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heterogeneity pose challenges to any cross-cultural measurement endeavor. With the
recent implementation of adaptive designs in ILSAs, little is known about differential
item functioning (DIF) effects, mainly when an MST design is used in an ILSA context.
Through a simulation study grounded on the empirical basis of the Trends in Interna-
tional Mathematics and Science Study (TIMSS) data, this paper examines the impact

of DIF in MST routing in ILSA under different routing strategies. Results showed that
Merit routing is highly accurate even when the amount and magnitude of DIF is high,
whereas suboptimal routing showed poor accuracy across DIF conditions. As expected,
Merit routing has better proficiency recovery parameters than a suboptimal routing
mechanism. Implications and recommendations for test developers are included in the
discussion section.
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Introduction

In international large-scale assessments (ILSAs), adaptive testing offers advantages over
traditional (e.g., linear) test administration methods. Advantages of adaptive testing include
efficiency gains, improved precision about proficiency estimates, especially at extreme ends
of the proficiency continuum (Betz & Weiss, 1974; Hambleton & Swaminathan, 1985; Lord,
1980; Wainer et al., 1992), and a better test-taking experience (Yan et al., 2016). Dozens
of highly heterogeneous systems from varied cultural, geographic, linguistic, and socio-
economic backgrounds participate in ILSAs. For example, if we select two participants
from the Trends in International Mathematics and Science Study (TIMSS) 2019 and com-
pare their gross domestic product (GDP) per capita, such as Pakistan ($1202) and Ire-
land ($100,172; World Bank, 2021), we observe a stark difference in economic resources
which undoubtedly affect the allocation of resources in each respective educational system.
Besides differences in participants’ economic resources, geographic, cultural, and linguistic
differences pose challenges to the quality of any cross-cultural measurement endeavor. As
the participation of heterogeneous populations in ILSAs grows, this challenge can also be
observed in a broadening of the proficiency continuum (Rutkowski et al., 2018). Therefore,
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the possibility of adaptive testing—wherein the difficulty of items or groups of items are tai-
lored to the proficiency of the examinee—is appealing for ILSAs and particularly helpful for
measuring proficiency at the ends of the proficiency continuum.

One of the most important methodological challenges in cross-cultural measurement is
the assumption that item characteristics are invariant across groups. In other words, the
models used to estimate proficiency or other latent attributes assume that these constructs
are understood and measured equivalently across countries (Lord, 1980; Millsap, 2011).
However, violations of this assumption—commonly known as differential item function-
ing (DIF)—occur to varying degrees in the ILSA context (Ercikan, 1998; Grisay & Mon-
seur, 2007; Rutkowski & Rutkowski, 2013). Although the impact of DIF is reasonably well
understood for linear ILSAs (Oliveri & von Davier, 2011; Rutkowski et al., 2016; Svetina &
Rutkowski, 2014), much less is known about the impact of DIF in an adaptive ILSA con-
text. We take up this issue in the current paper. Importantly, MST has been implemented
in the Programme for the International Assessment of Adult Competencies 2011 (PIAAC;
Organization for Economic Cooperation and Development, 2013; Kirsch & Lennon, 2017;
Kirsch et al., 2020) and in the Programme for International Student Assessment’s (PISA)
2018 reading domain (Educational Testing Service, 2016; Yamamoto et al., 2018; Yamamoto
et al,, 2019). Moreover, group adaptive testing design was implemented in the Progress in
International Reading Literacy Study (PIRLS) 2021 (Mullis & Martin, 2019) and in TIMSS
2023 (Yin & Foy, 2021). Group adaptive testing design is based on Pohl’s (2013) longitudinal
MST design, where group (i.e., countries) scores from a previous administration (i.e., PIRLS
2016) are used to provide more or less difficult sets of items to that group in the current
test administration (i.e, PIRLS 2021). As ILSAs transition into adaptive testing, questions
regarding the potential implications of DIF in routing decisions are extremely relevant in
the considerations for the unbiased item and proficiency estimation.

In general, test adaptability occurs either at the item level or the item cluster level. The
former is referred to as a computerized adaptive test (CAT), while the latter is referred to as
a multistage test (MST). MST is often a more desirable operational choice (Melican et al.,
2009) because, compared to linear fixed-length tests, MST has shown greater testing effi-
ciency and increased accuracy in proficiency estimates (Jodoin et al., 2006; Kim & Plake,
1993). Furthermore, Luo and Kim (2018) noted that MST provides several practical advan-
tages over CAT. For example, one advantage over CAT is a priori knowledge of psycho-
metric and content properties of all possible test forms. The main advantage is that MST
designs can be constructed prior to administration, providing a more efficient approach to
dealing with complex test constraints and minimizing computing complexity while pro-
viding flexibility for the test taker to review and revise responses in the same stage of the
assessment. In what follows, we offer a brief overview of an MST design followed by a dis-
cussion of how DIF might prove especially challenging in an ILSA MST setting.

Background

MST is an algorithm-based approach that assigns a preassembled set of items to test-
takers following a sequential design. In other words, a test-taker gets sets of items (i.e.,
modules) with a difficulty level that better fits their proficiency level (Yan et al., 2016).
MST is linear in that the adaptation happens at the module—sets of items—rather than
at the item level as in a fully CAT design. An MST design usually features panels, of
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Figure 1 An example of a 1-2-3 three-stage MST design used in the study

which there can be one or many. Each panel is comprised of modules that are arranged
into sequential stages, from 1 to n. The first module (Core) is the starting point for all
examinees. Figure 1 illustrates a single panel and shows the various paths that an exam-
inee may take. According to this design, each examinee receives three blocks of non-
overlapping items. An MST design adaptation depends on an examinee’s performance
and the routing rule. Routing rules are simpler to use for estimating performance and
are determined prior to the MST administration (Weissman, 2016); hence, decisions
concerning routing to the next module are a priori identified. In Fig. 1, MST adaptive
paths can be optimal or non-optimal. Optimal paths are those identified a priori (i.e.,
Core-Difficult-Difficult, Core-Difficult-Moderate, Core-Easy-Moderate, Core-Easy-
Easy), and non-optimal are a result of the misrouting mechanism (i.e., Core-Difficult-
Easy, and Core-Easy-Difficult). For example, in Fig. 1, a student routed out of the Core
module into a moderately difficult Stage 1 module should be routed to either a moderate
or difficult Stage 2 module based on their performance on Stage 1, the Core, or both.
The described design is just one of many possibilities in the MST framework.

MST offers opportunities and poses challenges in the ILSA context. With the partici-
pation of more developing economies in ILSAs, the spectrum of proficiency distribution
has been extended. Assessments that have been created for developed countries—such
as in PISA, where the original participants were overwhelmingly country members of
the OECD—, now have more heterogeneous participants, making the design of a test
that can measure proficiency well across the spectrum more challenging (Rutkowski &
Rutkowski, 2021). The adaptive component of an MST assessment design allows for bet-
ter measurement of the proficiency of participating countries across the continuum in
ILSAs. For example, gains in proficiency estimation precision exist for an MST design
in comparison to a linear test design (Jodoin et al., 2006), specifically in PIAAC, where
MST was able to obtain the same test information with 13—-32% fewer items than a linear
test (OECD, 2013). Moreover, MST allows control over certain ILSA design features in
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its implementation, such as content balance within modules (Yamamoto et al., 2018),
and limits the exposure of items across the design (Svetina et al,, 2019). For all its
strengths, MST does have some challenges in its implementation. For example, not all
heterogeneous populations and subpopulations have access to or familiarity with using
computers, which could present itself as a DIF problem when MST designs are imple-
mented in ILSA.

ILSA data are primarily used to compare countries, making it essential to assure meas-
urement invariance, which can be examined at a scale level (i.e., multigroup CFA) or
item level (i.e., DIF). Measurement invariance, or equivalence, is a psychometric qual-
ity that states that the results of a test are equivalent across different groups (Meredith,
1993; Millsap, 2011). Obtaining measurement invariance allows for fair and valid com-
parisons of test results across groups. Differential item functioning (DIF) is defined as
an expected item score difference across multiple groups after the scales and scores are
calibrated and linked on the same metric (Holland & Wainer, 1993; Lord, 1980). DIF is a
threat to ILSA’s uses, interpretation, and inferences validity because the presence of DIF
threatens score equivalence (Ackerman, 1992; Millsap & Everson, 1993), reducing the
fairness of cross-cultural comparisons and inferences (Zwick et al., 1997).

Little is known about the effects of DIF when an MST design is used in an ILSA con-
text. Previous research on the effects of DIF in ILSAs suggests that, in a linear design
with random assignment of booklets/forms, DIF affects countries’ rankings based on
their proficiency estimates (Oliveri & von Davier, 2011). Under an MST design, test-tak-
ers would instead receive a module with a difficulty level matched to their proficiency
level after taking the core module. The items within each module affect the final profi-
ciency more than when randomly assigned. Therefore, DIF on any item may have more
consequential results at the test-taker level (Gierl et al., 2013; Zwick, 2010; Zwick &
Bridgeman, 2016). DIF could negatively affect the adaptive procedures and have detri-
mental consequences on the examinees’ proficiency estimates (Zwick, 2010). Adaptive
tests are more sensitive to the effects of DIF than linear tests (Steinberg et al., 2000).
More specifically, CAT is more resilient in their proficiency estimation than MST when
DIF is present (Kara & Dogan, 2022). However, all these studies aimed at the individual
test taker level rather than the group level, making further investigation in this context
relevant.

The MST design could be even more complicated if a classification matrix is used, as
in PISA 2018, where students were assigned to subsequent modules based on different
routing probabilities. As examinees are routed based on their score in previous modules,
the presence of DIF can potentially drive routing decisions, which could ultimately influ-
ence proficiency estimates at a population level. That is, if an item or group of items are,
for instance, differentially more difficult for a group of students, a risk of routing to an
easier module exists, which could lead to lower proficiency estimates than expected. The
opposite is also possible—differentially easier items could route students to more diffi-
cult modules, risking bias in proficiency estimates.

The degree to which routing errors and associated cascading impacts occur because
of DIF in an MST design is an understudied area. Further, the unique context of ILSAs,
where inferences are focused at the population level (von Davier & Sinharay, 2014), and
complex methods are used to estimate proficiency (Mislevy et al., 1992; von Davier &
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Sinharay, 2014), raises important questions about DIF and MST. ILSAs complex popu-
lation estimation consists of a latent regression modeling approach to overcome chal-
lenges associated with examinees getting booklets assigned at random (Mislevy et al.,
1992). The latent regression modeling approach treats the examinee’s proficiency as
missing data. A conditional model analogous to a multiple imputation approach is used
to obtain the missing data. In other words, an imputation model is constructed (Rubin,
1976), imputing proficiency for all examinees and drawing plausible values (Mislevy,
1991) for each individual respondent (von Davier & Sinharay, 2014). In this paper, we
examined the impact of DIF on routing decisions, item parameter estimates, and the
consequences that biased item parameters might have on population-level proficiency
distribution estimates. Also, we examined the degree to which DIF location matters.
That is, we investigated whether differential impacts depend on where DIF occurs in the
early versus later stages of the assessment.

Methods

To address the research questions, we conducted a Monte Carlo simulation study using
the software R (R Core Team, 2022). To ground our study in an empirical setting, we
incorporated the TIMSS 2015 item and proficiency parameters for an eighth-grade
mathematics assessment in nine representative countries. We note that although TIMSS
does not currently use a traditional MST design, our findings should be reasonably gen-
eralizable to ILSA settings.

Fixed factors

This study considered a fixed sample size of 4000 individuals per country, with normally
distributed generating proficiency distributions ~N(u, o) based on nine TIMSS 2015
participating countries. Although overall sample sizes vary for participating countries,
participating countries sampled between 3000 and 13,000 in TIMSS 2015. Most partici-
pants sampled 4000 examinees per country; therefore, a sample of 4000 simulees aligned
with operational procedures. Additionally, an equal sample allowed for equal weight to
each participant country in the calibration of items. The selected nine countries corre-
sponded to the countries with the highest, medium, and lowest proficiencies accord-
ing to TIMSS 2015 eighth-grade mathematics results. The generated mean proficiency
parameters were obtained by standardizing mean (u = W) scores and standard
deviations (o = SD/100) reported by TIMSS 2015 (see Table 1).

Our simulation features a single MST panel with a 1-2-3 design, as seen in Fig. 1.
Classical Test Theory (CTT) routing is used after a student has completed each mod-
ule. Like PISA 2018’s MST routing decision (Yamamoto et al., 2018), the routing module
selection method is based on the total number of correct, automatically scored items
on a given module. Moreover, we used a routing method that allows for the selection of
subsequent modules using different routing probabilities. In ILSAs, probability routing
prevents module over-exposure and allows for controlling content balance (Yamamoto
et al,, 2019). Including routing probabilities ensures that in a situation where low-per-
forming countries will more frequently see easy items and high-performing countries
will more frequently see hard items, those item parameter estimates are based on a rep-
resentative sample of all test takers. The total number of items for each student in a panel
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Table 1 Descriptive statistics of proficiency parameters (N =4000 for each country)

Country M SD u o
High performers Singapore 621 82 1.21 0.82
Republic of Korea 606 85 1.06 0.85
Chinese Taipei 599 97 0.99 097
Medium performers Sweden 501 72 0.01 0.72
Malta 494 88 —0.06 0.88
Malaysia 465 87 —035 0.87
Low performers Morocco 384 80 —1.16 0.8
South Africa 372 87 —1.28 0.87
Saudi Arabia 368 86 —132 0.86

Note: The Mean and Standard Deviation for each participant country in TIMSS 2015 was retrieved from http://timssandpirls.
bc.edu/timss2015/international-results/timss-2015/mathematics/student-achievement/distribution-of-mathematics-achie
vement/

SD standard deviation, N sample size, u mean proficiency parameter, o proficiency parameter standard deviation

was 36, with an equal number of items per module within each stage. This resulted in 12
items per module and was consistent with previous studies (Verschoor & Eggen, 2014).
Furthermore, we limited the generated data to dichotomous responses and uniform DIF
to make the study manageable and avoid confounding factors. Previous studies reported
that uniform DIF is more prevalent in operational settings (i.e., Joo et al., in-print). To
study the effect of DIF on routing accuracy, we induced uniform DIF (Hanson, 1998),
leading to a different item difficulty.

Manipulated factors

We manipulated several factors in this study, including the magnitude of DIF (small,
medium, and large), the number of items with DIF within a module (one, three, and five),
DIF location in the MST design (Core, Stage 1, or Stage 2), DIF country (low, medium,
and high), and routing probabilities (Merit, M+ PM, and Random). We provide details
and rationales for each manipulated factor below.

DIF magnitude

Three levels of DIF magnitudes were manipulated in this study: small, medium, large.
We were interested in observing if the magnitude of DIF plays a role in influencing rout-
ing, item parameters, and proficiency estimation and whether the location of DIF items
(early or late in the MST design) mattered. A two-step process was conducted through
empirical analysis of the TIMSS 2015 mathematical items to examine the DIF magni-
tude. Following operational practices (Martin et al., 2016), a 2-PL multigroup IRT model
was fitted to the empirical pooled sample of the data (all participant countries) to esti-
mate international item parameters. Then we estimated the proficiency for each country
via a multigroup latent regression model, fixing the item parameters to the item esti-
mates obtained from the previous step. The scale was set by fixing the first group to a
standard normal distribution with M =0 and SD=1. Lastly, item-by-group parameters
were estimated using a 2-PL IRT model. The scale was set to estimate group-specific
item parameters by fixing each country’s estimated mean proficiency. The estimated dif-
ference between group-specific and pooled sample item parameters resulted in the DIF
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magnitude for difficulty parameters. Of 215 cognitive items, 12 had DIF more extreme
than the latent trait continuum (= 3) for at least one country; these items were excluded.
The results showed a large range of DIF magnitudes. We obtained the average absolute
value of the bias in the difficulty parameter across all countries. Next, we selected the
25th, 75th, and 95th percentiles of estimated DIF magnitudes. We observed DIF val-
ues for the difficulty parameter of 0.30 (small DIF), 0.60 (moderate DIF), and 1.40 (large
DIF). According to the condition, these magnitudes were added to the difficulty param-
eters for the respective focal group (see DIF country).

DIF amount

For this study, a baseline and three DIF amounts (i.e., number of items per module) were
simulated based on the RMSD analysis of TIMSS 2015 results previously described. The
proportion of DIF flagged items over the total number of items was evaluated. The first
quartile (10%), third quartile (22%), and maximum (43%) were chosen to simulate the
number of DIF items based on the TIMSS 2015 pool of items. In this simulation study,
out of the 12 items, the DIF amounts were simulated by randomly inducing DIF to 1, 3,
and 5 items per module, respectively.

DIF location

To understand how DIF location in the MST design impacts routing, we isolated DIF
to only appear in one stage at a time. Stages with more than one module (i.e., Stages 1
and 2) would have the same DIF magnitude and amount in all modules in that stage. In
that way, we can study the effects of DIF on routing accuracy and proficiency parameter

recovery.

DIF country

We investigated three levels of group proficiency distributions for the DIF group: low,
medium, and high-performing countries. We were particularly interested in evaluating
the effects of DIF in MST routing when different countries experience bias and compar-
ing if there are any differences when DIF is present for countries at the end or middle of
the proficiency continuum. We induced DIF in low and medium performing countries
adding to the difficulty parameters, while in high performing countries we induced DIF
by subtracting from the difficulty parameters of the items selected. This decision was
based on results from the empirical analysis, where DIF was mostly negative for low and
medium performing countries, and positive for high performing countries.

Routing probabilities

Previous research showed that routing probabilities are necessary to ensure even item
exposure across highly diverse participating countries (Svetina et al., 2019). To examine
the effects of DIF on routing scenarios, we considered three routing probabilities: Merit
only, Merit with probabilistic misrouting (M + PM), and Random routing. Merit only
routing is fully determined by the examinee’s performance, implying that all test tak-
ers will be routed to the module that best matches their proficiency, with a probability
equal to 1. In M+ PM routing, examinees have a 30% probability of misrouting, regard-
less of proficiency. That is, 70% of the individuals will be routed based on Merit to the
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next module, and 30% will be routed randomly to the modules that do not match their
proficiency. The third condition, random routing, assigns test-takers based on a coin flip,
any examinee will either be correctly or incorrectly routed to the next module. The latter
most closely reflects operational procedures in TIMSS, where rotated booklet designs
are used (Martin et al., 2013). Previous studies have defined random routing as a compa-
rable baseline to a non-adaptive design (e.g., Rutkowski et al., 2022; Svetina et al., 2019).

Data generation and analysis

The proficiency distribution was generated as a normal distribution with the respective
country’s mean and standard deviation (see Table 1). Proficiency was generated from
random draws that varied across replications but remained equal across conditions. The
generation of item parameters follows TIMSS 2015 difficulty and discrimination item
parameters for eight-grade mathematics (see Table 2). To simulate students’ responses
in our MST design, we used the mstR" (v.1.2., Magis, 2018) package in R. While the MST
1-2-3 design was used, the routing probabilities varied, and DIF was induced to random
items within the modules following the DIF conditions. All DIF magnitudes, amounts
per module, and locations were only introduced to items for either low, medium, or high
performing countries. Routing probabilities were used across all DIF and no DIF condi-
tions. Three baseline conditions where all items are DIF-free [3 routing probabilities]
and 243 DIF conditions [3 DIF magnitudes x 3 DIF amounts x 3 DIF locations x 3 DIF
countries x 3 routing probabilities] sum a total of 246 conditions studied. All DIF condi-
tions were compared to their baseline condition of the same routing probability, with
100 replications performed for each condition.

Once the student responses were generated for each condition, international item
parameters for the pooled sample (n=36,000) were estimated using a multigroup 2-PL
IRT model with equality constraints on item parameters across groups with TAM (v.3.1.,
Robitzsch et al., 2018). The difficulty and discrimination item parameter estimates were
then transformed to the original scale via a mean-sigma adjustment (Kolen & Brennan,
2004). The re-scaled estimated international item parameters were considered fixed and
used to set the scale for the country proficiency parameter estimation, which was done
through a latent regression model. The latent mean and variance of the first group were
fixed to a standard normal distribution ~ N(0,1) to set the scale. Based on the posterior
achievement distribution, five plausible values for mathematics proficiency were drawn
for each examinee. Following TIMSS 2015 scaling methodology (Martin et al., 2016) and
general procedures for analyzing multiple imputed datasets (Rubin, 1987), descriptive
statistics were obtained for each country. Therefore, for each population, a statistic will
be equalto 6 = % Zf\il 60;, where M is the number of plausible values, and 6; is the mean
(or any other statistic of interest) computed for the ith plausible value.

Evaluation criteria
The impact of DIF on routing was evaluated through module selection accuracy, item
parameter, and final proficiency parameter recovery.

! Magis modified the mstR package to allow for the probabilistic routing element.
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Table 2 Item difficulty and discrimination parameters used for data generation

Stage
Module  Core 1 2
Easy Difficult  Easy Moderate  Difficult
Difficulty parameter i 0318 0.533 0.533 0.260 0.260 0.260
i2 0.742 0.253 0.253 0.818 0.818 0.818
i3 0.635 0.266 0.266 0.256  0.256 0.256
i4 0.247 —0052 0977 — 0079 0260 2.163
i5 0.652 0.048  1.000 —0075 0818 1472
i6 0.684 0.013  0.900 — 0259 0256 1.517
i7 0.505 0112 1.037 —0.105 0488 1.313
i8 0.752 0.190  1.127 —0.140 0704 1450
i9 0613 —0030 0887 —0.251 0674 1.582
i10 0.759 0.039 0885 —0.231 0.759 1.178
i 0453 0.164  1.050 — 0174 0646 1.397
i12 0.646 0.154  1.105 —0224 0779 1.498
Discrimination parameter i1 1473 0910 0.910 1.045 1.045 1.045
i2 1.976 0.683 0.683 1.030 1.030 1.030
i3 1.316 0.705 0.705 1.143 1.143 1.143
i4 1.126 1459  1.754 0.692 1.045 0.580
i5 1.344 0659 0874 0915 1.030 1.890
i6 1.152 1.098  1.553 1.226 1.143 1.148
i7 0.855 1333 1.530 0.681 0.765 1.313
i8 1.545 1248 1326 1.306 1.599 1.237
i9 1.204 1352 1.650 1.186 1.764 1.398
i10 1.399 0513 1.388 0.821 1.399 1.058
i 1.158 1376 1.147 1.136 1.676 1.577
in2 1.676 1389 2166 0912 1.136 1.706

Note: Under Stages 1 and 2, the first three items are trend items and therefore are contained in each module of a respective
stage. Bold parameters represent trend items that are repeated in each module within a stage.

Module selection accuracy

To inform our results in terms of the effects of DIF in MST routing, we used the propor-
tion of routing decisions that matched between the DIF and no DIF conditions. For the
1-2-3 MST design proposed, routing can occur only after Core and Stage 1 modules.
Results that equal one indicate DIF does not affect routing, as the DIF and no DIF condi-
tions match perfectly across all students in a country. Otherwise, differences between
the DIF and no DIF conditions exist. Each condition was averaged across examinees

within a country and across replications.

Item parameter and proficiency recovery

We used two properties of estimators to evaluate parameter estimates: bias and root
mean square error (RMSE). For item parameters (difficulty and discrimination), we
obtained bias by obtaining the difference of the estimates to DIF-free conditions, the
original international estimates used for data generation. For proficiency estimates, bias
is the difference between estimates and true proficiency values for each country. We
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generally expect a larger bias and RMSE under DIF conditions compared to conditions
with no DIE.

Results

Results are reported as follows: Section I presents results for the accuracy of module
routing, while Section II presents results for item parameters and proficiency estimation
recovery.

Section I: Module Routing Accuracy

In evaluating the effect of DIF on MST routing decisions, we expected to observe lower
accuracy in the decision of routing from one module to the next given that a previous
module was DIF contaminated. Results related to the module routing accuracy are pre-
sented in Fig. 2, which shows three panels, each of which indicates the DIF location and
the routing accuracy in the decision made to route towards the next module in Stage 1
and Stage 2. Within those panels, nine inner columns showed the percentage out of 12
items and the magnitude of DIF items per module. The module accuracy selection is on
the Y-axis, which ranges from 0.32 to 1.00. The X-axis represents the routing probabili-
ties. To evaluate differences of DIF countries, the shapes represent DIF in low (square),
medium (circle), and high-performing (triangle) countries. The baseline condition for
each of the three different types of routing was equal to one (see inner column at the
left, No DIF). The interpretation of Fig. 2 shows the average proportion of test takers
who were assigned to the correct modules when we compare test takers within a coun-
try with the same generated proficiency level from no DIF and DIF conditions. In other
words, a proportion of 0.32 indicates that on average only 32% of test takers with the
same proficiency level in a low performing country with DIF were routed equally in the
presence of DIF as they would have been in the absence of DIF.
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The impact of DIF for Merit routing showed worse routing accuracy when higher DIF
magnitudes and a higher number of DIF items were present in medium and high per-
forming countries. In general, interactions of higher magnitudes of DIF and a greater
number of DIF-contaminated items in a module seemed to affect the routing accuracy
of Merit routing. To evaluate the impact of DIF in Merit routing, consider the column
at the far right of the first panel of Fig. 2 (42%/Large DIF condition), which reported
the lowest routing accuracy results; 0.82 for DIF in high, 0.87 for DIF in medium, and
0.98 for DIF in low performing countries. When we evaluate the same far right column
(42%/Large DIF condition) for the second panel, we observed that the routing accuracy
results slightly improve for DIF in high (0.87) and medium (0.88) performing countries
and worsen for DIF in low (0.96) performing countries. Similar average routing accu-
racy results were observed for the same 42%/Large DIF condition on the third panel.
Our findings pointed to a more substantial impact in routing when DIF occurred in the
Core. Consider a situation where we extend the accuracy scale to thousands, closer to
the number of participants in ILSAs. In that case, we observed that in the worst-case
scenario, 19%—or about 190 students for every thousand—would be misrouted in the
presence of large DIF magnitudes and more items with DIF per module when routed
based on their Merit.

The impact of DIF in M+ PM and Random routing showed, on average, similar rout-
ing accuracy results regardless of the number of items with DIF in a module or the mag-
nitude of DIF. The accuracy results for Random routing were similar regardless of the
country with DIF but varied based on where in the MST design DIF appeared. When
DIF was present in the Core module, the routing from the Core to Stage 1 showed, on
average, the accuracy was 0.50 for DIF in high, medium, and low performing countries.
When routing from Stage 1 to Stage 2, the average accuracy for DIF in low was 0.35, 0.36
for DIF in medium, and 0.37 for DIF in high performing countries. When there was DIF
on the modules of Stage 1, the routing between Stage 1 and Stage 2 was 0.36 for all coun-
tries that presented DIF. The accuracy results for M+ PM routing were slightly higher
than for Random routing but considerably lower than Merit routing. When DIF was pre-
sent in the Core module, the routing accuracy from Core to Stage 1 was 0.58 for DIF in
low, 0.56 for DIF in medium, and 0.54 for DIF in high performing countries; the routing
accuracy from Stage 1 to Stage 2 was 0.45 for DIF in low, 0.45 for DIF in medium, and
0.46 for DIF in high performing countries.

Figure 3 illustrates the effects of DIF on the proportion of non-optimal routing. In this
study’s 1-2-3 MST design, two non-optimal paths existed: Core-High-Low and Core-
Low-High. Non-optimal paths could only happen on the routing from Stage 1 to Stage
2, as seen by the dashed lines in Fig. 1. Therefore, the results of Fig. 3 show the carryover
effects from the DIF on the Core Module and the effects of DIF on Stage 1 in the transi-
tion from Stage 1 to Stage 2. The non-optimal routing happened when test-takers in the
absence of DIF were routed to any of the four optimal paths (e.g., Core-Low-Low, Core-
Low-Med, Core-High-High, Core-High-Med), but in the presence of DIF were routed
to a non-optimal path instead. The four panels in Fig. 3 can be interpreted similarly to
Fig. 2, except that Fig. 3 illustrates the average proportion of non-optimal routing.

Results of non-optimal routing were equal to zero across all conditions when the MST
used Merit routing. As expected, the algorithm only routes examinees based on their
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Fig. 3 Proportion of the non-optimal paths selected given DIF

Merit through optimal paths only. However, M+PM and Random routing illustrated
how countries with DIF misrouted their test-takers due to the presence of DIF. For
example, M + PM routing and DIF in the Core had test-takers from countries with DIF
misrouted to the Core-High-Low path (see upper left panel) by 0.06 for DIF in high, 0.05
for DIF in medium, and 0.05 for DIF in low performing countries. Under the same con-
dition, test-takers were misrouted into the Core-Low—High path (see upper right panel),
in high proportions for DIF in medium (0.06) and low (0.07) performing countries and
lower proportions for DIF in high (0.05) performing countries. The results’ patterns were
similar for DIF Stage 1 modules (bottom panels) and across DIF amounts; however, the
proportions were barely smaller. Slight variations at the third decimal place were noted
for DIF magnitudes but not an evident pattern for DIF amounts. Random non-optimal
routing results were worse than M + PM, and patterns for DIF countries were the oppo-
site to the results from M+ PM. For example, misrouting to the Core-High-Low path
when the MST used Random routing and there was DIF in the Core module (see left
upper panel) showed more non-optimal paths when DIF was present in low (0.11) per-
forming countries, followed by DIF in medium (0.10) and high (0.08) performing coun-
tries. Under the same condition, the Core-Low—High non-optimal path when MST used
Random routing selected on average, a higher proportion under the presence of DIF in
high (0.10), than in medium (0.07) and low (0.07) performing countries.

Section ll: Parameter Recovery

Item difficulty and discrimination recovery

The estimation of difficulty and discrimination parameters was evaluated using a scat-
terplot between the estimated and generated parameters averaged over 100 replications
in each condition for each of the 72 items; results are found in Figs. 4 and 5. In Figs. 4
and 5, three panels show the differences when DIF is present in low, medium, and high
performing countries. The columns in Figs. 4 and 5 represent the DIF magnitude and
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percentage, the rows describe the three routing probabilities, and the shapes (i.e., cir-
cle, triangle, square, plus sign) differentiate which module the item belongs. The y-axis
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shows the estimated parameter, while the x-axis shows the generated parameter. Gener-
ated parameters were free of DIF. The diagonal line serves as an indicator of zero bias.

Item difficulty estimates from the multigroup models (where the estimates are equal
across countries) showed excellent recovery when items were DIF-free, independently
of the routing mechanism used (Fig. 4). The shapes on top of the diagonal line of Fig. 4
indicated that estimated and generated parameters were equal and therefore showed a
perfect fit. On the last column to the right, a perfect fit was observed for DIF-free items.
A perfect fit was also observed for most items in the rest of the conditions when items
did not have any DIF (Fig. 4). This behavior happened for each routing probability with
no difference, indicating that item parameter recovery, including a misrouting probabil-
ity, did not affect the recovery of item difficulty.

Those items that included DIF are away from the diagonal line (Fig. 4). Bias in item
difficulty for items with DIF uniformly showed that item difficulty was overestimated
when DIF was present in low and medium performing countries and underestimated for
high performing countries. More specifically, when a third of the countries had small or
large DIF items, the multigroup calibration—where the information of all countries is
used to estimate item parameters—absorbed the bias depending on which three coun-
tries had DIF. As the DIF magnitude increased and the amount of DIF items per mod-
ule increased, a larger bias was reported for those items. Depending on the DIF country
conditions, the results were either underestimated (i.e., DIF in high) or overestimated
(i.e., DIF in low and medium performing). In Fig. 4, the differences for DIF magnitude
were evidenced by the distance of the items that had DIF from the diagonal line, and DIF
percentages were shown in 1, 3, or 5 items of the same shape away from the diagonal
line, respectively. A larger bias was reported when medium and high performing coun-
tries had DIF. Another interesting finding is that the results across M+ PM and Random
routing mechanisms were similar. Still, when Merit routing was implemented, the esti-
mated difficulty parameters were in some cases higher than the generated DIF item dif-
ficulties, as seen when medium performing countries had DIF.

Item discrimination parameters also showed some impact from DIF in difficulty
parameters. Given that no DIF was simulated in the item slopes, there was expected to
be no DIF impact. Nevertheless, as DIF in difficulty parameters was of larger magni-
tudes and amounts in the modules, the estimated discrimination parameters showed
biased results. It is relevant to note that when there was DIF in medium performing
countries where M+ PM or Random routing was used, the impact of DIF in discrimi-
nation parameters was minimal. For low and high performing countries, however, the
discrimination parameters were consistently overestimated, particularly when M +PM
or Random routing was used in the MST design. Using Merit routing in the MST design
showed some discrimination parameters being overestimated and some underestimated.

Proficiency recovery

To evaluate the effects of DIF on proficiency recovery, we focused on bias and RMSE
indicators. In Figs. 5 and 6, we observe the bias and RMSE in proficiency estimates.
These figures give a more detailed depiction of what drives the bias and RMSE in a
country’s proficiency using shapes (i.e., circle, triangle, square) representing the MST’s
routing probability. The columns of Figs. 5 and 6 show the DIF conditions (i.e., amount
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Fig. 6 Bias of proficiency estimates across all conditions

of DIF items per module and DIF items’ difficulty in each stage), the x-axis shows DIF
magnitudes (i.e., small, medium, and high), with all DIF conditions increasing from left
to right. The horizontal blocks in the figures represent high, medium, and low perform-
ing countries with DIF, respectively. The y-axis shows the measure of bias and RMSE,
respectively. Results were averaged across replications for each condition.

Merit routing showed better proficiency recovery results than M+ PM and Random
routing. In the absence of DIF, bias results were, on average -0.09 for Merit, -0.13 for
M+PM, and — 0.14 for Random routing. In Fig. 6, results that approach the dotted
horizontal line at zero had, on average, less bias. Merit routing showed better results
across most DIF conditions. The only two exceptions were when the DIF magnitude
was large and present in Stage 2 modules. For example, if we take the bias results
from the condition where 42% of items had large DIF in Stage 2 modules for medium
performing countries (42%/L/Stage2/Medium), we observed bias results of — 0.19 for
Merit, — 0.19 for M +PM, and — 0.20 for Random routing. Using the same condition
(42%/Large/Stage2/Medium) for high performing countries, we observed bias results
of — 0.04 for Merit, — 0.05 for M + PM, and — 0.06 for Random routing. Besides these
two conditions, Merit routing showed better proficiency recovery than M +PM and
Random routing probabilities.

The proficiency results differed when DIF was present in high performing versus
low and medium performing countries. Particularly when there was DIF in large mag-
nitudes and a greater number of DIF items per module, results showed increased bias
compared to the no DIF condition for low and medium performing countries but
decreased bias results for high performing countries. These results were noticeable
when the DIF items were in the later stages of the MST design. If we focus on the
farthest right column of Fig. 6 to illustrate the results, where MST using Merit rout-
ing and large DIF was present in five items of Stage 2 modules, we found that bias was
— 0.12 when DIF was present in low, — 0.19 in medium, and — 0.04 in high perform-
ing countries. For the same condition (42%/Large/Stage 2) when M + PM routing was
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Fig. 7 Root mean square error of proficiency estimates across all conditions

used we observed — 0.18 when DIF was present in low, — 0.19 medium, and — 0.05
high performing countries. Likewise, when Random routing was used, bias was — 0.19
for low, — 0.20 for medium, and -0.06 for high performing countries. There were gen-
eral similarities between results when DIF is present in low and medium performing
countries. Nevertheless, when DIF was present for high performing countries only,
the proficiency was recovered better than in the absence of DIF.

DIF location influenced the recovery of the proficiency parameters. When DIF was
in the Stage 2 modules, proficiency estimates were more biased and had higher RMSE
results when compared to the same DIF conditions in Core and Stage 1. In the Core
and Stage 1 modules, the proficiency estimates were essentially unaffected by DIF con-
ditions. Moreover, larger DIF magnitudes and an increasing number of DIF items in a
module resulted in more considerable bias and RMSE results. DIF affected proficiency
estimates under Merit routing more heavily when DIF items were present in Stage 2
modules than with any other routing mechanism.

Proficiency RMSE results had similar patterns to the bias results. Figure 7 shows the
RMSE results averaged across replications. Merit routing reported better proficiency
recovery than M+ PM and Random routing across all conditions. To illustrate, in the
absence of DIF, RMSE for Merit routing was 0.03, 0.04 for M + PM, and 0.05 for Random
routing. Worse RMSE results were observed in the presence of DIF in low and medium
performing countries. However, a lower RMSE was observed in the presence of DIF in
high performing countries, when DIF magnitudes were large, and there were many DIF
items per module, especially for Stage 2 modules. For example, when 25% of items in
a module had large DIF in Stage 2 modules and Merit routing was used, we observed
RMSE results of 0.04 for DIF in low, and 0.05 for DIF in medium, and 0.02 for DIF in
high performing countries. Additionally, RMSE results suggested that the presence of
DIF items in the Stage 2 modules affected more the recovery results than in the Core or
Stage 1.
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Discussion

This paper addressed the implications of DIF in an MST design in ILSAs. Regard-
ing routing accuracy, our results showed that DIF propagated to later stages when
it occurred earlier in the test. When the Core module had DIF items, the accuracy
of routing test-takers from Stage 1 to Stage 2 was as severe as when DIF items were
present in Stage 1. This finding implies that subsequent routing errors occur and are
driven by early routing errors in the test. Moreover, the accuracy results for Merit
routing in the presence of DIF were higher than those for M+ PM and Random rout-
ing. The large differences in routing accuracy among Merit, M+ PM, and Random
routing indicated that misrouting decreases the routing accuracy of the same individ-
ual across conditions. Moreover, misrouting probabilities counterbalance the effect of
DIF amount and magnitude when M 4+ PM and Random routing was used.

Suboptimal routing mechanisms allowed for adaptive paths that did not originally
exist in the MST design (i.e., Core-High-Low and Core-Low-High). The creation of
these options arises from the 1-2—-3 MST design itself. On a 1-2—3 MST design such
as the one studied in this paper, suboptimal routing was observed in two different
ways, M+ PM and Random. These routing mechanisms imply different probabilities
from one stage to the next due to the number of modules in the next stage. Suppose
there are two modules in the next stage, as from Core to Stage 1, and random rout-
ing is implemented; then 50% of the population is assigned appropriately to the next
module, and 50% is assigned to the incorrect module, which is similar to a rotated
booklet design long implemented by ILSAs. Random routing from Stage 1 to Stage
2 is different because the misrouted population has two options rather than one. In
other words, 50% of participants get correctly routed, and 50% are incorrectly routed
randomly to either of the two remainder modules, one of which is not within an opti-
mal path. The new adaptive paths could also allow for correcting a previously mis-
routed individual in the Core to be correctly routed to a module that better fits the
test-taker proficiency in Stage 1.

Our findings suggest that the Merit routing mechanism had better recovery of
parameter estimates even when DIF was present. However, the exclusive use of Merit
routing in ILSAs increases the risk of item overexposure (Svetina et al., 2019) and
biased results due to low performing countries consistently routed to easier mod-
ules, and high performing countries routed to more difficult ones. As the reader
can observe, even Merit routing in the absence of DIF was not equal to zero bias or
RMSE. When probabilistic misrouting is implemented, M + PM showed better results
than Random routing. Our findings suggest that M + PM routing mechanisms should
continue to be implemented in ILSA’'s MST design based on the provided evidence
of proficiency recovery indicators. Importantly, this design offers some protection
against DIF. A previous application of M+ PM routing in MST was observed in the
probability matrix of classification and routing created for PISA 2018 (Yamamoto
et al., 2018). Test takers were classified based on their performance in the previous
module of the MST design, 90% of students classified as high or low performers were
correctly assigned to a module that suited their proficiency in the next stage of the
MST design, 10% would be incorrectly assigned; while 50% of students classified as
medium performers would get correctly routed and 50% would not. Svetina et al.
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(2019) suggested these types of M+ PM routing in ILSAs allowed for more control
over item exposure. Besides control over item exposure, Yamamoto et al. (2018) sup-
ported the argument of content balance. In this paper, we had all countries classified
based on a suboptimal routing strategy and based on Merit. The results of this paper
support the use of suboptimal routing strategies, particularly when 70% of the popu-
lation is correctly assigned to the next module, and 30% is incorrectly assigned to the
next module.

When DIF was present only for low performing countries in the MST design, we
observed two important findings. First, with larger DIF magnitudes and many DIF items
in the MST Stage 1 and 2 modules, worse proficiency recovery was observed, specifi-
cally when there was DIF in low and medium performing countries; better proficiency
recovery was observed when there was DIF in high performing countries. Suboptimal
routing, as well as, item difficulty and proficiency distribution mismatch, contribute to
these results. Additionally, the worse proficiency recovery for DIF in low or medium
countries and the better recovery for DIF in high performing countries could be due
in part to having a third of the participant DIF countries (e.g., all low performing coun-
tries) getting DIF items (in larger magnitudes and amounts and at later MST stages). The
item difficulty estimates for DIF in low and medium performing countries showed more
difficult items, and easier items for high performing countries, which in turn reflected
in better recovery for DIF in high performing countries. Second, when M 4 PM routing
was used, the MST produced results that minimized the impact of DIF. One explana-
tion could be the misrouting introduced by the M+ PM routing, which placed about
a third of the population of low performers into the next module based on probability
rather than performance, reducing the impact of DIF on routing. DIF in the Core mod-
ules showed propagation of accuracy routing into routing in later stages (i.e., Stage 1).
Still, the recovery of population proficiency for DIF in the Core remained close to the
baseline conditions. Given that ILSAs estimate at the population level, it is possible that
these estimates per condition did not capture the propagation of DIF in the Core into
later Stages.

Only PISA and PIAAC have implemented an MST design with suboptimal probabili-
ties. However, the most recent administrations of TIMSS and PIRLS have moved into
group adaptive testing design (GAT; Mullis & Martin, 2019). The adaptation procedure
in GAT follows the logic of longitudinal MST by assigning student groups to a test that
better suits their proficiency based on the results of a previous administration. For exam-
ple, PIRLS 2021 used the estimates of country proficiency from a previous assessment,
PIRLS’ 2016 results, to inform the routing for country populations. Then easier or more
difficult booklets were assigned in varying proportions to populations (70/30 for high
and low performing countries and 50/50 for medium performing countries). This study’s
proposed design could still be implemented in IEA’s ILSA studies within one administra-
tion and in combination with GAT. Furthermore, the implications found from this study
could serve inform future MST design practices.

One of the most critical limitations in the use of adaptive designs is the lack of a
sufficient number of items at the end of the proficiency distribution or, more specifi-
cally, a mismatch of item difficulty and the proficiency distribution for low-perform-
ing countries. The generated difficulty parameters only extended from — 0.26 to 2.16,
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while proficiency distribution for the lowest country had a mean and standard devia-
tion of — 1.32 and 0.86, respectively. Almost 90% of students in the lowest performing
country will fail to respond correctly to most items in the Core module and will get an
easier module based on their Merit, which in turn results in a more accurate estimate
of their proficiency. However, given that questions in the easier module are still too
difficult for these students, there is little benefit that could be gained from adaptive
testing, because we are unable to get enough test information to route the students in
the correct direction. The lack of sufficiently easy and difficult items in TIMSS design,
as reflected in our results, shows that to fully take advantage of adaptive testing in
ILSAs, extending the pool of items with difficulties at the ends of the proficiency con-
tinuum will be necessary for low and high performing countries. While not in the
context of adaptive testing, Rutkowski et al. (2019) warned the mismatch of item dif-
ficulty and proficiency distributions could result in either ceiling or flooring effects.
We recommend that test designers include a larger pool of items with difficulties that
match the ends of the continuum to fully benefit from the use of adaptive testing in
ILSAs.

This study aimed to understand the effects of DIF in an MST design in the context
of ILSAs. Based on the results of this simulation study, we found that even when more
items with large DIF were present, misrouting inaccuracy rates were small and the
proficiency recovery parameters were less affected when the MST design followed a
suboptimal routing mechanism, particularly for low and high performing countries.
This study only looked at uniform DIF in a 2-PL IRT model; future research on non-
uniform DIF and the use of polytomous items could be important, particularly for
the estimation of the background questionnaire constructs in ILSAs. Moreover, a
one-panel design was implemented in this simulation design to avoid confounding
findings from DIF effects in routing. Future research could address a multiple-panel
design like the ones used in PISA’s MST implementation (Yamamoto et al., 2018) to
see if these results remain the same. The mismatch of the population distribution
and the item difficulty was a limitation of this analysis, but a portrait of TIMSS 2015
Mathematics results. Even though the selected TIMSS 2015 items do not encom-
pass the whole TIMSS 2015 Mathematics pool, the sample of items still represents
that pool of items and the proportions of items with the difficulties studied. Future
research in this area should analyze the potential of an adaptive design with subop-
timal routing when the mismatch of proficiency distributions and item parameters
does not exist, particularly affecting the extremes of the proficiency continuum.
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