Appendix S2: Cognitive Diagnostic Assessment (CDA) Models 
	CDM type
	Model 
	Attribute assumption
	Description
	References 

	Compensatory
	DINO (Deterministic Inputs, Noisy OR Gate)
	Mastery of at least one required attribute is sufficient
	Disjunctive (OR) rule; strengths in one attribute can compensate for weaknesses in others; incorporates guessing and slip parameters
	(Templin & Henson, 2006)

	
	A-CDM (Additive Cognitive Diagnostic Model)
	Each mastered attribute independently increases success probability
	Additive effects only; no attribute interactions; special case of G-DINA
	(de la Torre, 2011)

	Non-compensatory



	DINA (Deterministic Inputs, Noisy AND Gate)
	All required attributes must be mastered
	Conjunctive (AND) rule; binary latent response; includes guessing and slip parameters
	(Junker & Sijtsma, 2001)

	
	rRUM (Reduced Reparametrized Unified Model)
	All attributes required; missing attributes impose penalties
	Refinement of DINA; multiplicative penalty for missing attributes
	(Hartz & Roussos, 2008)

	General/ Flexible
	GDM (General Diagnostic Model)
	Attribute relationships specified by model form
	Allows both compensatory and non-compensatory relationships
	(Arican & Kuzu, 2020)

	
	LCDM (Log-Linear Cognitive Diagnostic Model)
	Main and interaction effects among attributes
	Log-linear formulation; interaction terms determine compensatory behavior
	(Henson et al., 2009)

	
	G-DINA (Generalized DINA)
	Attribute effects and interactions explicitly estimated
	General framework subsuming many CDMs; compensatory nature depends on parameter constraints
	(de la Torre, 2011)









Some explanations on the utilizations of the CDA model
To validate and evaluate the effectiveness of the PCI, we adopted the general CDA framework using the Log-Linear Cognitive Diagnosis Model (LCDM) (Henson et al., 2009). The LCDM is a generalized linear model that links item responses to latent attributes via the logit function (Bradshaw et al., 2014), enabling estimation of attribute-mastery probabilities and identification of diagnostic response patterns. This model was chosen for its flexibility, as it subsumes a range of simpler diagnostic models and can accommodate both compensatory and non-compensatory relationships among attributes at the item level. Thus, the LCDM accommodates uncertainty about how attribute mastery influences performance and avoids deciding whether all required skills must be mastered or whether strengths in some attributes can offset weaknesses in others (Bradshaw et al., 2014). Importantly, the functional form of the LCDM remains constrained by the Q-matrix, which defines the attribute-item relationship. Generally, fit parameters were used to select the most appropriate CDA (Lee & Luna-Bazaldua, 2019; Wu et al., 2020). Therefore, the best model was selected for the options above based on the input data, including the Q-matrix and the examinee response data for each PCI item.
In the PCI, each item is designed to measure a single pharmacological attribute (conceptual understanding), and no item requires measuring multiple attributes simultaneously. Consequently, cross-attribute and interaction effects were not identifiable. Thus, item responses were modelled using a reduced LCDM, in which the log-odds of a correct response depend only on an item-specific intercept and the mastery status of the targeted attribute. For examinee e and item i, the reduced LCDM expresses the natural logarithm of the odds of a correct response as: 
 
Where ei denotes the binary response to item i, αek represents the mastery status of the examinee e on the target attribute k, λio is an item-specific intercept reflecting the baseline log-odds of success in the absence of mastery, and λiκ quantifies the increase in log-odds associated with mastering the attribute. This design is appropriate for the PCI because the instrument's single-attribute structure necessitates a simplified LCDM without interaction terms.
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