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INTRODUCTION

The quality of the instrument items is recognized as one of the most influential factors on
the measurement results. Inaccuracies in the development and arrangement of instrument items
lead to biased measurement results. The development of test theory so far cannot be separated
from the analysis of the quality of the items and the instrument itself. In modern test theory such
as [tem Response Theory (IRT), the fulfillment of the underlying assumptions in the models used
is also very dependent on the quality of the items. The quality of these items could be assessed
from two perspectives, namely content and statistics (Paek et al., 2021). A test item developer
should have good knowledge of item development to produce good items in terms of content
quality. Meanwhile, the item parameters yielded from the analysis by applying IRT such as
difticulty level (), discriminating power (a), and pseudo-guessing () can be examined statistically
if the model used satisfies the assumptions (Hambleton & Swaminathan, 1985; Retnawati, 2014).

Methods for assessing the extent to which test takers’ responses to each item fit a test
measurement model, often referred to as person fit statistics, have been investigated by several
researchers in recent decades (e.g., Cui & Mousavi, 2015; Dodeen & Darabi, 2009; Meijer &
Sijtsma, 2001; Mousavi et al., 2019; Pan & Yin, 2017). Person fit evaluates the suitability of the
test taker’s response pattern with the expected response pattern of an IRT model (Djidu &
Retnawat, 2022; Hambleton & Swaminathan, 1985). In other words, person fit is used to detect
anomalies or deviations in the test taker’s response pattern (Pan & Yin, 2017). As an illustration,
if a test taker answers correctly on a difficult item but fails to answer correctly on an easier item,
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then this test taker’s response pattern would be considered a misfitting response (Cui & Mousavi,
2015). Thus, test results of items with poor person fit would fail to provide accurate information
abourt the test taker’s measured ability.

Meijer and Sijtsma (2001) conducted a comparative study of more than 40 statistics to
evaluate person fit methods. They have concluded that the methods available at that time had
weaknesses. Among the weaknesses they point out are that the method used to determine person
fit is influenced by three things, namely the type of misfitting behavior, the value of the person
parameter, and the length of the test. In addition, one of the factors that influence the threshold
value to determine person fit is item scoring (Meijer & Sijtsma, 2001). Evaluation of scoring
quality is one of the aspects recommended by the Standards for Educational and Psychological
Testing of the American HEducational Research Association (AERA), the American Psychological
Association (APA), and the National Council on Measurement in Education (NCME) as cited by
Wind and Walker ( 2019). Test developers and users should monitor and properly document the
scoring carried out so that the results of the assessment resulting from the implementation of the
test could be accounted for its quality (Wind & Walker, 2019).

The current study aims to evaluate the effect of scoring methods and the suitability of the
polytomous IRT model on the estimation of ability and person fit by utilizing examination results
data at the Universitas Terbuka (UT) or Indonesia Open University. The examination is known as
the Take Home Exam (THE), which is an online examination held at the end of the semester.
Students could start taking tests on the examination six hours after the test items were uploaded
or available on the online learning platform used by UT. Student work on the examination was
scored by the respective subject lecturer through the online learning platform. The final score of
students so far was obtained by adding up the scores of each item using the Classical Test Theory
(CTT) approach. Thus, in this study, three IRT models, namely the Partial Credit Model (PCM),
Graded Response Model (GRM), and the Generalized Partial Credit Model (GPCM) were used
to estimate students’ abilities from the results of the Statistics course test.

METHOD

Design and Data Source

This is an exploratory descriptive study with a quantitative approach. The data source came
from the results of the Statistics course test (denoted by SATS4410) as part of the Take Home
Exam (THE) at the Universitas Terbuka (UT) or Indonesia Open University in 2022, The test
carried out using a take home model with four essay (constructed response) questions. A total of
165 students took this test. Students” work on test was collected by them through the learning
management system owned by the UT. The student’s work on the test was then scored by the
lecturer or rater with a maximum score of 25 for each item.

Data Analysis

In accordance with the purpose of this study, this study would explore the effect of scoring
correction and model fit on the results of the estimation of ability parameter and person fit.
Therefore, data analysis was generally carried out in several stages. First, we converted the rater’s
assessment results to the exam results using a scale of () — 5. Conversion of scores trom the rating
given by the rater was done using the following equation: X, = [X,/5]], where X, is the score of
the conversion result and X, is the score of the student’s answer from the rater. The student
scores obtained from this conversion result into initial data (stored under the name Data 4410) in
the analysis process in this study. Second, the frequency of data on each item was calculated to
obtain the distribution of student scores. Three models in the Item Response Theory (IRT)
approach, namely Partial Credit Model (PCM), Graded Response Model (GRM), and Generalized
Partial Credit Model (GPCM) were used to obtain information about model fit, ability estimation,
and person fit. Afterwards, the scoring correction was carried out by considering the frequency of
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scores and the curve of Category Response Function (CRF) generated in the results of the first
stage of data analysis, namely score conversion. The results of the scoring correction (the data
were named as Data 4410BB) were analyzed with three IRT models (i.e., PCM, GRM, and
GPCM) to obtain information about model fit, ability estimation, and person fit. The fit of the
model was based on the p-value and the Root Mean Square of Error (RMSE).

The effect of scoring corrections and the IRT model used on the results of the estimation
of the student’s ability and persnn fit was tested u‘;mg multivariate analysis. The analysis involved
two factors (ie., scoring correction and the IRT model used) and two dependent variables (i.e.,
ability (f) and person fit). This multivariate analysis was used as a basis for inferring whether or
not there were differences in the results of the ability estimation and the suitability of the
response pattern or student scores after scoring correction from the estimation results using three
different polytomous IRT models (i.e., PCM, GRM, and GPCM). Analysis of model fit, ability
estimation, and person fit of the data was carried out using the ‘mirt’ package available in RStudio
(Chalmers, 2021; R Core Team, 2022), while the multivariate analysis was carried out using the
MANOVA function available in the “stats’ package (Revelle, 2022; Sarkar, 2008).

FINDINGS AND DISCUSSION
Findings

Findings of the Analysis of Test Items Using the Polytomous IRT Approach

The results of the analysis presented in Table 1 show that the proportion of the score 0 in
items 1, 2, and 3 is very small and does not even reach 1%. In addition, in items 1 and 4, it can be
seen that the proportions for the minimum score () and maximum score (5) do not reach 1%.
Even in item 4, most of the scores are distributed on a score of 1 to a score of 3.

Table 1. Frequency of Student Scores on Statistics Course Test on Take Home Exam (Data 4410)

Item1 Item 2 Item 3 Item 4
Seofe Frequency Prop. Frequency Prop. Frequency Prop. Frequency Prop.
0 1 0.01 1 0.01 6 0.04 13 0.08
1 2 0.01 21 0.13 32 0.19 82 0.50
2 7 0.28 59 0.36 52 0.32 28 0.17
3 61 0.37 19 0.12 17 0.10 23 0.14
4 51 0.31 21 0.13 34 0.21 8 0.05
5 3 0.02 44 0.27 24 0.15 11 0.07

Based on the Classical Test Theory (CTT) approach, the results of the analysis shown in
Table 1 also represent the level of difficulty of the items. For instance, in items 1 and 4, the
frequency (and proportion) of the score 5 is very small (less than 1%) of the number of students
taking the test. This means that most students were not able to obtain the maximum score on the
two items. Even in item 4, it can be seen that the score 4 has a small proportion as well. It is
different with items 2 and 3, which show the propomon for a score of 5 which is relatively larger
when mmpared to the other two items, namely 27% for item 2 and 15% for item 3. Based on
these results, items 1 and 4 are more difficult than items 2 and 3. Meanwhile, based on the Item
Response Theory (IRT) approach, the distribution of the frequency of these scores does not
necessarily represent the level of difficulty of the items. Estimation of the probability of students
to answer cotrectly or achieving a certain maximum score would be the basis for determining the
level of difficulty of the items. Furthermore, information about the characteristics of these items
would affect the results of the estimation of the ability of Statistics course test takers at the UT.
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Figure 1. Results of Factor Analysis on Data 4410

Estimation of instrument reliability has also been carried out by calculating Cronbach’s
alpha and obtained a reliability estimate of 0.685. The result of the estimated reliability obtained
according to Miller et al. (2009) and Nitko and Brookhart (2014) has been accepted for the
instrument used in small-scale assessment (classroom assessment). In addition, factor analysis was
also carried out before carrying out the analysis using the IRT approach to provide evidence that
the instrument only measures one dominant dimension so that the unidimensional assumption is
satisfied. The result of factor analysis showed that there is only one dominant factor measured by
the instrument used in the Statistics course test (see Figure 1).

Table 2. Results of Analysis on Initial Data (Data 4410) Using PCM, GRM, and GPCM

PCM GRM GPCM
Item Model Model Model
RMSEA yad Fit RMSEA P Fit RMSEA P Fit
1 0.048 0.164 Fit 0.00 0.455 Fit 0.00 0.475 Fit
2 0.047 0.142 Fit 0.00 0.609 Fit 0.00 0.514 Fit
3 0.061 0.040 Not Fit 0.05 0.153 Fit 0.05 0.154 Fit
4 0.058 0.069 Fit 0.00 0.515 Fit 0.00 0.633 Fit

The results of the analysis on Data 4410 wnng three pn vtomous [RT models indicate that
the four test items fit with the GRM and GPCM models. Meanwhile, item 3 does not fit with the
PCM model. Based on the RMSEA and p-value, all items showed a better fit with the GPCM
model than with the GRM model. Three of the four items (i.e., items 1,3, and 4) showed a higher
p-value although with a small difference. Furthermore, the anal\ sis on the Data 4410 using PCM,
GRM, and GPCM also resulted in the characteristics of the items in the form of difficulty level
(@) and discriminating power (/) which are shown in Table 3. The results of the initial data
analysis are in line with the model fit analysis as shown in Table 2. As we mentioned earlier, the
level of difficulty indicates the probability of a student with a certain ability (f) to obtain a score
of 1, 2, 3, 4, or 5. Table 3 shows the level of the difficulty of the four test items obtained after
being analyzed with the PCM, GRM, and GPCM models.

Table 3 shows that with the GRM model, the difficulty level for attaining a higher score is
always greater than the difficulty level for attaining a lower score. However, in PCM and GPCM
models, this condition does not always apply. For instance, the /2 parameter as a result of
analysis with PCM model in the first item shows a value of —4.702 which is much smaller than 51
which is —2.35. Likewise, the #2 parameter generated by the GPCM model in the first item shows
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a lower value than bl, namely —6.939 for /2 and —2.483 for 41. That result is different from the
GRM model which produces 52 = —6.19, which is larger than 41 = —7.884. A situation that is not
much different is also shown in the & parameter on other items as has been given an asterisk (*)
in Table 3. After scoring correction, the /» parameter for all items shows an order from the
smallest to the largest. The higher the score, the higher the difficulty level for all models (i.e.,
PCM, GRM, and GPCM). This condition is different from the characteristics of the » parameter
based on the analysis of the inital data, where a hlgh score does not always have a greater
difficulty level than a low score. This mndmon demonstrates the most obvious impact of the
score changes that occur after the scoring correction is made.

Table 3. Item Difficulty and Discriminating Power

Item 1 Item 2 Ttem 3 Item 4
Cormection  Correction  Correction  Correction  Correction  Correction  Correction  Correction
PCM a 1 1 1 1 1 1 1 1
Jal -2.35 -5.21 —4.317 —4.674 -2.099 2971 -2.496 ~2.651
b2 —4.072% 0663 -L715 -1793 -1L.005 _1.088 0.983 0.41
b3 —0.572  0.561 0916  -0.258 1.052 0.126 0.591* 2.643
54 0.47 4.049 0.12* - —0.321* 1.603 1.868
b5 3732 - —0.09* - 1.152 - 0.878* -
GRM a 0.673 0.724 2.835 3.069 6.036 3.324 0.941 0.983
bl -7.884  _7.386 -2918 _2922 1764 _1.989 -2.96 -2.862
b2 —6.19 -1.225 1282  -1.27 -0.805  —0.875 0.332 0.336
b3 —1.288 1.147 —0.073 —0.047 0.095 0.128 1.24 3.038
b4 1.221 5.824 0.297 - 0.423 1.226 2.392
b5 6.214 - 0.744 - 1.134 - 3123 -
GPCM a 0.502 0.492 2.062 2.803 2772 2.692 0.468 0.775
b1 -2483 8556 -3225 2914 -1.995 _1983 4402 _2937
2 —6.939%  _0.677 -1363 1259 -0.846 -0.849 2.2 0.477
b3 —0.743 0.562 0.301 -0.072 0.347 0.107 0.69* 2.844
54 0.563 6.386 0.22% - 0.22* 1.212 2.879
b5 6.2806 - 0.427 - 1.15 - 0.28*

Note. * : The value of bn (n =1, 2, 3, 4, 5) is smaller than the value of &(n - 1)

The situation that occurs with the # parameter in the test items used can be explained by
referring to the Table 1 which demonstrates student score analysis results for each item. In the
GRM model, the level of difficulty to obtain a higher score is always higher than that of a lower
score. This situation is caused by the different assumptions used by PCM and GPCM with GRM
in terms of the nature of the scores, namely whether they are ordered/leveled or not (Djidu et al,,
2022; Retnawati, 2014). The difference in the proportion of obtaining a score at a certain step is
in line with the fm parameter in the PCM and GPCM models. In the fourth item, it can be seen
that b5 is always smaller than #4 for the PCM and GPCM models which is also in line with the
proportion of obtaining the score of 5 on the item is higher than the proportion of obtaining the
score of 4.
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Figure 2. CRF for the Data 4410 and 4410BB Estimated Using PCM

The item parameters which include difficulty level (b) and discriminating power (a) are also
shown by CRF (see Figure 2, Figure 3, and Figure 4). Figure 2 shows that in the first item (Data
4410), the P1 curve is above the P2 curve. In other words, it can be said that on this item, a
student with a certain level of ability has a greater chance of obrtaining a score of P1 than
obtaining a score of P2. The same situation also occurs in the first item in the GPCM model as
shown in Figure 3, where the position of the P1 curve tends to be above the P2 curve, which
means that the probability of a student with a certain level of ability to obtain a score of P1 would
be greater than his probability of obtaining a score of P2.

CRF Data 4410 | Model : GPCM CRF Data 4410BB | Model : GPCM
Pl — F3 oo Ps P1 P3 s PS5
L Pe p2 P4 e

2]

Figure 3. CRF for the Data 4410 and 4410BB Estimated Using GPCM

The results of the analysis on Data 4410 also have shown that certain scores have a lower
probability of being obtained than the probability of obtaining other scores. In the PCM and
GPCM models, the lowest probability of obtaining a certain score occurs at a score of 1 (item 1),
at a score of 3 (item 2), at a score of 3 (item 3), and at a score of 4 (item 4) . The same thing is
also shown in the curve formed from the analysis with the GRM model.

CRF Data 4410 | Model : GRM CRF Data 4410BB | Model : GRM
Pl ——  P3 - PS
P4

P(0)

Figure 4. CRF for the Data 4410 and 4410BB Estimated Using GRM
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Furthermore, the test information function and standard error yielded from the analysis on
Data 4410 using the PCM, GPCM, and GRM models (see Figure 5) demonstrate that the
maximum value of the information function in the PCM model is in the theta range from 0 to 1.
In addition, the graph of the information function generated by the GRM model (see Figure 5)
oscillates in the theta range from -2 to 1. Furthermore, the analysis results have shown that the
highest total information is yielded in the modeling with GRM.

Test information & Standar Errors (Model ; PGM} | Data = 4410 Test infarmation & Standar Errors (Model : GRM) | Data = 4410 Test infarmation & Standar Errors (Model : GPCM) | Data= 4418

Test Informaton Functon (TIF) Before Scoring Correction (Data 4410)
Tast Infermation & Standsr Errars (Medel ; PCM] | Dats = 841088 Tost infrmation & Standar Errars (Model : GRM] | Dats = 441088 Tost Information & Standar Errors (Wods! : GPCM) | Dats = 441088

Test Information Function (T1F) After Scoring Correction (Data 4410BB)

Figure 5. Test Information Function (TIF) Before and After Scoring Correction

Table 4 presents the results of scoring corrections made to student test scores. The scoring
correction on the first item was carried out by reducing the scores 2 and 1 to a score of 1, then,
the scores 3, 4, and 5 are each made into a score of 2, 3, and 4, respectively. The scoring
correction on the second item was done by reducing the scores from 3 to 5 to a score of 3 so that
the maximum score on item 2 is 3. The maximum score on item 3 is also 3 which was obtained
after the scoring correction was carried out by reducing the scores 3, 4, and 5 to a score of 3.
Meanwhile, the scoring correction on item 4 was done by reducing the scores 2, 3, and 4 to a
score of 2 so that the maximum score for that item after scoring correction is 3.

Table 4. Frequency of Student Scores on Statistics Course Test on Take Home Exam (Data 4410BB)

Score Item 1 Item 2 Item 3 Item 4
Frequency Prop. Frequency Prop. Frequency Prop. Frequency Prop.
0 1 0.01 1 0.01 6 0.04 13 0.08
1 49% 0.29* 21 0.13 32 0.19 82 0.50
2 61 0.37 59 0.36 52 0.32 59% 0.36*
3 51 0.31 84* 0.52%* 75% 0.46* 11 0.07
4 3 0.02 - - - - - -

Note. * : The results of scoring correction

The results of the model fit test on all items showed no difference with the results of the
analysis of Data 4410, especially on the GRM and GPCM models. The p-value and RMSEA for
these two models did not appear to experience significant changes in the GRM and GPCM
models. On the other hand, the PCM model depicts a difference in the number of fit items. The
first and second items experienced a significant decrease in p-value from 0.164 to 0.039 and 0.142
to 0.002, respectively. However, the scoring correction on the item 4 shows an increase in the p-

value to 0.46, from the initial condition of 0.069 (Data 4410). Changes in RMSEA and p-values
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resulting from the model fit test on Data 4410BB are shown in Table 5. The values in brackets
with the signs “A” and “V¥” indicate changes in both RMSEA and p-value compared to the
results of the model fit test on Data 4410.

Table 5. Model Fit After Scoring Correction (Data 4410BB)

PCM GRM GPCM
Item Model Model Model
RMSEA P Fit RMSEA P Fit RMSEA P Fit
1 0.079 0.039 Not Fit 0.00 0.598 Fit 0.00 (1.550 Fit
(A003) (V¥0.13) (0 (A0.14) (0) (A0.08)
2 0.122 0.002 Not Fit 0.00 0.518 Fit 0.00 0.513 Fit
(A0.08) (V0.14) (0 (¥ 0.09 (0) (0)
3 0.080 0.038 Not Fit 0.067 0.124 Fit 0.07 0.109 Fit
(A0.02) {0) (A0.02) (V0.03 (A0.02) (V¥0.05)
4 0.000 0.463 Fit 0.00 0.585 Fit 0.00 0.717 Fit
(Y0.06) (4039 (0) (A0.07) (0) (A 0.08)

Note. : Increasc in the value after scoring correction, : Decrease in the value after scoring correction

The scoring correction that has been made can also be seen from the CRF formed from
the Data 4410BB (see Figure 2, Figure 3, and Figure 4) which also experienced changes. Changes
are also found in the information function (see Figure 5), where the amount of information
generated in a certain range of abilities (f) is more stable (monotone increases at wider intervals).
Significant changes can also be seen in the graph of the information function generated from the
GRM model (see Figure 5). The total information generated by each model is 13.982 (PCM),
25.063 (GRM), and 23.226 (GPCM).

Findings of the Multivariate Analysis on the Effect of Scoring Correction on the Estimation
of Ability Parameter and Person fit

This section provides answers to questions related to the effect of the scoring correction
made on student test results on the results of theta estimate and person fit using the Polytomous
IRT approach. The results of the model fit analysis in Table 5 have shown how the item fit to the
model has changed after scoring correction is made (i.e., Data 4410 becomes Data 4410BB). The
multivariate analysis in this section was intended to examine whether changes in the scoring made
on the initial data (i.e., Data 4410) have an effect on the estimation of ability parameter (f) and
person fit.

Histogram of test parson At (28] jdata: 4410 (Model = PCM) Histogram of tast parson fit (Zh) [data: 4410 (Model = GRM) Mistogram of Suet pareon St (Zh) |data: 4410 (Model = GRCM]

m om w @ %

b1 ¥
L—
w om m W

2 S fr— o e

Person Fit Before Scoring Correction (Data 4410)

Histogram of test person fi (Zh] |data: 41088 (Model = PCM) o tast e

GRM) Histagram of test parsan 1 (Zh) [data: 41008 (Model = GPEM)
8

O
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T W m® e wmm
hé
S

Person Fit After Scoring Correction (Data 4410BB)

Figure 7. Person Fit Before and After Scoring Correction
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Figure 7 shows in detail the change in the distribution of person fit before and after the
scoring correction. The data has shown a decrease in the number of patterns of responses/scores
that fit the three models after the scoring correction. However, the change in the number of
person fit is not too significant, namely at most two response patterns from 165 students. The
number of responses that do not fit the most is shown in the results of the analysis using the
GRM model after the scoring correction which shows six patterns of responses/scores that do
not fit the model.

The results of the multivariate analysis have demonstrated that the scoring correction does
not affect the results of ability () estimate and person fit in all models tested. In detail, the
multivariate analysis showed that there was no significant difference between before and after the
scoring correction in terms of estimation of the ability parameter and person fit based on the
PCM model (Wilks” Lambda = 0.99, F(1, 328) = 1.578, p = 0.208), GRM model (Wilks’ Lambda
= 0.995, I, 328) = 0.799, p = 0.45), and GPCM model (Wilks’ Lambda = 0.995, I'(1, 328) =
0.799, p = 0.45). In other words, these results indicate that the scoring correction does not cause
differences in the results of the estimation of the student’s ability level and the model fit of the
student’s response/score in the Statistics course test.

Hintogram of Ability (Daia : 4410 | maihod : EAF | modl : FCH) Histogram of Ability (Data : 4418 | method : EAF | model : GRM) Hisbogram of Ability (Data : 4410 | mathod : EAF | model : GRCM)
5 3 X
g hearage
- P L}
%4
i i £ .
£ R £ e £
a H i a ) : H H M u j 2 a1 Y oe 3
- " .
Distribution of Theta Before Scoring Correction (Data 4410)
Hintogram of Ability [Dats - 441088 | method : EAP | model ; PCM) Histogram of Abiity (Data : 441088 | method : EAP | model - GRM) Histogram of Ability [Data : 441088 | method : EAP | model | GPCM)
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Distribution of Theta After Scoring Correction (Data 4410B)

Figure 8. Distribution of Student’s Ability (#) Before and After Scoring Correction

The ability estimation from the initial data (Data 4410) and after the scoring correction
(Data 4410BB) showed results that were not much different, as the multivariate test which had
obtained the result that the score correction did not affect the ability (f) estimation. Figure 8
presents the distribution of scores on Data 4410 and Data 4410BB for the three models tested
(i.e., PCM, GRM, and GPCM). The three models produce theta estimates that do not differ, both
in distribution and in the average theta estimates. In addition, the histogram presented in Figure 8
also shows that PCM is a model that produces a different score distribution from the other two
models. Changes in the distribution pattern of scores before and after scoring correction in the
PCM model are also more contrasting than the GRM and GPCM models. These results are in
line with the results of multivariate analysis, where the p value yielded based on the PCM model is
the smallest (i.e., (.21) compared to the p value yielded based on the GPCM and GRM models
(i.e., 0.45 for each). Therefore, although the scoring correction did not produce a significant
difference in the estimation of ability and person fit based on the three existing models, it can be
said that the PCM model is the most affected by the scoring correction than the other two
models.

Lastly, we examined the effect of scoring corrections (i.e., Data 4410 and Data 4410BB)
and the polytomous IRT models used (i.e., PCM, GRM, and GPCM) on ability () estimates and
person fit. This analysis is a simultaneous form of the previous test that examines the effect of
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the scoring correction on the ability (f) estimates and person fit partially in each of the tested
models. The results of the analysis have shown that the scoring correction (Wilks’ Lambda =
0.9992, F(1, 984) = 0.381, p = 0.683) and the polytomous IRT models used (Wilks’ Lambda =
0.9998, F2, 984) = 0.036, p = 0.998) do not significantly affect the estimation of student ability
() and person fit. The test of the effect of the interaction between the scoring correction and the
polytomous IRT models used indicated that the interaction did not cause a significant difference
in the ability (#) estimate and person fit (Wilks’ Lambda = 0.9999, F(2, 984) = 0.001, p = 0.9999).

Based on the results of the analysis described in the first and second sectons, we found
that the scoring correction does not affect the results of the ability estimate and the fit of the
pattern of the responses/scores of students to the polytomous IRT models based on the results
of student work on the Statistics course (Code: 4410) test which was part of Take Home Exam
(THE) conducted by Unitersitas Terbuka (UT). However, the scoring corrections made have an
effect on the item fit to the model (see Table 5). PCM is the model that is most affected by the
scoring correction, which can be seen from the increase in the number of items that do not fit
the model. In other words, when compared to the other two polytomous IRT models, i.e., GRM
and GPCM, PCM is the model most affected by the scoring correction.

Discussion

The results showed that the scoring correction and model fit did not affect the estimation
of ability parameter and person fit. The results of the ability estimation produced by the three
examined pn vtomous IRT models were not ‘;1gmt1c:mtl\ different. This result indicated that the
estimation of a test taker’s ability does not differ even though it is analyzed with different models.
These results are consistent with the results of a study conducted by Si and Schumacker (2004)
who found the similarity of the ability estimation results from several polytomous IRT models
used. In their study, they only tested the differences in the results of the ability paramerter
estimates separately, while the results of this study showed that the model and scoring corrections
also had no effect on the ability estimates.

The difference found was precisely the fit of the model after the scoring correction. The
results of the model fit test showed that there was a difference in the PCM model, where the
scoring correction actually resulted in two items failed to fit adequately with the model. Unlike
the PCM, the GRM and GPCM models did not change the number of fit items after the scoring
correction. The results of the multivariate test on the results of the ability estimate and person fit
that have been carried out also demonstrated that the GRM and GPCM models have a higher
level of similarity than those generated from the PCM model.

The GRM model showed the best model fit index among the other two models based on
RMSEA and p-value. This means that the discriminating power parameter () of the items has a
large contribution to the ability estimation. If it is reviewed from the scoring model given to
student test results, the GRM model was more suitable because each score was graded so that the
level of difficulty in achieving a higher score on an item would increase. This can be seen from
the difficulty level parameter (#) which increases with higher scores in the GRM model. However,
this did not apply to PCM and GPCM models. A higher score may have a lower level of difficulty
than a lower score because PCM and GPCM use the assumption that the score is partial and not
tiered (Djidu et al., 2022; Hambleton et al., 1991; Linden & Hambleton, 1997).

The evaluation of the number of response patterns that fit the three models tested in this
study demonstrated that there were additional unfit response patterns. However, the resulting
capability estimates were not significantly different. Based on this perspective, the results of this
study are relevant to the results of the study of Dodeen and Darabi (2009) which found that
person fit and cognitive performance of test takers in mathematics did not have a significant
relationship. They discovered non-cognitive aspects such as motivation and attitudes that greatly
affect person fit. Equivalent results were also found in the study conducted by Spoden et al.
(2020) that found a sign_iﬁcant influence on non-cognitive aspects such as anxiety and motivation
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to do mathematics tests on person fit. In other words, the mismatch of response patterns to the
IRT model used indicates that the respondent is not setious in responding and does not always
reflect the respondent’s level of ability.

Other studies, one of which is a study conducted by Wind and Walker (2019) found a very
close relationship between scoring and person fit. Their study highlights the scores given by some
raters to essays written by students and the effect of such ecorlng on person fit. The results of the
study by Wind and Walker (2019) differ from the results of this study for three reasons. First, the
aspect measured in the study by Wind and Walker (2019) was writing ability, while this study was
focused on the result of student examinations in the Statistics course which is very closely related
to mathematics. Second, the scoring correction in the current study was carried out on all student
responses based on the CRF and the results of the analysis of the frequency of student scores,
while the scoring correction in their study was done on certain scores only based on the misfit of
the response patterns of the students. Third, the context of measurement in this study focused
on the cognitive aspect in the form of students’ ability to solve questions in the form of a test,
while the focus of measurement in the study conducted by Wind and Walker (2019) was students’
performance in writing essays.

Although the scoring correction and the polytomous IRT model used in analyzing student
examination results in this study showed no significant differences, the results of this study still
need to be strengthened using a larger number of respondents. In addition, the number of
que%tiom in this study is only four so that the evaluation of the suitability of the items may be
different if applied to a test with a larger number of items. Furthermore, the number of responses
or answers of the test takers used can be analyzed by using more responses so that the evaluation
of person fit and ability estimation is more comprehensive.

CONCLUSION

Based on the description of the results of this study, it was concluded that the correction of
scoring and model fit did not affect the estimation of ability parameter and person fit in the
polytomous IRT model. The GRM and GPCM models produce more stable estimates than
PCM, although all three produced estimates that are not significandy different. The results of this
study emphasize the importance of the quality of scoring in the administration of the test. Score
correction in this study was carried out systematically based on the CRF obtained from the
analysis using the IRT appmach In addition, score correction was also applied to all test takers
because the scoring correction did not intend to 1mprme or re-score the scores of certain test
takers. As a result, there is no difference in the estimation of ability parameter and person fit.
This result could be a reference for simplification in providing scores to make it casier for
lecturers or teachers who would administer tests in the future. A test that has been piloted with
certain scoring categories or levels could be re-evaluated regarding its scoting model used by
simplifying the number of scoring categories or levels which could accelerate the next scoring
process.
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