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Impact of Retrofitting and Item Ordering on DIF

Lokman AKBAY *

Abstract

Richer diagnostic information about examinees’ cognitive strength and weaknesses are obtained from cognitively
diagnostic assessments (CDA) when a proper cognitive diagnosis model (CDM) is used for response data analysis.
To do so, researchers state that a preset cognitive model specifying the underlying hypotheses about response data
structure is needed. However, many real data CDM applications are adds-on to simulation studies and retrofitted
to data obtained from non-CDAs. Such a procedure is referred to as retrofitting, and fitting CDMs to traditional
test data is not uncommon. To deal with a major validity concern of item/test bias in CDAs, some recent DIF
detection techniques compatible with various CDMs have been proposed. This study employs several DIF
detection techniques developed based on CTT, IRT, and CDM frameworks and compares the results to understand
the extent to which DIF flagging behavior of items is affected by retrofitting. A secondary purpose of this study is
to gather evidence about test booklet effects (i.e., item ordering) on items’ psychometric properties through DIF
analyses. Results indicated severe DIF flagging prevalence differences for items across DIF detection techniques
employing Wald test, Raju’s area measures, and Mantel-Haenzsel statistics. The largest numbers of DIF cases
were observed when the data were retrofitted to a CDM. The results further revealed that an item might be flagged
as DIF in one booklet, whereas it might not be flagged in another.
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INTRODUCTION

In educational practice, many large-scale tests focus on summative assessment, and their formative
features are limited. Tests developed to diagnose examinees’ strengths and weaknesses may provide
rich information toward formative assessment and are referred to as cognitively diagnostic assessments
(de la Torre & Minchen, 2014). To obtain diagnostic information, examinee responses obtained from
such assessment procedures may be analyzed via statistical models known as cognitive diagnosis models
(CDMs). Such diagnostic information may be considered as valuable feedback for students, teachers,
and educational programs. Generally, CDMs are used to estimate examinees attribute-profiles that are
defined by the mastery or nonmastery status of measured attributes. Rather than being just a coarse
indicator of how examinees think about and complete educational tasks, CDM enables practitioners to
identify and report finer grained attributes examinees use to complete such tasks.

As the test development procedure and response data hold the characteristics of cognitively diagnostic
assessment (CDA), then, a successful CDM application providing detailed information to facilitate the
explanation of examinee performance might be possible. In other words, a cognitive model specifying
a structure of the data by means of theories or hypotheses is needed and must be set a priori (Gierl &
Cui, 2008; Rupp & Templin, 2008). However, as reported by Gierl, Alves, and Majeau (2010), many
CDM applications are adds-on to simulation studies and retrofitted to previous test data. Cognitive
diagnosis retrofitting refers to the application of CDM as a psychometric model to response data from
traditional testing procedures (Gierl & Cui, 2008).

More often than not, we come across the studies retrofitting traditional test responses to CDMs to
determine examinee attribute-profiles. Examples of real data retrofitting studies include Choi, Lee, &
Park (2015) and Terzi & Sen (2019). For a recent comprehensive review of the CDM applications,
including retrofitting studies, readers may refer to Sessoms and Henson (2018). In conducting large-
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scale tests, it is aimed to reveal the cognitive ability levels of individuals in their study areas. One of the
primary concerns in large-scale exams is the validity of assessment (Kane, 2013). The validity of a
measurement tool is the degree to which it serves specified purposes and that it does not involve other
features (Messick, 1995). Test bias is one of the severe factors threatening the validity of a test. Bias is
observed when examinees’ test scores in different subgroups contain group-dependent systematic errors
(Camilli & Shepard, 1994). Differential item functioning (DIF) detection is a useful tool for identifying
item bias. DIF is defined as the differentiation of the probability of answering an item correctly among
individuals who are in different subgroups but have the same ability level (Zumbo, 2007). In other
words, DIF arises when an item’s response function differs from one group to another.

When an item is diagnosed by a specific DIF technique, content domain and measurement experts
examine the items to understand whether the item offers a systematic advantage in favor of any
subgroup. This systematic advantage is referred to as item bias, and DIF analysis is a crucial step in item
bias examination. Various statistical DIF detection techniques based on classical test theory (CTT) and
item response theory (IRT) are used to identify DIF items. These techniques include Mantel-Haenszel
(Holland & Thayer, 1988), Logistic Regression (Swaminathan & Rogers, 1990), IRTLR tests (Thissen
& Steinberg, 1988), Lord’s y2 test (1980), and the MIMIC model (Jéreskog & Goldberger, 1975;
Woods, 2009). Recently, DIF detection techniques for cognitive diagnosis modeling framework have
also been proposed (Hou, Terzi & de la Torre, 2020; Ma, Terzi & de la Torre, 2021). For example, Hou,
de la Torre, and Nandakumar (2014) proposed a DIF detection method based on the Wald test that is
compatible with the deterministic inputs, noisy "and" gate (DINA: Junker & Sijtsma, 2001) model. In
this study, DIF detection techniques developed based on CTT, IRT, and CDM frameworks are
employed. Namely, Mantel-Haenszel (Holland & Thayer, 1988), Raju's (signed) area measures (1988,
1990) and Wald test for DIF (Hou, de la Torre & Nandakumar, 2014) are employed.

In light of the above discussion, the primary purpose of this study is to examine the psychometric
properties of a test through DIF analyses. Specifically, DIF flagging patterns of three DIF detection
techniques, namely Mantel-Haenszel, Raju's area measures, and Wald test for DIF, are examined in
terms of pattern consistency/similarity when the cognitive model specifying the data structure and
psychometric model directing the psychometric analysis are different. In other words, DIF flagging
patterns of the three DIF detection techniques were examined when response data are retrofitted. For
this purpose, real data from a large-scale assessment are used. The data were collected using two
booklets (i.e., Booklets A and B), and the subgroups of DIF analyses were based on variables gender
and bookilet type.

Another important issue on large-scale testing is the use of different booklets in test administration.
Regarding the effect of using different types of booklets on the examinee achievement, testing agencies
such as Measurement, Selection, and Placement Center (OSYM) argue that random assignment of test
items to the booklets does not have any impact on examinees’ achievement (2011). On the contrary,
some experts claim that the positions of the items in the booklet could affect examinee performance by
affecting anxiety and motivation levels, from which the estimates of test’s psychometric properties may
be affected (Middle East Technical University-METU, 2011; Ankara University, 2011). Although
revealing the effect of the booklet on a single examinee is not feasible, the booklet effect on estimates
of'tests’ psychometric properties can be statistically examined. Then, the secondary purpose of this study
is to examine impact of the booklet on DIF analyses. Specifically, gender DIF flagging pattern of items
across Booklets A and B is documented. Therefore, both the booklet effects and impact of retrofitting
on real testing situations are examined, and the compatibility of Wald test based DIF detection under
DINA model with more traditional DIF detection techniques is emphasized.

Purpose of the Study
Below research problems are addressed in this study:

e Do the DIF detection techniques developed based on CTT, IRT, and CDM frameworks yield
compatible results (focusing on the cases where data are retrofitted)?
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e Do the DIF flagging items differ across test booklets with different item ordering? In other words,
do DIF analysis results get affected by the order of test items?

Dif Detection Techniques

Mantel-Haenszel technique for DIF detection

This CTT based DIF detection technigue was proposed by Holland and Thayer (1988) using the statistic
developed by Mantel and Haenzsel (1959). This technique is referred to as Mantel-Haenzsel DIF
technique and examines whether item responses are independent of group membership after
conditioning on the observed total score. The test statistic in this technique asymptotically follows a chi-
square () distribution with 1 degrees of freedom so that the statistic is compared against the chi-square
distribution. To obtain the test statistic (yZy), for all total scores from 1 to J — 1, N,,, examinees are
classified into 2 x 2 contingency tables, where ] is the total number of items in the test and N, is the
number of examinees obtained a total score of m.

Table 1. A 2 x 2 Contingency Table Conditioned on the Total Score of m

Correct response to item j Incorrect response to item j Total response to item j
CFm |Fm NFm
CRm IrRm NRm
Ncm = Crm + Crm Nim = Irm + Irm Nm = NFm + Nrm = Ncm + Nim

Note. Crm is the number of examinees who correctly responded to item j in the focal group; Irm is the number of examinees
incorrectly responded to item j in the focal group; Nem is the total number of examinees with a total score of m in the focal
group; Crm is the number of examinees correctly responded to item j in the reference group; Irm is the number of examinees
incorrectly responded to item j in the reference group; Nrm is the total number of examinees with a total score of m in the
reference group; Ncm is the total number of examinees with a total score of m who correctly responded to item j; Nim is the total
number of examinees with a total score of m who incorrectly responded to item j; and Nm is the total number of examinees with
a total score of m.

Based on the information obtained from 2 x 2 contingency tables, the below formula is used to obtain
test statistic:

{|Eh21[CRm—E (Crm)]|-0 5}2
2 — m=1L“Rm Rm . (1)
XmH ST varCam)
where

NermNcm
E(Crm) = ~2em 2)
and

N mN mN mNm

Var(CRm) = W (3)

Raju’s (Signed) area measures for DIF detection

This DIF detection technique is based on item response curves (IRCs) defined by the item parameters
obtained under one- two-, or three parameter logistic models. For a dichotomously scored item,
unidimensional three-parameter logistic model is defined as

-1
Pi0) =y;+ (1 —y;)[1 + exp{—1.7;(6 — B;)}] (4)
where P;(0) is the probability of correctly answering item j when examinee’s continuous ability level is
8, y; is the pseudo-guessing parameter of item j; a; is the discrimination parameter of item j; 6 is the
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continuous ability level; and g; is the difficulty parameter of item j. Two- parameter logistic model can
be derived from the above function by setting y; to zero. Similarly, one-parameter logistic model is
derived by setting y; to zero and «; to an estimated constant. This estimated discrimination parameter is
fixed for all items in the test.

For one- two-, or three-parameter logistic models, Raju’s (signed) area measure is the area between the
IRCs defined by the estimated item parameters of focal and reference groups (Raju, 1988, 1990). As
stated by Raju (1988, 1990) when the pseudo-guessing parameters of the IRF of subgroups for three-
parameter logistic models are not equal, the area between the two item characteristic curves becomes
infinite. Therefore, to avoid this problem, he suggests constraining the lower asymptote (i.e., pseudo-
guessing parameter) to a fixed value. Based on this technique, DIF is examined by comparing the
computed area between the item response curves to the determined critical values.

Given the item response functions of focal and reference groups,

Fp(0) = ypj + (1 — ij)[l + exp{—1.7aFj(9 — ﬁpj)}]_l (5)
and
Fr(8) = ygj + (1 — ij)[l + exp{—1.7aRj(9 — ﬁRj)}]_l, (6)

the area between the curves determined by the functions is calculated by taking the integral of the
absolute differences

Area = j°° |(Fr — Fr)|d6. (7

Then, based on the null hypothesis that the true area is zero, a test statistic Z corresponding to the
measured area is computed and compared against standard normal distribution. Readers may refer to
Raju (1990) for details on the computation of the Z statistics.

Wald test for DIF detection under DINA model

One of the most parsimonious CDMs is the DINA model (Junker & Sijtsma, 2001), which is used to
predict the probability of correctly answering an item as a function of individuals' discrete attributes’
mastery status and item parameters (Li, 2008). Based on the DINA model, examinees’ attribute profiles
indicating mastered and nonmastered attributes are estimated. Regardless of the number of attributes
measured by the test and the number of attributes required by an individual item, for DINA model, two
item parameters are estimated. These parameters are referred to as guessing and slip parameters (de la
Torre, 2009). Guessing parameter of item j (g;) is the probability of successful response of an examinee
who has not mastered at least one of the attributes that are required to correctly answer item j. Likewise,
the slip parameter of item j (s;) is the probability of incorrectly responding to item j when an examinee
has already mastered all required attributes required by the item (de Carlo, 2012; de la Torre, 2009).
These two parameters are mathematically defined as

gj:P[Xij:1|’7ij=0] €)
and
s =p|Xy =0ln,; =1], ©)

where g;j is guessing parameter of item j; s;: slip parameter of item j; 1 is ideal response (i.e., when
s; = gj = 0) of examinee i to item j.
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Given the item parameters, the DINA model item response function (i.e., probability of correctly
responding to given item) is defined as

P(Xij = 1|6¥1) = ggl_nﬂ)(l — Sj)"ﬂ, (10)

where Xjj is the observed response of examinee i to item j; a; is attribute vector | among 2 attribute
vectors formed by K measured attributes; 7 is the ideal response of an examinee when his/her attribute
vector is a;.

First of all, in CDM context, DIF refers to the difference in the success probability of reference and focal
groups with the same attribute mastery patterns (Hou et al., 2014). Under the DINA model, DIF is
observed for item jwhen Ag; = gp; — ggr; # 0andlor As; = sg; —sg; # 0, where Fand R stand for
focal and reference groups, respectively. When Ag; and As; have the same sign, the DIF referred to as
uniform; otherwise, it is called non-uniform DIF. Wald test DIF for the DINA model tests the
significance of the joint differences between the item parameters of the subgroups:

w, = (C9;)'(¢8;¢") 7 (o)), (11)

where ; is an item parameter column vector of (gFj,st,gRj,st)T; fj is asymptotic variance-
covariance matrix associated with the subgroups’ item parameter estimates; and C is the contrast matrix
of (1 0 -1 0

01 0 -1
of freedom, and the tested null hypothesis is C9; = 0.

). In this test, W, asymptotically follow a chi-square (?) distribution with 2 degrees

METHOD

Sample

The data used in this study were obtained from a 19-item mathematic section of the high school
admission exam (TEOG). More specifically, the data are the responses of high school applicants who
took the test in 2013 in Ankara, Turkey. It should be noted here that rather than answering any specific
research questions raised about this specific exam, this study employed this data set to mimic real life
conditions where the data analysis may or may not flag DIF items. In other words, this dataset is used
in this simulation-like study rather than using simulated data that may not truly reflect real life
conditions. For the current study, 100 datasets were randomly drawn from the entire data, which consist
of 39,146 male and 37,318 female examinees’ responses to 19 multiple-choice mathematics items. The
sample size for each data was fixed to 1,000 in order to obtain stable item parameter estimates under the
DINA and IRT models for both focal and reference groups. This sample size is sufficient for unbiased
and accurate estimation of the DINA model parameters (see De la Torre, Hong, & Deng, 2010) as well
as unidimensional three-parameter logistic (3PL) model parameters (de Ayala, 2009, p. 130). In the
study, Ox-Edit program (Doornik, 2003) was used for random sample drawings, and DIF analyses were
conducted via R-programming (R Core Team, 2016).

Table 2: Descriptive Statistics by the Booklet Type

Booklet A Booklet B

Male Female Total Male Female Total
Number of examinees 20,076 18,869 38,945 19,070 18,549 37,619
Number of items 19 19 19 19 19 19
Mean 8.49 9.499 8.979 8.801 9.776 9.28
Variance 26.099 25.471 26.048 24.854 23.742 24,558
Standard deviation 5.108 5.047 5.104 4,988 4.873 4,955
Skewness -0.694 -0.908 -0.894 -0.755 -0.97 -0.893
Kurtosis 0.552 0.288 0.417 0.599 0.35 0.447
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As stated above, because this study has no specific interest in examining either test items in detail or
examinee achievement, descriptive statistics are not thoroughly discussed. Rather, descriptive statistics
for each gender group for the A and B test booklets are summarized in Table 2.

Dimensionality

To be able to apply Raju’s area statistic based on the unidimensional IRT model, the data need to be
unidimensional. So, dimensionality was checked through exploratory factor analysis conducted via
SPSS, and the results confirmed the unidimensionality. The results of this analysis are presented in Table
3.

Table 3. Findings of Exploratory Factor Analysis
1%t Dimension 2" Dimension 3" Dimension 4t Dimension 5™ Dimension

Explained variance .33 .06 .05 .04 .04
Cumulative explained variance .33 .39 44 48 .52

Model Selection

To be able to retrofit the data to a CDM, an item-attribute specification matrix, namely, Q-matrix was
developed after establishing the attributes measured by the test. The attributes were set, and the Q-matrix
was constructed by mathematics education experts. The model fits statistics indicated an acceptable fit
of the data to the DINA model so that Wald test based DIF detection under the DINA model was
conducted. In terms of unidimensional models, data were fitted to the Rasch, 1PL, 2PL, and 3PL IRT
models for model selection. It should be recalled that the only difference between the Rasch model and
1PL model is the common item discrimination index. In particular, item discrimination is fixed to 1.00
for all items under the Rasch model. On the contrary, under the 1PL model, a common discrimination
parameter is estimated from the data and fixed across all items in the test. Model selection yielded that
the 3PL model best fitted to the data, and the model selection results were presented in the results section.

Analysis

In order to facilitate the analyses and interpretation of the analyses, the order of the items in different
booklets was rearranged before conducting the analyses for which booklet A was taken as reference.
Each of the 100 datasets was obtained from the entire examinee response data, and these data sets were
analyzed through the Wald test, Raju’s area measures, and Mantel-Haenzsel DIF detection techniques
for gender groups. To understand the impact of booklet type on estimated item parameters (i.e., the
impact of item ordering on psychometric properties of a test), DIF analyses were conducted on booklet
A and B separately, and the results were compared. To perform the analyses, Ox-Edit program for the
Wald test cases and the difR package (version 4.6) developed by Magis, Beland, and Raiche (2015)
were used for Raju’s area measures and Mantel-Haenzsel DIF detection cases. Comparing the obtained
test statistics to corresponding relevant statistical distributions, p-values were computed and reported to
compare and contrast DIF detection results of different techniques and their variation by test booklets.
Therefore, by comparing and contrasting the obtained p-values to the significance levels of o =.01 and
a = .05, DIF flagging rates across two booklets and different DIF detection techniques were examined.

RESULTS

To determine which IRT model to employ for the Raju’s area measure DIF technique, a model selection
analysis was conducted to select one from one-, two-, and three-parameter logistic models. Because all
four models are nested, a deviance test (i.e., likelihood ratio test) test is also conducted along with
consideration of Akaike’s information criterion (AIC) and Bayesian information criterion (BIC) for
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model selection. The test statistics and the test results are given in Table 4, which indicate that 3PL
model is the best fitting model among all four. As discussed by Raju (1988, 1990), area measures for
DIF detection are computed after fixing the lower asymptote. For this study, because all items in the test
were multiple-choice with four options, theoretically constraining the pseudo-guessing parameter to
0.25 was meaningful. Accordingly, for the purpose of employing Raju’s area measures DIF detection
technique, 3PL model pseudo-guessing parameters were set to 0.25 across all items.

Table 4. Data-Model Fit Statistics

Model AlC BIC Loglikelihood -2xLoglikelihood df
Rasch 820747.5 820910.3 -410354.7 e
1PL 811908.6 812080.0 -405934.3 8840.85* 1
2PL 796224.6 796550.3 -398074.3 15719.99* 18
3PL 788745.1 789233.6 -394315.5 7517.56* 19

Note: * p<.001, AIC is Akaike information criterion; BIC is information criterion; and df stands for degrees of freedom.

One of the main aims of this study was to examine the variation in DIF-flagging prevalence of the test
items when analyzed under different psychometric models. This study especially focused on the
variation in DIF analysis results when the data were retrofitted to a CDM such as DINA model. Thus,
DIF flagging rates of three DIF techniques employed for CTT, IRT, and CDM-based psychometric
models were examined, and the results at « = .05 and o« = .01 levels were summarized in Table 5 and
6, respectively. For example, at a-level of .05, item-1 was flagged as DIF-item by Raju’s area measures
22 out of 100 times in booklet A and 32 out of 100 times in booklet B conditions. Likewise, the number
of times this item was flagged as DIF-item at a-level of .01 were 5 and 14 under booklet A and B,
respectively.

Table 5. Null Hypotheses Rejection Rates of the DIF Detection Techniques at a = .05
Psychometric models used as a basis for DIF analyses

Wald test for DINA Raju’s area for 3PL Mantel-Haenzsel for CTT
Items Booklet A Booklet B Booklet A Booklet B Booklet A Booklet B
Item 1 51 .79 22 .32 12 40
Item 2 .16 25 .23 .32 .05 .05
Item 3 .20 .23 .55 .64 .63 .69
Item 4 .39 .39 41 27 48 A7
Item 5 10 A5 .02 .06 .16 .30
Item 6 91 .79 .26 .29 42 .35
Item 7 .65 .62 A7 .20 .06 .02
Item 8 49 27 .00 .00 .05 .01
Item 9 31 .56 .07 .04 .33 44
Item 10 .62 .38 A1 14 17 13
Item 11 .38 A2 .24 21 .05 .05
Item 12 .53 .66 45 .25 .86 .82
Item 13 .34 .55 A7 5 .07 .25
Item 14 .92 .92 .09 A1 .66 .61
Item 15 .19 17 12 37 .06 .07
Item 16 .48 .35 46 .39 .06 .04
Item 17 .96 81 49 .64 .70 44
Item 18 .66 76 .37 43 .53 .65
Item 19 .07 .09 .68 a7 .26 24

The rejection rates of the null hypotheses given in Tables 5 and 6 were obtained by comparing the
observed p-values of the analyses to the critical values of .05 and .01, respectively. Thus, it is not clear
whether the null hypotheses were rejected with a p-value of .051 or .999. Therefore, in addition to the
null hypotheses rejection rates presented in the abovementioned tables, boxplots were also created based
on the p-values obtained from analyses of 100 data sets for each of the booklets. These boxplots are
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presented in Figure 1, in which horizontal lines indicate the null hypothesis rejection levels of .01 and
.05.

By looking at the tables, severe differences in the prevalence of DIF flagging for an item can be observed
across different DIF techniques. First of all, numbers of DIF cases are the largest for Wald test DIF
detection under the DINA model with grand mean ratios of .47 and .31 when a = .05 and a = .01,
respectively. Although they are not quite different from the Mantel-Haenzsel results, the smallest grand
means for DIF flagging rates (mean rates of .28 and .11 when a = .05 and a = .01, respectively) are
observed for Raju’s area measures under 3PL model. Lastly, the Mantel-Haenzsel DIF technique yielded
a grand mean null hypotheses rejection rates of .31 and .16 under « = .05 and a = .01, respectively.

In terms of pairwise comparisons of DIF techniques, the largest differences in the DIF flagging ratios
were observed between the Wald test and Raju’s area measures. Relatively large differences in the
prevalence of DIF flagging are observed for 13 out of 19 items (items 1, 3, 6, 7, 8, 9, 10, 12, 13, 14, 17,
18, and 19). For this comparison, the largest difference was observed for items 14A and 14B with
differences of .92 —.09 = .83 and .81 —.02 =.79 for ¢ =.05 and a = .01 cases, respectively.
Further, in comparison of the DIF flagging ratios for the Wald test and Mantel-Haenzsel techniques,
large differences were observed for 11 items (items 1, 3, 6, 7, 8, 10, 12, 13, 14, 16, and 17). In this
comparison, the largest differences in ratios were observed for items 7B and 6A with differences of
.62 —.02=.60and .74 — .17 =.57 when « = .05 and a = .01, respectively. When comparing the
rejection rates of Raju’s area measures and Mantel-Haenzsel techniques, the gaps between the ratios
were relatively smaller. Nevertheless, five items (items 9, 12, 14, 16, and 19) were reported to have
large differences in terms of the ratio of being flagged as DIF items. In this case, the largest ratio
differences were reported for item 12B with a difference of .82 — .25 = .57 and .63 — .09 = .54 for
a = .05 and a = .01 conditions, respectively.

Table 6. Null Hypotheses Rejection Rates of the DIF Detection Techniques at a = .01
Psychometric models used as a basis for DIF analyses

Wald test for DINA Raju’s area for 3PL Mantel-Haenzsel for CTT
Items Booklet A Booklet B Booklet A Booklet B Booklet A Booklet B
Iltem 1 .32 .62 .05 14 .03 19
Item 2 .01 .09 .08 .07 .00 .01
Item 3 .05 .09 .26 .36 .37 42
Iltem 4 21 19 .18 .05 .32 .28
Item 5 .01 .05 .00 .01 .06 14
Item 6 74 .68 .09 12 17 19
Iltem 7 48 .33 .06 .05 .01 .00
Item 8 31 17 .00 .00 .01 .00
Item 9 .16 .34 .01 .00 .10 .21
Item 10 .33 .20 .02 .03 .06 .04
Iltem 11 19 .07 .07 .06 .00 .01
Item 12 31 40 .19 .09 .58 .63
Item 13 .16 37 .03 .03 .01 .07
Item 14 .78 .81 .04 .02 41 .34
Item 15 A1 .08 .07 .16 .02 .03
Item 16 44 .23 .24 21 .00 .01
Item 17 .79 .66 .20 21 A7 .15
Item 18 46 .54 14 15 31 37
Item 19 .04 .04 .39 48 .08 .09

The secondary purpose of this study was to investigate the booklet effect, if any, on estimated item
parameters via DIF detection techniques. Because the DIF is examined through variations of items’
psychometric properties, variation in observed DIF results across test booklets may be considered as
empirical evidence to argue that item order in a test affects items’ estimated parameters. When the Wald
test DIF results for the DINA cases were examined, clear variations in DIF flagging rates of this
technique for two test booklet conditions were observed. Specifically, when a = .05 was considered,

ISSN: 1309 - 6575 Egitimde ve Psikolojide Olcme ve Degerlendirme Dergisi 219
Journal of Measurement and Evaluation in Education and Psychology



Journal of Measurement and Evaluation in Education and Psychology

DIF flagging rates of seven items (items 1, 8, 9, 10, 11, 13, and 16) were substantially different. Even
though the significance level was reduced to o = .01, five out of these seven items (items 1, 8, 9, 13,
and 16) were flagged as DIF-items with notably different flagging rates. Similarly, Raju’s area measures
DIF flagging rates of four items (4, 12, 15, and 17) were relatively different across two test booklet
conditions. Even under a more conservative a-level (i.e., a = .01), items four and 12 were still slightly
diversified. Lastly, when detecting DIF items via the Mantel-Haenzsel technique, the difference in DIF
flagging rates of four items (items 1, 5, 13, and 17) came to the forefront. Among these four, items 1
and 17 remained diversified in terms of being flagged as DIF items under the a-level of .01.

Furthermore, Figure 1 was also used to explore the relationships between the booklets with respect to
DIF flagging behavior. Boxplots in this Figure were plotted with notches, where lack of overlap between
the notches of the boxplots for booklets A and B indicates that the median scores specified in these box
plots are different (Chambers, Cleveland Kleiner, & Tukey, 1983). These plots in Figure 1 yielded
compatible results from those presented in Tables 5 and 6. Specifically, the notches of the boxplots for
booklets A and B did not have any overlap for items 1, 8, 9, 10, 11, and 13 when the DIF detection
technique was the Wald test DIF for DINA. Similarly, when Raju’s area measure and Mantel-Haenzsel
DIF detection techniques were employed, boxplot notches did not overlap for items 1, 4, 9, and 15; and
items 1, 5, 13, and 17, respectively. Based on the above results, it is evident that booklet type yielded
different outcomes from DIF analyses.
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Figure 1. Boxplots of the p-values computed for DIF hypothesis testing.
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DISCUSSION and CONCLUSION

In practice, many large-scale tests focus on summative assessments providing coarse test scores that
provide limited formative information. Analyzing the data collected from cognitively diagnostic
assessments (CDA) by CDMs may offer richer diagnostic information about examinees’ cognitive
strengths and weaknesses. Specifically, CDM enables practitioners to identify and report finer grained
attributes examinees use to complete cognitive tasks. However, Gierl and Cui (2008) and Rupp and
Templin (2008) state that a cognitive model specifying theories or hypotheses related to the structure of
the data must be set. Yet, many real data CDM applications are adds-on to simulation studies and
retrofitted to data already collected (Gierl, Alves, & Majeau, 2010; Terzi & Sen, 2019). Therefore, more
often than not, practitioners fit CDMs to traditional test responses.

A major validity concern arises in large-scale assessments when item/test bias occurs, and DIF detection
is a useful method for dealing with this validity thread. Various statistical techniques based on CTT and
IRT are used to identify DIF-items. Up to date, DIF detection techniques that are compatible with
CDMs, such as Wald test DINA DIF detection technique (Hou, de la Torre, & Nandakumar, 2014; Hou,
Terzi, & de la Torre, 2020), have been proposed. In this study, DIF detection techniques developed
based on CTT, IRT, and CDM frameworks are employed, and the results are compared to derive
conclusions about the compatibility of the results. It is particularly important to understand how tests’
psychometric properties are affected in retrofitting. Therefore, this study aimed to examine the
psychometric properties of a test through DIF analyses. For this purpose, real data from a large-scale
assessment were used. Because the dataset was collected via two test booklets with different item
ordering, this study also examined the booklet impact on estimated item parameters through DIF
analyses across gender groups were conducted on booklet A and B.

Results indicated severe DIF flagging prevalence differences for items across different DIF techniques.
The largest numbers of DIF cases were observed under the DINA retrofitting, whereas comparably less
frequent DIF cases observed when Raju’s area measures under 3PL model and Mantel-Haenzsel DIF
detection technique based on CTT were employed. One of the presumptive reasons for this result is that
the original exam was not developed for CDA purposes. Specification of attributes to be measured by
the test, development of items assessing the attribute set, and construction of the Q-matrix to establish
a precise relationship between items and attributes are the key points for obtaining accurate information
from a test in the CDA framework. Thus, the alignment of items and attributes in a test is a crucial step
for enhancing the benefit of diagnostic assessment. In many cases, not specific for the test and data used
in this study, psychometric properties of a test may not be accurately determined when data are collected
via an achievement test that was not developed based on CDA.

Further results were obtained with respect to the booklet effect on items’ psychometric properties
through DIF detection techniques. When the Wald test DIF results for the DINA were examined, clear
variations in DIF flagging rates of this technique for the two test booklet conditions were observed.
Although the alterations of DIF analysis results across two booklets were not as high, DIF flagging rates
of Raju’s area measures and Mantel-Haenzsel techniques resulted in a similar pattern. Thus, it may be
concluded that different booklets have an impact on the estimated psychometric properties of items such
that these differences produce variant DIF patterns on a test. In the literature, there are studies suggesting
that changes in item positions change the difficulty level of the items (Kingston & Dorans, 1984). In
addition, it is also known that the speed responding to an item, fatigue, and exam experience can also
lead to DIF. Thus, variations in items response speed, strategies used for response generation, cognitive
effort exertion rate, and fatigue across subgroups may yield variation in estimated item parameters as
item order changes in a test. Therefore, as the differences in the estimated item parameters for the
subgroups increases due to the sequence of items in a test, items may be flagged by DIF detection
techniques. Therefore, even if item ordering changes across booklets, these changes in item locations
should not be dramatic to minimize item order effect on DIF and eventually on test scores.
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Veriye Sonradan Model Eklemenin ve Madde Siralamasinin DMF
Uzerindeki Etkileri

Giris

Cogu genis Olgekli testler 6zetleyici degerlendirmeye yonelik olup genel ve 6zet puanlarla 6lglilen
Ozelligin testi alanlardaki seviyesini ortaya koymakta ve bi¢imlendirici degerlendirme gergevesinde
oldukca sinirlt bilgi saglayabilmektedir. Bilissel tanilama yapabilmek adina gelistirilen testlerin
sonuglar1 biligsel tan1 modelleri (BTM) araciligiyla analiz edildiginde ise testi alanlarin biligsel
niteliklere sahip olma ya da olmama durumlart ile ilgili zengin tanisal geri doniitler elde edilebilir. BTM
ile yapilan analizler, testi alanlarin test igerisinde sunulan biligsel gorevleri tamamlamak igin
kullandiklar1 kii¢iik boyutlu ve ayrintili biligsel niteliklerin tanimlamasini1 ve testi alanlarda bulunup
bulunmama durumlarinin belirlenmesini saglar. Gierl ve Cui (2008) ile Rupp ve Templin (2008)
tarafindan belirtildigi iizere, BTM odakl1 bir test olusturmak i¢in, test maddelerine verilen cevaplarin
nasil olustugunu ve elde edilen verinin yapisini agiklayan kuram veya hipotezleri barindiran bilissel bir
model temel alinmalidir. Ancak, literatiire bakildiginda, bircok gerg¢ek veri kullanimina baghh BTM
uygulamasinin simiilasyon ¢aligmalarina ek olarak ortaya koyuldugu ve halihazirda toplanan verilere
sonradan model ekleme (retrofitting) faaliyetlerinin agirlikta oldugu goriilmektedir (Gierl, Alves ve
Majeau, 2010).

Olgme-degerlendirme siireclerinde madde/test yanliligi énemli bir gegerlilik sorunu olarak karsimiza
cikmaktadir (Kane, 2013). Bu sorunla basa ¢ikmak adina degisen madde fonksiyonu (DMF) tespiti
yararl bir yontem olarak degerlendirilmektedir. DMF-maddelerini belirlemek i¢in klasik test kuramini
(KTK) ve madde tepki kuramin1 (MTK) temele alan DMF belirleme teknikleri ortaya koyulmustur. Son
zamanlarda, BTM c¢ergevesinde DMF belirleme teknikleri de literatiire kazandirilmaktadir. Yaygin
kullanimi olan BTM’lerden DINA (the deterministic input, noisy "and" gate: Junker & Sijtsma, 2001)
modelin veri analizinde kullanildigi durumlar i¢in Wald testine bagli olarak DMF belirleme teknigi
gelistirilmistir (Hou, de la Torre ve Nandakumar, 2014). Bu ¢alismada, KTK, MTK ve BTM tabaninda
gelistirilmis DMF belirleme teknikleri kullanilmis ve sonuglarin uyumlulugu degerlendirilmistir.
Ozellikle, BTM cercevesinde gelistirilmemis olan testlerden elde edilen verilerin sonradan eklenen bir
BTM ile analizi sonucunda maddelerin DMF gosterme durumlari incelenmistir. Bu analizlerle testin
gelistirilmesinde dikkate alinan ve test sonuglarinin analizinde kullanilan psikometrik modellerin ayni
olmadig1 durumlarda cinsiyet gibi bagimsiz degiskenlerce olusturulacak alt gruplar i¢cin maddelerde
DMF goriilme durumunun farklilagip farklilasmadiginin incelenmesi hedeflenmektedir. Bu ¢alismanin
ikincil amaci kitapgik tiirliniin psikometrik ozellikleri (6rnegin madde parametreleri) iizerindeki
etkisinin DMF Dbelirleme teknikleri araciligiyla incelenmesidir. DMF maddelerin psikometrik
ozelliklerinin alt gruplara gore farklilik gostermesi neticesinde olustugundan, test kitapgiklarinda
(maddelerin siralamasi degistiginde) gézlemlenen DMF analiz sonuglarindaki varyasyon testteki
maddelerin siralamasinin Kestirilen parametreleri etkiledigine yonelik ampirik kanit olarak sunulacaktir.
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Yontem

Yukarida belirtilen hedefler ¢ercevesinde, bu c¢alismada 2013 yilinda Ankara ilinde TEOG sinavina
girmis olan 39146 erkek ve 37318 kadin adayin 19 ¢oktan se¢meli matematik maddesine verdigi
cevaplardan seckisiz 6rnekleme yontemi ile olusturulan orneklemler kullanilmigtir. Verilerin elde
edilmesinde kullanilan sinav A ve B kitapcigl olmak iizere sinava giren adaylara sunulmustur. Bu
kitapgiklarda maddelerin siralamasi (konumlari) farklilik géstermektedir. Bu testten elde edilen toplam
veri setinden, 1000 6grencinin verisini igeren segkisiz drnekleme ile 100 tane 6rneklem olusturulmustur.
Bu orneklemler, cinsiyete gore yukarida bahsi gecen li¢ farkli DMF belirleme teknigi ile analiz edilmis
ve elde edilen istatistikler ilgili istatistiksel dagilimlarla karsilastirilarak ‘kadin ve erkek dgrenciler icin
maddenin fonksiyonu degismemektedir’ seklinde ifade edilebilecek yokluk hipotezleri test edilmistir.
Test sonuglar, her bir teknik ve test kitap¢igi tiirii i¢in hipotezin reddedilme orani olarak rapor edilerek
ve ayrica elde edilen p-degerleri kutu-grafigi olarak karsilastirilmastir.

Sonug ve Tartisma

Y okluk hipotezleri reddedilme oranlarina bakildiginda, farklt DMF tekniklerinde maddelere DMF tanisi
konulma oranlarinda ciddi farkliliklar gézlemlenmektedir. Oncelikle belirtilmelidir ki Wald teste bagl
olarak DINA model ile veriler analiz edildiginde ortalama DMF g6zlemlenme oranlari, sirasiyla o = .05
ve o = .01 anlamlilik diizeylerinde, .47 ve .31 olarak ortaya hesaplanmistir. Bu haliyle DINA modeli
tizerinden Wald test DMF belirleme teknigi en yiiksek DMF sonuglarin1 dogurmustur. Mantel-Haenzsel
sonuglarindan ¢ok da farkli olmada dahi, Raju’nun alan o6lgiileri teknigiyle DMF analizi yapildiginda
elde edilen maddelerde DMF gériilme oranlarinin ortalamasi en diisiik seviyede seyretmistir (o= .05 ve
a=.01 oldugunda sirasiyla .28 ve .11). Son olarak, Mantel-Haenzsel DMF belirleme teknigi, a = .05 ve
a =01 altinda, sirasiyla, maddelerde .31 ve .16 oranlarinda DMF rapor etmistir. Boylesine bir sonucun
olast nedenlerinden biri, orijinal smmavin BTM’ye bagli olarak gelistirilmemis olmasi olarak
diisiiniilebilir. Test tarafindan Olciilecek niteliklerin belirlenmesi, nitelik setini 6lcen maddelerin
gelistirilmesi ve maddeler ile nitelikler arasinda dogru bir iliskinin Kurulmasi igin Q-matrisinin
olusturulmasi, BTM c¢ergevesinde hazirlanan testten maksimum diizeyde bilgi elde etmek igin kilit
adimlardir. Bu nedenle, bir testte yer alan maddelerin ve niteliklerin dogru sekilde iliskilendirilmesi,
biligsel taniya yonelik degerlendirmenin etkililigini artirmak i¢in ¢ok onemli bir adim olacaktir. Bu
calismada kullanilan test ve verilere 0zgli olmaksizin, genel olarak, biligsel tan1 modellemesi
cercevesinde hazirlanmamus testlerden elde edilen veriler iizerinde sonradan eklenen bir BTM ile
analizine yonelik atilacak adimlarda, testin ve test maddelerinin psikometrik 6zellikleri (6rnegin madde
parametreleri) hatali kestirilebilecektir.

DINA model ile yapilan analizler i¢in Wald testine bagli olarak DMF sonuglar1 incelendiginde,
kitapgiklar arasinda bu teknigin DMF belirleme oranlarinda agik farkliliklar g6zlenmistir.
Detaylandirilacak olursa, o = .05 diizeyinde, yedi maddenin DMF gosterme egilimleri biiyiik 6lgiide
farklilagsmistir. Anlamlilik seviyesi a = .01'e disiiriilmiis olsa bile bu yedi maddeden besi hala belirgin
sekilde DMF gosterme egilimlerinde farkliliklar sergilemislerdir. Benzer sekilde Raju'nun alan dlgiileri
ve Mantel-Haenzsel DMF teknikleri ele alindiginda ise dérder maddede DMF gésterme egiliminde
kitapciklar arasinda yiiksek farkliliklar ortaya ¢ikmustir. Yokluk hipotezlerinin reddedilme oranlarindan
yola ¢ikarak yaptigimiz degerlendirmede sunulan oranlar analizlerde raporlanan gézlenen p-degerleri
sirasiyla .05 ve .01 kritik degerleriyle karsilastirilarak elde edilmistir. O halde, yokluk hipotezlerin .051
mi yoksa .999 gibi bir p-degeriyle mi reddedildigi bilinememektedir. Bu nedenle, yokluk hipotezi
reddetme oranlarina ek olarak, her bir kitapgik i¢in ele alinan 100 veri setinin analizlerinden elde edilen
p-degerleri kutu-grafikleri olarak sunulmustur ve bu grafikler DMF teknikleri ve kitapgik tiirleri
arasinda maddelerde DMF go6zlemlenme egilimlerinin kiyaslanmasida kullanilmistir.

Kitapgik tiirlerinden alinan 6rneklemler iizerinde her iic DMF teknigiyle cinsiyet gruplari agisindan
maddelerin DMF gosterime egilimlerinin kutu grafikleriyle incelenmesi sonucunda yukarida agiklanan
bulgularla benzer sonuglar elde edilmistir. Dolayistyla, farkli kitapgiklarin maddelerin psikometrik
oOzelliklerinin kestirimi iizerinde bir etkiye sahip oldugu, bir diger ifadeyle, maddelerin test icerisindeki
siralamalarinin  maddelerin  kestirilen parametrelerine etki ettigine yonelik ampirik bulgulara
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ulagtlmistir. Maddelerin siralamalarindaki degisikliler farkli alt gruplar igin farkli sonuglar dogurmus ve
dolayisiyla alt gruplar arasinda (bu caligmada cinsiyet gruplar1 arasinda) maddenin kestirilen
parametrelerinde farkliliklar ortaya c¢ikmustir. Alanyazin incelendiginde, madde konumlarindaki
degisikliklerin maddelerin zorluk seviyelerini degistirdigini one siiren ¢alismalar bulunmaktadir
(Kingston ve Dorans, 1984). Bu nedenle, bir testte madde siras1 degistik¢e, madde yanitlama hizinda,
yanit olusturma stratejilerinde, bilissel ¢aba harcama oraninda ve alt gruplardaki yorgunluk seviyesinde
meydana gelebilecek farkliliklar, madde parametrelerinin kestirilen degerlerinde degisiklige ve
dolayisiyla alt gruplar agisindan DMF’ye sebebiyet verebilmektedir. Bu bulgular g¢ercevesinde,
maddelerin konumlari kitapgiklar arasinda degisiklik gosterse dahi, bu konum degisikliklerin DMF’ye
ve sonunda test puanlari iizerinde ciddi farkliliklara sebep olacak kadar biiyiik olmamasi 6nem
tasimaktadir.
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