105 062 030 013 005 002 001 0.0 0.00
13 M13 000 000 000 001 003 010 035 102 213 231 124 044 014 004 001
14 M14 003 008 022 056 118 169 144 079 033 012 004 002 001 0.0 0.00
15 M15 000 000 001 003 011 039 117 241 238 114 037 011 003 0.01 0.00
16 M16 004 010 023 049 087 118 111 074 039 018 008 003 001 001 000
17 M17 000 000 000 001 006 025 101 28 331 145 039 009 002 0.0 0.00
18 M18 000 001 003 007 021 053 114 171 151 084 035 013 005 0.02 001
19 M19 000 000 000 000 001 007 030 120 316 319 123 031 007 0.2 0.00
20 M20 0.00 000 000 001 004 019 075 232 343 184 054 013 003 001 0.00
Test 156 206 311 519 861 133 206 293 301 186 788 329 179 130 114
LInformation:
Expecteds.e. 080 070 057 044 034 027 022 018 018 023 036 055 075 0838 094

[113

Pegem Journal of Education and Instruction, ISSN 2146-0655



Educational Implications of Comparing Unidimensional and Multidimensional Item Response Theories

Group 1, Total Information Curve

8

Total Information

Total Information = ==== Standard Eror

Fig. 4. Unidimensional IRT General Test
Information Function

The test information function gives the overall
information function of the test according to the ability
levels of the test. It is seen that the estimation according to
the unidimensional IRT model provides more information
between gg =0 ile gg =1. The amount of information
provided by the test decreases as one moves to the extremes
of the ability scale. The information function is inversely
proportional to the standard error of ability estimation. The
dashed lines in the graph indicate that the standard error

decreases as the amount of information increases.
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Fig. 5. Characteristic Curve of Unidimensional
IRT General Test

Item discrimination is mainly related to the steepness
at the midpoint of an item characteristic curve. Steeper
curves indicate that the item is more discriminative, while
flatter curves indicate that the item has lower discrimination.
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For items with a flat curve (i.e. items with low discrimination),
the probability of answering the item correctly is almost the
same at low ability levels and at high ability levels. Respondents’
probabilities of success indicate an increasing trend with
increasing ability level, which can be seen graphically.

The item characteristic surface is obtained using
extended models for multidimensionality. This surface
includes the probability of answering correctly and the
different © (theta) planes analyzed on the item, similar to
the Item Characteristic Curve (ICC). The item characteristic
surface indicates the relationship between an student’s level
in the relevant ability levels and the probability of answering
the item correctly on multidimensional graphical planes.
Figure 1.4 indicates the item characteristic surfaces based
on the logistic and normal ogive function for an item in a
two-dimensional compensated model with a1=0.5; a2=1.5;
B=0andc=0.2.

Figure 6: General Test Information Function for Multi-
dimensional IRT

The test information function gives the overall
information function of the test according to the ability
levels of the test. The amount of information provided by
the test decreases as one moves to the extremes of the ability
scale. The information function is inversely proportional to
the standard error of ability estimation. The dashed lines in
the graph indicate that the standard error decreases as the
amount of information increases.

Examining item characteristic surfaces in the figure,
we see that the probability of a correct response increases
monotonically with the increase in the elements in the 0
vector. Furthermore, it is observed that on these surfaces,
a unit increase in 062 increases the probability of a correct

114



Educational Implications of Comparing Unidimensional and Multidimensional Item Response Theories

\ \\ Y
\‘ ““‘\‘\‘\\\

\\\\‘

Fig. 7: Characteristic Curve of Multidimensional IRT
General Test

response more than the same unit increase in 61. This suggests
that 62 is more effective than 61 in increasing the probability
of responsing correctly for this particular item.

DISCUSSION

The results of the study indicate that there is no significant
difference between the errors of the item parameters obtained
fromtheunidimensionalandmultidimensional IRTinthecases
of two-dimensional data structures and high interdimensional
correlations. However, when the data structure are three and
five dimensional, the item parameter errors resulting from
the unidimensional IRT increase. Standard errors for item
parameters decreased as the sample size increased. When the
standard errors arising from ability parameters were analyzed,
it was observed that multidimensional IRT estimated with
lower errors for all conditions. As a result of the study, it is
established that multidimensional IRT provides more accurate
results in the analysis of multidimensional constructs,
especially in the estimation of student parameters and in
making decisions about students.

CONCLUSION

Item Response Theory (IRT) models are frequently used in
education and psychology. However, it can be difficult for
these models to be completely unidimensional, particularly
in cases such as achievement and aptitude tests (Hambleton,
Swaminathan, & Rogers, 1991; Reckase, 1997). In cases where
the assumption of unidimensionality is not met, applying a
unidimensional model to multidimensional test data may
lead to errors in ability and item parameters and model misfit.
In cases where there is more than one latent trait affecting
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the respondent, multidimensional IRT models should
be used (Ackerman, 1994a-b). Although studies suggest
that unidimensional models can be used with moderately
multidimensional data, the risk of lack of information
and misinterpretation increases in ability estimation
with multidimensional data (Drasgow & Parsons, 1983;
Hambleton, 1969; as cited in Kreiter, 1993). Discrepancies
under unidimensional models are usually caused by the
multidimensionality of test data. Research indicates that
multidimensional models give more reliable results in the
estimation of ability and item parameters when the tests are
multidimensional.

According to the findings of this study, student parameter
values obtained by multidimensional analyses present lower
error rates than unidimensional models. Therefore, it is
recommended to prefer multidimensional models when
making decisions about students. It is also important for
test developers to make predictions by considering the
relationships between sub-dimensions. The results of the
study demonstrate that multidimensional models estimate
student parameters with less error under all conditions.

SUGGESTION

The results of the study suggested that multidimensional
models may be more appropriate for assessing students’
abilities in comprehensive examinations used at both national
and international level.

LIMITATION

Simulation studies have some limitations. These limitations
arise from factors such as modelling errors, data scarcity,
uncertainties, parameter selection, computer capacity, and
validity/generalization. Modelling errors can make it difficult
to fully represent real-world phenomena, while data scarcity
and uncertainties can affect the accuracy of simulation
results. Limitations in parameter selection and computer
capacity affect the scope and accuracy of the model, while
validity and generalization boundaries determine how
applicable the results are in the real world. These limitations
should be taken into account when interpreting and using
simulation results.
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