Table S2
 Data extraction procedures and criteria applied to the included studies (n = 7)
	#
	Category
	Procedures and Criteria

	1
	Study characteristics
	Author(s), year of publication, sample size (n), age (mean ± SD or range), gender distribution, country (first author affiliation), and language of the adapted version of the Compassion Scale (CS).

	2
	Cross-cultural adaptation process of the CS
	Formal authorization from the original authors; forward translation; back-translation; review by a bilingual expert committee; and pilot/pre-test with the target population to assess comprehensibility of the adapted version, in accordance with International Test Commission guidelines (Hernández et al., 2020).

	3
	Structural validity evidence based on Confirmatory Factor Analysis (CFA)
	CFA results were assessed using the Weighted Least Squares Mean and Variance-Adjusted (WLSMV) or Diagonally Weighted Least Squares (DWLS) estimators, among others. Replication of the original four-factor model (Kindness, Common Humanity, Mindfulness, and Indifference) with correlated factors and the bifactor model — composed of a general compassion factor plus the four specific factors proposed by Pommier et al. (2019) — was tested. Although CFA enables comparison between multiple structural models, this review identified the model with the best fit, as reported by the included studies. Model adequacy was assessed by the following fit indices: Chi-square (χ²), Comparative Fit Index (CFI), Tucker–Lewis Index (TLI), Standardized Root Mean Square Residual (SRMR), and Root Mean Square Error of Approximation (RMSEA). The χ²/df ratio below 3.0 indicates good fit, whereas values above 5.0 suggest inadequate fit. CFI and TLI values should be ≥ 0.90, preferably close to 0.95. SRMR should be ≤ 0.08, and RMSEA ≤ 0.06, with the upper bound of the 90% confidence interval ≤ 0.10 (Widaman & Helm, 2023).

	4
	Structural validity evidence based on Exploratory Structural Equation Modeling (ESEM)
	ESEM findings were identified through CFA-based assessment grounded in the theoretical structure of the CS, assigning each factor of the scale to its corresponding construct (Kline, 2023). SEM advances validation by analyzing theoretical relationships between instrument items and the concepts defined by theory, providing evidence that supports the proposed structure (Verma & Verma, 2024). Two models were assessed: the four correlated-factor model and the bifactor model with a general compassion factor plus the four specific factors proposed by Pommier et al. (2019). When valid, both models indicate a parsimonious factor structure with no cross-loadings (Lambert & Newman, 2023). Model evaluation was based on fit indices and factor loading significance. The most frequently reported indices are: χ²/df, CFI, TLI, RMSEA, SRMR, Akaike Information Criterion (AIC), and Bayesian Information Criterion (BIC) (Kline, 2023). Lower AIC and BIC values indicate better model fit (Jayaweera & Trindade, 2024).

	5
	Reliability via internal consistency analysis
	Inter-item relationships were assessed for the global measure and subscales using Cronbach's alpha (α), McDonald's omega (ω), and Composite Reliability (CR) coefficients. Values ≥ 0.70 indicated satisfactory or good internal consistency, values ≥ 0.80 very good, and values ≥ 0.90 excellent (Hair Jr et al., 2020).

	6
	Convergent validity evidence
	Average Variance Extracted (AVE) and CR values were examined. AVE values above 0.50 indicate good convergence, and convergence is considered satisfactory even with AVE below 0.50, provided that CR for all factors is close to or above 0.60 (Hanafiah, 2020). Pearson's correlation coefficients or Spearman's rho were used to evidence convergent validity of the CS based on its relationships with external variables. The relationship between the global CS score and its four factors was assessed against theoretically related measures. Correlations were classified as weak (r/ρ < 0.30), moderate (0.30 ≤ r/ρ < 0.70), or strong (r/ρ ≥ 0.70), considering that coefficients range from -1 to +1, with the sign indicating direction and the absolute value indicating strength (Okoye & Hosseini, 2024).

	7
	Discriminant validity evidence
	Pearson’s correlation coefficients or Spearman’s rho were used to evidence discriminant validity of the CS based on its relationships with external variables. The relationship between the global CS score and its four factors was assessed against instruments measuring distinct constructs. Additionally, construct discriminant validity was evaluated using two literature-established criteria. The first criterion (Fornell & Larcker, 1981) examines whether the square root of the AVE for each construct exceeds its correlations with the other factors of the measure. The second criterion is the Heterotrait–Monotrait Ratio (HTMT) correlation matrix, with values close to or below .85 considered adequate, as recommended by Henseler et al. (2015).

	8
	Hypothesis testing for between-group differences in CS scores
	Statistical tests were used to investigate significant differences between groups in the global CS score and its four factors: Student's t-test or Mann–Whitney U for two-group comparisons, and ANOVA with Tukey or Bonferroni post-hoc tests, or Kruskal–Wallis with Dunn's post-hoc, among other options. Effect sizes were recorded using partial eta-squared (η²) and Cohen's d. Magnitudes for η²: negligible (< 0.02), small (0.02 ≤ η² ≤ 0.12), moderate (0.13 ≤ η² ≤ 0.25), and large (≥ 0.26) (Jané et al., 2024). Magnitudes for Cohen's d: negligible (d < 0.20), small (0.20 ≤ d < 0.50), moderate (0.50 ≤ d < 0.80), and large (d ≥ 0.80) (Cohen, 2013).

	9
	Reliability via test–retest
	Pearson’s correlation coefficients or Spearman’s rho were used to assess agreement between responses obtained at two administration time points (Mokkink et al., 2024).

	10
	Responsiveness
	The Multidimensional Item Response Theory (MIRT) was applied through the Bifactor Graded Response model (Bifac-GR), which simultaneously estimates a general factor and specific factors, preserving the dimensional structure of the scale (Toland et al., 2017). Item performance was evaluated using two multidimensional indices: the multidimensional item discrimination (MDISC) and the multidimensional item difficulty (MDIFF). The MDISC quantifies each item's capacity to differentiate individuals along the latent trait continuum, both longitudinally and across distinct groups. According to Baker (2001), values below 0.5 indicate poor discrimination; values ranging from 0.5 to 1.0 suggest moderate discrimination; values between 1.0 and 1.5 represent good discrimination; and values exceeding 1.5 denote excellent discrimination. The MDIFF represents the point on the latent trait continuum at which the item yields maximum information, operating as a difficulty index within the multidimensional space. Values below −2.0 characterize very easy items; values ranging from −2.0 to 0.0 indicate moderately easy difficulty; values between 0.0 and 2.0 represent moderately difficult items; and values exceeding 2.0 denote very difficult items (Baker, 2001).
Items with high discrimination show greater sensitivity in detecting changes in the latent trait. Complementarily, Differential Item Functioning (DIF) analysis between groups may be conducted to assess response patterns, using Infit and Outfit indices and the Partial Credit Model (PCM). Infit and Outfit values between 0.5 and 1.5 indicate adequate fit. DIF effect size is measured by McFadden's and Nagelkerke's pseudo-R² coefficients, considered negligible when below 0.13. Items with significant total effect (p < 0.01) are classified as non-equivalent (Choi et al., 2011). DIF analysis also allows confirmation (or refutation) of measurement invariance assessment between distinct groups. Alternatively, Cronbach's alpha may be considered to assess stability across multiple administrations of the instrument over short time intervals, with values close to 1.0 indicating greater reliability (Elsman et al., 2024). Coefficients between 0.60 and 0.70 were considered acceptable, and values ≥ 0.80 indicated very good reliability (Kalkbrenner, 2024). When reported, the omega coefficient above 0.80 was interpreted as good internal reliability (Hayes & Coutts, 2020).

	11
	Measurement invariance evidence
	It was verified whether the studies analyzed one or more demographic groups (e.g., gender, ethnicity/race, and educational level) using Multigroup Confirmatory Factor Analysis (MGCFA), a statistical procedure that evaluates the equivalence of the structural equation model across different groups or populations (Marôco, 2021). The invariance models tested were: configural, threshold, metric, and scalar. An instrument is considered non-invariant if it meets the following variation (Δ) criteria across hierarchically nested models (configural → threshold → metric → scalar): ΔCFI ≤ -0.010, ΔRMSEA ≥ 0.015, ΔSRMR ≥ 0.010, ΔMcDonald's NCI ≤ -0.020, and ΔGamma hat ≤ 0.008.

	12
	Other psychometric properties (item quality assessment)
	It was verified whether studies reported reliability considering variance attributable to true differences between participants, assessed by item consistency (how items capture variations in participants’ abilities) and by precision of latent trait (θ) estimates, based on the discrimination (a) and difficulty (b) parameters. IRT with Reckase’s (1985) MIRT may be used for item quality assessment, suitable for ordered polytomous categories such as “almost never” to “almost always” on a multidimensional Likert-type scale like the CS. Parameter a expresses the item’s ability to distinguish individuals at different latent trait levels: values above 1.35 indicate high discrimination, between 0.65 and 1.34 moderate discrimination, and below 0.65 low discrimination. Parameter b reflects the trait level required for a 50% probability of a positive response, indicating item difficulty. Positive θ values correspond to greater trait presence; negative values indicate lower presence. Reliability interpretation in IRT is based on two main parameters: the standard error of measurement (SE) and the test information function I(θ). Lower SE indicates greater precision in latent trait θ estimation. The I(θ) function is computed as 1/SE², where higher values indicate greater measurement precision. Therefore, regions with low SE and high I(θ) provide more reliable latent trait estimates. Alternatively, Rasch analysis — traditionally applied to unidimensional instruments but also adaptable to multidimensional ones (Müller, 2020) — allows assessment of response consistency and item difficulty, as well as analysis of Infit (Information-weighted Fit) and Outfit (Outlier-sensitive Fit) values, which indicate item adequacy and respondent fit (values between 0.5 and 1.5 indicate good fit to the Partial Credit Model — PCM; Bond et al., 2020).

	13
	Measurement error
	It was recorded whether authors reported procedures to monitor measurement error, which represents the portion of the score that does not reflect true changes in the construct, quantified by separating random error from true construct variation (Rhemtulla et al., 2020). In IRT, this process is achieved by adjusting scores based on item discrimination and difficulty parameters (Lang & Tay, 2021). In Rasch analysis, error is modeled from the difference between observed and expected scores, considering item difficulty and respondent ability, ensuring more precise estimates (Bond et al., 2020).

	14
	Limitations and gaps in studies on the psychometric properties of the CS
	It was verified whether the studies acknowledged methodological limitations, reporting gaps, and identified directions for future research on CS psychometric properties.


Note. CS = Compassion Scale; CFA = Confirmatory Factor Analysis; ESEM = Exploratory Structural Equation Modeling; SEM = Structural Equation Modeling; IRT = Item Response Theory; MIRT = Multidimensional Item Response Theory; GRM = Graded Response Model; PCM = Partial Credit Model; DIF = Differential Item Functioning; MGCFA = Multigroup Confirmatory Factor Analysis; AVE = Average Variance Extracted; CR = Composite Reliability; HTMT = Heterotrait–Monotrait Ratio; CFI = Comparative Fit Index; TLI = Tucker–Lewis Index; SRMR = Standardized Root Mean Square Residual; RMSEA = Root Mean Square Error of Approximation; AIC = Akaike Information Criterion; BIC = Bayesian Information Criterion. Data extraction was conducted by the first author and validated by the second author, who has expertise in Psychological Assessment and instrument development.
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