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Text S1. Identification Constraints for Measurement Invariance in Bifactor Models with Ordinal Indicators
This section provides a detailed account of the identification challenges encountered when testing measurement invariance in bifactor models with ordinal (categorical) indicators. The discussion follows the framework of Wu and Estabrook (2016) (42) and complements the summary provided in the main text.
The Identification Problem
Measurement invariance was evaluated following the identification scheme and ordering of constraints proposed by Wu and Estabrook (2016) (42) for categorical indicators. Under this framework, the sequence of constraints is: (1) configural (same factor structure across groups), (2) thresholds (equal item thresholds), (3) metric (equal factor loadings), (4) scalar (equal latent response intercepts, which in practice combines thresholds and loadings), and (5) strict (equal residual variances). In this ordinal framework, scalar invariance refers to imposing additional equality constraints on the intercepts of the latent response variables, beyond thresholds and loadings. All tests were conducted under the theta parameterization, which fixes the total residual variance of each item to 1.0 in the reference group and allows it to be freely estimated in the comparison group at the strict level.
In standard CFA models (e.g., unidimensional or correlated-factors specifications), each item loads on a single factor. This means that once the thresholds and loadings are constrained to equality, at least one item per factor serves as a pure anchor, providing sufficient constraints to identify the factor mean in the comparison group when it is freed. In bifactor models, however, every item simultaneously loads on the general factor and on one specific factor (i.e., there are no pure items). When the means of both the general and specific factors need to be freed in the comparison group (as required for scalar invariance), the model becomes under-identified because there is no pure indicator to anchor the scale of each factor independently.
The Anchor-Item Solution
To address this identification problem without altering the substantive meaning of the model, a minimal modification was adopted based on marker-item selection methodologies (44,45). The procedure consists of selecting a single item whose specific-factor loading is set to zero, thereby converting it into a de facto pure indicator of the general factor. This item then serves as the anchor for identifying the general factor mean in the comparison group when all intercepts/thresholds are constrained to equality.
The selection of the anchor item followed three criteria:
(a) Lowest specific-factor loading. The item with the smallest loading on its specific factor is the most natural candidate, because setting its specific loading to zero introduces minimal distortion to the model. In the present study, the bifactor solution (M3) yielded the following specific-factor loadings for the H/I items: YEPS2 (λspec = 0.18), YEPS5 (λspec = 0.06), YEPS7 (λspec = 0.43), and YEPS9 (λspec = 0.53). Item 5 had the lowest specific loading (0.06), making it the optimal candidate within H/I. For comparison, in C/O, the lowest specific loading was for item 4 (λspec = 0.05). Because the identification challenge pertains to freeing the general-factor mean under scalar constraints, a single anchor item is sufficient for the invariance sequence implemented here.
(b) High general-factor loading. The anchor should clearly represent the general construct. Item 5 (“I talk a lot and interrupt others when they are talking”) had a general-factor loading of 0.79, among the highest in the scale. This ensures that the anchor functions as a reliable indicator of overall externalizing problems.
(c) Broad applicability across groups. The anchor item was also selected based on content review, prioritizing behaviors likely to be observable across sex and ethnolinguistic contexts. Item 5 describes interrupting others while talking, a generic classroom-relevant behavior judged unlikely to disproportionately reflect subgroup-specific norms.
Model Equivalence Check
The re-parameterized bifactor model (M4, Bifactor-[S·I–1]) was compared to the unrestricted bifactor (M3) to verify that fixing item 5’s specific loading to zero did not substantively alter the model. In the CFA framework, M4 showed negligible differences relative to M3 (Δχ² = 1.72, p = .189; ΔCFI < 0.001, ΔRMSEA < 0.001). In the MIRT/GRM framework, the comparison also yielded minimal practical decline (ΔCFI = 0.003, ΔRMSEA = 0.007). These results confirm that M4 is a statistically and practically equivalent re-expression of M3, justifying its use for invariance testing.
Factor Mean Estimation Under Invariance Constraints
With item 5 serving as the anchor, the invariance testing proceeded as follows. At the configural and threshold levels, all factor means in both groups were fixed at zero. At the metric level, factor loadings were additionally equated. At the scalar level, with both thresholds and loadings constrained, the general factor mean in the comparison group was freed (anchored by item 5’s invariant parameters), whereas specific-factor means were kept fixed at zero to maintain identification and because these factors primarily capture residual domain-specific variance after accounting for the general factor.


Text S2. Invariance Decision Criteria and RMSEA_D Computation
Given the well-documented sensitivity of the chi-square difference test (Δχ²) in large samples and in models with many constraints, particularly bifactor specifications, decisions regarding measurement invariance were not based on Δχ² (45). Instead, evidence for invariance relied on a combination of change-in-fit criteria and a dedicated index for nested model comparisons.
Change-in-Fit Criteria
The primary criteria used cutoffs appropriate for categorical data (Chen, 2007; Sass et al., 2014; Svetina et al., 2020): ΔCFI ≤ .010 and ΔRMSEA ≤ .015 between successive invariance levels. These were supplemented by ΔSRMR ≤ .005 for metric invariance and ΔSRMR ≤ .010 for scalar invariance. Invariance was considered tenable when changes in fit indices fell within these bounds.
RMSEA_D for Nested Differences
In addition, we computed the RMSEA for nested differences (RMSEA_D; 49,50), which summarizes the incremental misfit attributable to added constraints. Unlike ΔRMSEA, which is the arithmetic difference between RMSEA values of successive models and can be confounded by changes in degrees of freedom, RMSEA_D is computed from the chi-square difference and the difference in degrees of freedom between nested models.
A 90% confidence interval was constructed around each estimate. Invariance was considered supported when the RMSEA_D point estimate was small and the upper bound of the 90% CI did not exceed .10: a conservative criterion given the relatively low degrees of freedom involved in each step (49,50).


Text S3. Auxiliary bifactor indices and omega coefficients
This section reports the auxiliary indices used to interpret the bifactor solution and the omega-based reliability estimates for the general and specific factors. We provide both model-level indices and factor-level indices. For the general factor, ωH is reported as the reliability of the total score attributable to the general factor. For the specific factors, ωHS (hierarchical omega for subscales) is reported to quantify reliable variance in each subscale after accounting for the general factor.
[bookmark: Xae0612414ae883cad324d1962e9d6cb7c5a01fe]Table S1. Bifactor auxiliary indices and omega coefficients
Panel A. Model-level indices (overall bifactor solution)
	Index
	Value

	ECV (general factor)
	0.869

	PUC
	0.533

	ω (total score)
	0.908

	ωH (general factor)
	0.877


Panel B. Factor-level indices
	Factor
	ECV_SS
	ECV_SG
	ECV_GS
	ω
	ωH (ωHS for subfactors)
	H
	FD

	C/O (PC_OD)
	0.08
	0.05
	0.92
	0.87
	0.004
	0.26
	0.68

	H/I (H_I_I)
	0.21
	0.08
	0.79
	0.79
	0.115
	0.40
	0.72

	General (YEPS)
	0.87
	0.87
	0.87
	0.91
	0.877
	0.93
	0.96


Notes. ECV_SS reflects variance attributable to the specific factor, ECV_SG and ECV_GS summarize shared variance patterns in the bifactor decomposition, and ωH for the two subfactors corresponds to ωHS, the reliability of the subscale net of the general factor.
[bookmark: table-s2.-item-level-iecv-values]Table S2. Item-level IECV values
	Item
	IECV

	YEPS1
	0.85

	YEPS2
	0.94

	YEPS3
	0.97

	YEPS4
	0.99

	YEPS5
	0.99

	YEPS6
	0.90

	YEPS7
	0.66

	YEPS8
	0.82

	YEPS9
	0.56

	YEPS10
	0.98


Most items showed high IECV values, while items 7 and 9 displayed comparatively lower IECV, indicating relatively greater specific-factor contribution for those indicators within the bifactor decomposition.


Text S4. Differential item functioning analysis across ethnolinguistic groups
This section reports complementary differential item functioning (DIF) analyses conducted across ethnolinguistic groups (Spanish speakers vs. Quechua speakers; focal group: Quechua speakers) to further characterize the lack of strict invariance. The primary analysis employed the bifactor all-others-as-anchors (AOAA) strategy with likelihood-ratio tests and Benjamini–Hochberg (BH) correction; DIF magnitude was quantified via differential response functioning (DRF) indices. Sensitivity analyses using a unidimensional AOAA model and polytomous logistic regression (difR) are also reported. Detailed methodological descriptions are provided in the main text.
Table S3
Bifactor AOAA DIF Decisions and DRF Magnitude (Spanish Speakers vs. Quechua Speakers; Focal Group: Quechua Speakers)
	Item
	AOAA BH-adj p
	Flagged
	sDIF
	p (sDIF)
	uDIF
	p (uDIF)
	dDIF
	95% CI (dDIF)

	YEPS1
	.219
	No
	—
	—
	—
	—
	—
	—

	YEPS2
	.002
	Yes
	−0.164
	.014
	0.164
	.003
	0.183
	[0.079, 0.387]

	YEPS3
	< .001
	Yes
	−0.045
	.507
	0.289
	< .001
	0.393
	[0.108, 0.582]

	YEPS4
	< .001
	Yes
	0.109
	.141
	0.202
	.006
	0.289
	[0.123, 0.500]

	YEPS5
	.008
	Yes
	0.091
	.193
	0.091
	.206
	0.115
	[0.047, 0.299]

	YEPS6
	< .001
	Yes
	0.093
	.216
	0.097
	.287
	0.110
	[0.065, 0.336]

	YEPS7
	.037
	Yes
	−0.127
	.058
	0.349
	< .001
	0.444
	[0.274, 0.647]

	YEPS8
	.023
	Yes
	0.078
	.326
	0.078
	.425
	0.104
	[0.050, 0.365]

	YEPS9
	< .001
	Yes
	−0.316
	.001
	0.321
	.002
	0.376
	[0.270, 1.123]

	YEPS10
	< .001
	Yes
	0.087
	.198
	0.253
	< .001
	0.348
	[0.189, 0.536]

	Test
	
	
	sDRF = −0.195
	.694
	uDRF = 0.455
	.128
	
	


Note. YEPS1 served as the anchor item; DRF indices are not computed for anchor items. The AOAA combined step corresponds to the iterative add-or-drop decision table with BH correction. sDIF = signed DIF; uDIF = unsigned DIF; dDIF = root-mean-square DIF effect size. Bootstrap confidence intervals (CIs) are based on 40 parametric draws; wider intervals for some items (e.g., YEPS9) may reflect sampling variability in the multidimensional quadrature. sDRF and uDRF = signed and unsigned differential response functioning at the test level. — = not applicable.


Table S4
Convergence of DIF Flagging Across Methods (BH-Adjusted)
	Item
	Bifactor AOAA
	Unidim. AOAA
	difR logistic
	difR ΔR²
	Methods agreeing

	YEPS1
	No
	No
	No
	< .001
	0

	YEPS2
	Yes
	Yes
	Yes
	.005
	3

	YEPS3
	Yes
	Yes
	No
	.001
	2

	YEPS4
	Yes
	Yes
	No
	< .001
	2

	YEPS5
	Yes
	Yes
	No
	< .001
	2

	YEPS6
	Yes
	Yes
	No
	< .001
	2

	YEPS7
	Yes
	Yes
	Yes
	.005
	3

	YEPS8
	Yes
	Yes
	No
	< .001
	2

	YEPS9
	Yes
	Yes
	Yes
	.015
	3

	YEPS10
	Yes
	Yes
	No
	< .001
	2


Note. “Yes” indicates BH-adjusted p < .05. difR ΔR² = Nagelkerke’s R² change from polytomous logistic regression; all values are classified as negligible (“A”) under both Zumbo–Thomas (threshold: .13) and Jodoin–Gierl (threshold: .035) criteria. lordif flagged all 10 items using the chi-square criterion without effect size filtering; because this result does not discriminate among items, it is not included in the convergence count. Methods agreeing = number of the three reported methods flagging the item.

