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ABSTRACT

Comparisons of psychological scores across groups, cultures, languages or occasions
are interpretable only if the instrument measures the same construct in the same way
in each. This note reviews measurement invariance as formulated in the confirmatory
factor analytic (CFA) tradition and differential item functioning (DIF) as formulated in
the item response theory (IRT) tradition, and sets out how the two can be combined in
one staged workflow. It defines configural, metric, scalar (threshold) and strict
invariance, explains why the level required depends on the intended comparison, and
summarises current guidance on fit criteria, ordinal indicators, partial invariance,
approximate invariance, alignment and Bayesian methods. It then describes the
mathematical correspondence between ordinal CFA and the graded response model,
and argues that the two traditions share a common model family and differ mainly in
parameterisation, testing strategy and emphasis. lllustrative computations based on
hypothetical item parameters show how uniform and non-uniform DIF alter item
response functions, and how group-specific test information and conditional standard
errors can reveal differences in precision that invariance tests alone do not. A seven-
stage workflow, a table of common pitfalls and a reporting checklist are proposed. The
workflow is a synthesis and has not been validated empirically; priorities for simulation
and applied research are identified.

Keywords: measurement invariance, factorial invariance, confirmatory factor analysis, item
response theory, differential item functioning, partial invariance, ordinal indicators, cross-cultural
measurement, psychometrics

1. Introduction

Psychological research routinely compares groups: men and women, adolescents and
adults, clinical and non-clinical samples, speakers of different languages, residents of
different countries, or the same respondents before and after an intervention. Every
such comparison carries an assumption that the instrument measures the construct
equivalently in each group. If it does not, an observed difference may reflect how the
scale operates rather than how much of the construct respondents possess.

Measurement invariance is the property that justifies this assumption. Formally, it holds
when the distribution of observed responses given the latent variable does not depend
on group membership, that is, f(X | n, G) = f(X | n) (Mellenbergh, 1989; Meredith, 1993;
Millsap, 2011). Two methodological traditions have developed procedures for examining
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it. The first, rooted in multigroup factor analysis (Jéreskog, 1971; Sérbom, 1974), tests
whether loadings, intercepts or thresholds and residual variances can be constrained
equal across groups. The second, rooted in item response theory, asks whether item
response functions differ across groups at the same level of the latent trait, a property
usually labelled differential item functioning (Holland & Wainer, 1993; Mellenbergh,
1989; Oyedele, Oladunmoye, Obi & Nakalema, 2025).

The two literatures have grown partly in parallel. Early comparisons argued that they
offer complementary evidence (Reise et al., 1993), and later work examined how far
their conclusions agree and how they might be combined (Meade & Lautenschlager,
2004; Raju et al., 2002; Stark et al., 2006). In applied work, researchers often run one
procedure, sometimes both, and are then unsure how to reconcile a significant drop in
model fit with a handful of flagged items. This note addresses that gap.

The note has three aims. The first is to summarise the CFA hierarchy of invariance and
current guidance for evaluating it, including the treatment of ordinal indicators and the
use of partial and approximate invariance. The second is to set out precisely how CFA
and IRT parameters relate, and where the correspondence breaks down. The third is to
propose a workflow that extends conventional invariance testing to group-specific
measurement  precision and targeting, together with practical reporting
recommendations. The note is conceptual and integrative. It does not report an
empirical study, and its figures use hypothetical parameters for illustration.

2. Approach and Scope

The note is a narrative methodological synthesis. Sources were selected for their
foundational status in the invariance and DIF literatures, for their role in shaping
current reporting guidance, or for direct evidence from simulation studies and reviews
of practice. The selection was purposive and is not a systematic review, so no claim is
made that the literature is covered exhaustively. Where a source is cited for a specific
numerical criterion, the conditions under which it was derived are stated, because
several widely used cut-offs were obtained under restricted simulation conditions.

The illustrative computations in Section 6 and Section 7 use a hypothetical six-item
scale with five ordered response categories, calibrated with the graded response model
(Samejima, 1969). Parameters are listed in Appendix A. Group A is the reference group
and Group B the focal group. Item 2 carries a uniform DIF effect (all four thresholds
shifted by 0.70 logits) and Item 3 a non-uniform DIF effect (discrimination reduced from
1.30 to 0.70). Latent traits are distributed N(O, 1) in Group A and N(—0.4, 1) in Group B.
All quantities were computed analytically in Python (NumPy, Matplotlib). No empirical
data were analysed, and the values should be read as demonstrations, not estimates.

3. Conceptual Foundations

3.1 Why invariance matters for score comparison

Consider a one-factor model for item i in group g:

Xig = Tig + Aig ng + €ig (1)

where T is the item intercept, A the factor loading, n the latent variable with mean kg in
group g, and € a residual with variance 8ig. The expected item score in group g is Tig +
Aig Kg, so the observed difference between two groups is

E(XiA) — E(XiB) = (TiA — TiB) + AiA KA — AiB kB (2)

If loadings and intercepts are equal across groups, the right-hand side reduces to Ai(KA
— KB) and the observed difference reflects only the latent mean difference. If they are
not, differences in intercepts and loadings enter the observed difference and cannot be
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separated from the construct difference without further modelling. This is the practical
reason for testing invariance before interpreting group differences (Borsboom, 2006;
Millsap, 2011; Vandenberg & Lance, 2000; Oladunmoye, Agbor, Olabisi, & Oyadeyi,
2024).

3.2 Historical development

Joreskog (1971) introduced simultaneous factor analysis in several populations, and
Sérbom (1974) extended it to group differences in latent means. Meredith (1993)
provided the formal definitions of weak, strong and strict factorial invariance and linked
them to measurement bias and selection. The labels configural and metric invariance
were popularised by Horn and McArdle (1992), and Vandenberg and Lance (2000)
consolidated the sequential testing strategy that dominates applied work. Widaman
and Reise (1997) discussed the hierarchy from a substantive viewpoint, and Putnick
and Bornstein (2016) documented how the framework is used and reported in
psychological research.

3.3 The four conventional levels

Table 1 summarises the hierarchy. Each level adds equality constraints to the previous
one. Configural invariance requires the same pattern of fixed and free parameters, that
is, the same items defining the same factors, without requiring equal values. Metric
invariance adds equal loadings, which supports comparisons of factor variances,
covariances and structural relations. Scalar invariance adds equal intercepts
(thresholds for ordinal indicators) and supports latent mean comparison. Strict
invariance adds equal residual variances (Oladunmoye, Enamudu, & Sa'ad, 2024).

Table 1. The conventional hierarchy of factorial invariance

Level Added constraint Question addressed Comparisons
supported
Configural Same pattern of free Do the same items Qualitative equivalence
and fixed parameters define the same factors?  of structure; no
numerical comparison
Metric (weak) AiA=AIB Do items relate to the Factor variances,
construct with equal covariances, regression
strength? paths
Scalar (strong) TiA = T iB (thresholds Do groups share the Latent means;
for ordinal items) same item origins? interpretable item-level
mean differences
Strict 0iA=0iB Is unique variance Observed-score
equal? variances, reliabilities,

composite comparisons

Strict invariance is not a prerequisite for latent mean comparison (Putnick & Bornstein,
2016; Widaman & Reise, 1997). It becomes relevant when observed-score variances,
reliabilities or prediction of observed scores are to be compared (Meredith, 1993;
Millsap, 2007). The level required therefore depends on the research question, the type
of comparison and the consequences of the interpretation, and testing every level
mechanically is not good practice. Invariance is also better regarded as a matter of
degree, supported for particular items, parameters, groups and purposes, than as a
single yes or no property of a scale.

4. Evaluating Invariance in the CFA Framework

4.1 Nested model comparison and fit criteria
Invariance is usually evaluated by comparing nested models. The chi-square difference
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test is sensitive to sample size and can flag trivial differences in large samples, which
led Cheung and Rensvold (2002) to propose changes in approximate fit indices, with a
decrease in CFl of more than .01 suggesting non-invariance. Chen (2007) examined
CFI, RMSEA and SRMR and proposed combined rules, for example a CFl decrease
of .010 supplemented by an RMSEA increase of .015 or an SRMR increase of .030 for
loadings and .015 for intercepts, for samples that were equal in size and larger than
300 per group. Meade et al. (2008) found that approximate indices are less sensitive to
sample size than chi-square and more sensitive to non-invariance, and argued for
criteria that depend on the study conditions.

These thresholds were derived under specific simulation conditions, typically
continuous indicators, maximum likelihood estimation and two groups, and they do not
transfer automatically to ordinal estimators, unequal group sizes or many groups.
Rutkowski and Svetina (2014) showed that, with many groups, more lenient criteria for
metric invariance can be appropriate. The cut-offs are best treated as heuristics,
supplemented by inspection of the parameters that change and by effect-size
measures of the practical impact of non-invariance on scores (Millsap & Olivera-Aguilar,
2012; Nye & Drasgow, 2011; Oladunmoye & Muhammad, 2024; Oladunmoye, 2015),
and by a check on whether substantive conclusions change when constraints are
released.

4.2 Ordinal indicators

Likert-type items are ordinal. Treating them as continuous can be acceptable for some
purposes when there are five or more categories and distributions are not strongly
skewed (Rhemtulla et al., 2012), but it can distort multigroup comparisons because
intercepts and loadings of continuous models are not well defined for discrete
responses (Lubke & Muthén, 2004). The recommended alternative is a categorical
estimator, such as robust diagonally weighted least squares (Li, 2016; Muthén, 1984),
with an invariance sequence that targets thresholds (Millsap & Yun-Tein, 2004). Two
cautions apply. First, the identification of ordinal multigroup models depends on scaling
constraints, so the continuous-data sequence cannot be transferred mechanically; for
binary items loadings and thresholds must be constrained together, and for polytomous
items the order of constraints matters (Millsap & Yun-Tein, 2004; Wu & Estabrook,
2016). Second, the power of invariance tests with dichotomous indicators and weighted
least squares estimation can be low (French & Finch, 2006), which argues for adequate
group sizes and for reporting the information available to detect differences.

5. Partial and Approximate Invariance

When full invariance fails, partial invariance allows the offending parameters to be
freely estimated while the rest remain constrained (Byrne et al., 1989). The justification
is that latent means and variances remain identified and interpretable as long as
enough invariant indicators anchor the metric. Steenkamp and Baumgartner (1998)
suggested that at least two indicators per factor, in addition to the scaling indicator,
should retain invariant loadings and intercepts. Millsap and Kwok (2004) showed that
the consequences of partial invariance for selection decisions depend on the pattern
and size of the non-invariance, so that the question is not only whether a model fits but
also what the remaining differences do to the intended use of the scores.

The main danger is capitalisation on chance. Model modifications guided purely by
modification indices tend to produce sample-specific solutions (MacCallum et al., 1992),
and data-driven specification searches for non-invariant parameters can fail to recover
the true pattern (Yoon & Millsap, 2007). A modification index is not a theoretical
justification. Freed parameters should be supported by item content, translation review
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or prior evidence, reported in full, and evaluated for their effect on conclusions, ideally
in a second sample.

Exact equality is sometimes too strict for large numbers of groups, such as countries or
language communities. Bayesian approximate invariance replaces exact equality with
small-variance priors on parameter differences (Muthén & Asparouhov, 2012; van de
Schoot et al., 2013; Cieciuch et al., 2014). The alignment method estimates group-
specific factor means and variances so that non-invariance is minimised and
concentrated in a few parameters (Asparouhov & Muthén, 2014; Muthén & Asparouhov,
2018), and extensions address situations in which scalar invariance fails (Marsh et al.,
2018). These methods are tools for estimating latent means under approximate
invariance, not evidence that invariance holds. They work best when only a modest
proportion of parameters is non-invariant, and simulation checks on the alignment
solution are advisable (Muthén & Asparouhov, 2018).

6. The IRT Perspective and Its Relation to CFA

6.1 Item response functions and DIF

In IRT, invariance means that the probability of each response category is the same for
respondents with the same latent trait, whatever their group: P(Xi = k | 8, G) = P(Xi = k
| ©). For ordered responses, the graded response model gives cumulative category
probabilities (Samejima, 1969):

Pxik(B) = 1/ (1 + exp[—ai(® — bik)]) (3)

where ai is the discrimination and bik the location of the kth threshold, with Pik = Pxik
— Pxi,k+1. Group differences in the b parameters correspond to uniform DIF, and
differences in a to non-uniform DIF (Mellenbergh, 1989). Figure 1 illustrates both for the
hypothetical items in Appendix A.

(a) Uniform DIF (location shift) (b) Non-uniform DIF (discrimination)

= Group A (reference)
= = Group B (focal)

Expected item score (0 to 4)
N
1

Latent trait 6 Latent trait 6

Figure 1. Expected item score as a function of the latent trait for a reference group (A)
and a focal group (B). (a) Uniform DIF: all thresholds of Item 2 are shifted by 0.70 in
Group B, so respondents of equal trait level obtain lower expected scores. (b) Non-
uniform DIF: discrimination of Item 3 falls from 1.30 to 0.70 in Group B, so the curves
cross and the group difference depends on trait level. Hypothetical parameters.

Procedures for detecting DIF include IRT likelihood-ratio tests of constrained and free
parameters (Thissen et al., 1993), logistic regression (Swaminathan & Rogers, 1990)
and moderated nonlinear factor analysis, which accommodates continuous covariates
and several grouping variables at once (Bauer, 2017). Zumbo (2007) reviews the
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development of these methods. Results depend on the choice of anchor items, for
which empirical selection procedures exist (Woods, 2009), and a statistically significant
item should be accompanied by an effect size at item and test level (Chalmers et al.,
2016; Meade, 2010) so that the practical impact on scores can be judged.

6.2 How CFA and IRT parameters correspond

For ordinal indicators, CFA assumes a latent response variable X*i = Ain + €i that is cut
into categories by thresholds tik. With a probit link, P(Xi = k | n) = ®[(Ain — Tik) / V6il,
which is a normal-ogive graded response model with

ai = Ai /V8i, bik = tik / Ai (4)

When the Ilatent response variable is standardised, 6i = 1 — Ai2, and logistic
discrimination is approximately 1.702 times the normal-ogive value (Embretson &
Reise, 2000). This equivalence between the factor analysis of discretised variables and
IRT is well established (Kamata & Bauer, 2008; McDonald, 1999; Takane & de Leeuw,
1987; Wirth & Edwards, 2007; Oladunmoye, 2026a). Table 2 summarises the
correspondence, and Figure 2 shows why parameters cannot be compared at face
value.

Table 2. Correspondence between ordinal CFA and the graded response model

Concept Ordinal CFA Graded response Caution
model
Item-trait relation Loading A'i Discriminationai=Ai/ Non-linear; depends on
Vi residual variance and
link
Iltem location Threshold T ik Location b ik = Tik /A Same threshold gives
different b at different
loadings
Unique variance Residual or scale factor Absorbed into a i No separate strict-
invariance step in IRT
Scale identification Marker item, reference Reference-group 6 ~ Identification choices
group, effects coding N(O, 1), anchors alter parameter values
Typical output Global and incremental Item-level tests, Global fit can mask
fit information, DIF effect item-level DIF
sizes
(a) Loading to discrimination (b) Threshold to location
= Normal ogive 59\ - 7=0.5
S isti - \
o8 9595 R e 12°%0.73 \ —-= 1=10
© < 4 - \
=] L \
g 0.5 to 0.6: change in a Il
© Q
£ =
g S
& =
2 g
A —
0 T T T T T T T T
0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8
Standardised loading A Standardised loading A

Figure 2. Relationship between CFA parameters and graded response model
parameters under a standardised latent response variable. (a) The same difference in
loading implies a much larger difference in discrimination when loadings are high. (b) A
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given threshold implies different item locations depending on the loading. Hypothetical
values.

Two consequences follow. Equal loadings do not imply equal discrimination unless
residual variances are also equal, and equal discrimination does not imply equal
loadings. Moreover, because the relationship is non-linear, a small and unremarkable
difference in loadings for a highly discriminating item can correspond to a large
difference in the item response function.

6.3 What the comparative literature suggests

If ordinal CFA and the graded response model are the same model family, why do the
procedures sometimes disagree? Several reasons are plausible: limited-information and
full-information estimation, different identification and anchoring conventions, a global
test in one tradition and item-level tests in the other, and different criteria for deciding
that a difference matters. When CFA treats ordinal data as continuous, the models
genuinely differ and misspecification may contribute. Reise et al. (1993) presented the
two approaches as complementary, and Raju et al. (2002) compared the definitions of
equivalence in each. Meade and Lautenschlager (2004) reported that the two
methodologies did not lead to equivalent conclusions in all simulated conditions, and
Stark et al. (2006) proposed a unified strategy based on nested model comparisons
within either framework. The agreement or disagreement of the methods in applied
settings, and in particular whether partial CFA invariance corresponds to localised IRT
DIF, remains an empirical question that is returned to in Section 10.

7. An Integrated CFA and IRT Workflow

Figure 3 presents a staged workflow that organises the preceding material. It is a
synthesis of existing procedures and a proposal for practice, not an empirically
validated algorithm.

4. Locate non-

1. Construct, groups 2. Dimensionality 3. Multigroup CFA: S ———
and intended —> within and across —> configural, metric, »> piepy ro>’(iII)nate
comparison groups (EFA/CFA) scalar/threshold pp
models
T 7. Decision, 6. Group-specific 5. IRT calibration
. oo, in o -« reporting and «— information, CSEM <+ and DIF; effect
independent sample Sl 5 5 .
sensitivity analysis and targeting sizes; DTF
A Iy
I |
| |
| |
v v

Substantive review of flagged items (steps 4 to 6): content, translation,
response processes and cultural interpretation

Figure 3. Proposed workflow combining multigroup CFA invariance testing, IRT-based
DIF analysis, precision and targeting comparisons, and substantive review.

Stage 1: construct, groups and intended comparison. The construct, the groups and the
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comparison planned (means, relationships, change) determine the level of invariance
that matters. Sample size per group and the amount of missing data should be
considered at this stage.

Stage 2: dimensionality. Dimensionality is established within each group and jointly
using exploratory and confirmatory methods, with bifactor or multidimensional models
where justified. Unmodelled multidimensionality can generate apparent DIF (Ackerman,
1992) and so should be addressed before invariance conclusions are drawn.

Stage 3: multigroup CFA. Configural, metric and scalar or threshold models are
estimated with an estimator suited to the data, and strict invariance only where the
research question requires it. The identification strategy and fit criteria are specified in
advance.

Stage 4: locating non-invariance. Non-invariant parameters are identified, their content
examined, and partial or approximate models estimated where defensible. Sensitivity
analyses compare substantive conclusions with and without freed parameters.

Stage 5: IRT calibration and DIF. An appropriate IRT model, for example the graded
response model or generalised partial credit model (Muraki, 1992), is calibrated, DIF is
tested with justified anchors, and effect sizes are computed. Results are compared with
Stage 4 and any discrepancy is explained in terms of estimation, anchoring or criteria.
Stage 6: precision and targeting. Group-specific item and test information, conditional
standard errors and the match between items and each group's trait distribution are
compared (Section 7.1).

Stage 7: decision, reporting and replication. The report states which comparisons are
supported, for which groups and items, and with what caveats. Replication in an
independent sample is recommended for any solution that relied on post hoc
modifications.

7.1 Measurement precision across groups

Invariance of structure and parameters does not guarantee that groups are measured
with comparable precision. For the graded response model, item information is li(6) =
2k [Pik(B©)]? / Pik(B), test information is the sum across items, and the conditional
standard error of measurement is

CSEM(B) = 1/ VIT(B) (5)

Differences in test information between groups, IT,A(6) — IT,B(0), are a descriptive
diagnostic and not a universal fairness statistic. Figure 4 shows the computed functions
for the hypothetical scale. DIF in Items 2 and 3 reduces information for Group B, mostly
at lower trait levels. The peak information is 4.28 for Group A and 3.91 for Group B, and
at 8 = =2 information falls from 2.96 to 2.39, so the conditional standard error rises
from 0.58 to 0.65. Group B is also centred lower on the trait, so that the scale is
somewhat less well targeted for it. Marginal reliability computed from these functions is
about .80 for Group A and .77 for Group B, a modest difference that nonetheless
conceals larger differences at specific trait levels. For screening or selection near a cut
score, the conditional values are the relevant ones (Oladunmoye, 2026b).
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(a) Test information (b) Conditional SE (c) Latent distributions
2 -

= Group A
== Group B

Test information /(6)
N
1

Figure 4. Group-specific (a) test information, (b) conditional standard error of
measurement with a reference line at 0.45, corresponding to a reliability of .80 for a
unit-variance trait, and (c) latent trait distributions. Computed from the hypothetical
parameters in Appendix A.

Reliability coefficients should not be mistaken for evidence of invariance. Coefficients
such as alpha or omega of .85 and .84 in two groups are compatible with different
factor structures, loadings, thresholds or DIF patterns, because they summarise
internal consistency under assumptions that are separate from cross-group equivalence
(McDonald, 1999; Sijtsma, 2009).

8. Applications in Cross-Cultural and Longitudinal
Research

8.1 Cross-cultural and multilingual measurement

Cross-cultural comparison adds sources of non-equivalence that statistical models
cannot detect on their own. Van de Vijver and Tanzer (2004) distinguish construct,
method and item bias, and Davidov et al. (2014) and Byrne and van de Vijver (2010)
discuss how non-invariance should be handled in large cross-national datasets.
Consider a resilience scale administered in Uganda, Kenya, Nigeria and South Africa.
Configural invariance asks whether the same dimensions emerge, for example whether
social support belongs to the same factor in all four settings. Metric and scalar
questions follow, and with several countries, alignment or approximate invariance may
be more workable than exact equality. Within a country, language can be the grouping
variable, for example English, Luganda and Kiswahili versions, and DIF analysis can
then be applied to each pair of language versions.

Translation quality is a precondition and not a substitute for equivalence evidence.
Current guidance recommends committee-based adaptation, pretesting and cognitive
interviewing in addition to, rather than instead of, back-translation (Beaton et al., 2000;
Brislin, 1970; International Test Commission, 2017; Willis, 2005). Response styles such
as acquiescence and extreme responding can also masquerade as non-invariance
(Cheung & Rensvold, 2000). A well-translated scale can still show non-invariance, and
statistical invariance does not prove conceptual equivalence, so quantitative evidence
should be combined with qualitative and cultural review.

8.2 Longitudinal invariance and response shift

Measurement invariance across occasions is needed to interpret change. The
longitudinal models require correlated residuals for the same item across time and a
sequence of constraints parallel to the multigroup case (Widaman et al., 2010), with
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adaptations for ordinal indicators (Liu et al.,, 2017). In intervention research,
respondents may reconceptualise the construct after treatment, a phenomenon known
as response shift (Sprangers & Schwartz, 1999), and structural equation approaches
can help to separate response shift from true change (Oort, 2005). Item-level IRT
analyses across time can show whether a particular item changed in discrimination or
location.

8.3 Structural comparisons

Comparisons of structural relations across groups, such as the path from one latent
variable to another, require at least metric invariance, and comparisons of latent
means require scalar invariance. A claim that gender moderates a relationship is
therefore ambiguous unless the measurement of both variables is comparable across
gender. The sequence is measurement model, then invariance, then group comparison,
not the reverse.

9. Common Pitfalls and Reporting Standards
Table 3. Common pitfalls and suggested remedies

Pitfall Why it matters Remedy

Observed differences mix

Comparing means before
testing invariance

Taking similar alpha or
omega as invariance

Requiring strict invariance by
default

Treating failure of full
invariance as total failure

Freeing parameters by
modification index alone

Equating loadings with IRT
discrimination

Ignoring ordinal thresholds

Ignoring precision

Treating invariance as a yes
or no label

construct and measurement
differences (Eq. 2)

Reliability is separate from
equivalence

Not needed for latent mean
comparison

Partial or approximate
models may support
comparison

Capitalisation on chance

Relationship depends on
residual variance and link

Distorted loadings and
intercepts

Equal structure does not
imply equal information

Hides item, parameter and
group detail

Establish the level required
for the comparison first

Test invariance explicitly

Match the level to the
research question

Examine pattern, size and
consequences

Require substantive
justification and replication

Use the transformations in
Eq. 4

Use categorical estimators
and threshold invariance

Compare TIF, CSEM and
targeting

Report groups, level, items
and intended comparison

Reporting of invariance analyses is often incomplete (Putnick & Bornstein, 2016). Table
4 lists elements that, taken together with the checklist of van de Schoot et al. (2012)
and the R workflows described by Fischer and Karl (2019), would allow readers to
evaluate and replicate an analysis.

Table 4. Minimum reporting checklist

Element Content to report

Construct and groups Theoretical definition, group definitions,

sample sizes, missing data handling
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Element Content to report

Measurement model Factor structure, estimator, identification
strategy, treatment of ordinal data

Invariance sequence Models tested, fit statistics, criteria used and
their source, and the rationale for stopping

Non-invariant parameters Which parameters, direction, size, and effect-
size indices

Partial or approximate models Constraints released, justification, sensitivity

of conclusions

IRT and DIF Model, anchors, test used, effect sizes,
treatment of multiple testing

Precision and targeting Group-specific information and CSEM, trait
distributions

Interpretation Comparisons supported and not supported,
and substantive and cultural evidence

Software and code Packages and versions, for example lavaan
(Rosseel, 2012), semTools (Jorgensen et al.,
2022), mirt (Chalmers, 2012)

10. Limitations and Directions for Research

This note has several limitations. It is a selective narrative synthesis, not a systematic
review. The illustrations rely on hypothetical parameters and show how quantities
behave, not how often procedures succeed. The workflow has not been validated, and
the note does not cover multidimensional DIF, mixture approaches or Bayesian IRT in
detail. The cut-offs cited are conditional on the simulation designs from which they
came.

Three lines of research follow from the synthesis. First, simulation studies should
manipulate loading and threshold differences, discrimination and location differences,
sample size, group imbalance, number of groups, dimensionality and DIF magnitude,
and compare the detection rates of CFA-based and IRT-based procedures under ordinal
estimation. Second, applied studies should analyse the same dataset with both
procedures, for example for instruments adapted into African languages, and examine
whether partial CFA invariance corresponds to localised DIF and whether culturally
informed item revision reduces DIF without reducing information. Third, workflows that
report group-specific information and targeting routinely, and software that supports
them, should be evaluated for their effect on the quality of reporting. Implementation
within the PsychtrixWeb platform is one such planned application.

11. Conclusion

Measurement invariance is a precondition for meaningful comparison, and no single
statistic establishes it. The CFA hierarchy and the IRT concept of DIF address related
questions in related model families, and their numerical parameters are linked by
transformations that depend on residual variance and link function. Differences
between the procedures are often attributable to estimation, identification and decision
criteria rather than to different constructs. Researchers who combine the two
perspectives, examine precision as well as structure, and tie the required level of
invariance to the intended comparison are better placed to defend their conclusions.
The question to ask is not whether a scale passes a test but whether the intended
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interpretation of its scores is defensible for the groups or occasions being compared. A
natural next step is the use of item information, targeting and invariance evidence in
computerised adaptive testing, where item selection is individualised.

Appendix A. Hypothetical Item Parameters Used in the
lllustrations

Graded response model, five categories. Group A is the reference group. Group B
parameters equal Group A parameters except where marked.

Item aA bl,b2,b3,b aB Group B
4 (Group A) thresholds
1 1.90 -1.8,-0.8,0.2, 1.90 Same
1.2
2 1.50 -1.5,-0.5,0.5, 1.50 -0.8,0.2,1.2,2.2
1.5 (uniform DIF)
3 1.30 -2.0, -1.0, 0.0, 0.70 Same (non-
1.0 uniform DIF)
4 1.70 -1.2,-0.3, 0.6, 1.70 Same
1.5
5 1.10 -1.6, —0.6, 0.4, 1.10 Same
1.4
6 1.50 -0.8,0.1,1.0,1.9 1.50 Same
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