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Abstract
The validity, psychometric robustness, and educational effectiveness of the Pharmacology Concept Inventory (PCI), including
its ability to identify students’ misconceptions, were assessed across diverse educational settings and student cohorts to
evaluate its potential as a concept-based assessment tool in pharmacology education. The PCI comprised 24 multiple-choice
items, developed through a triangulated strategy that integrated core pharmacology concepts, expert input, and empirical
evidence, and was informed by documented student misconceptions. This multinational validation and effectiveness
evaluation included 1211 students from 23 institutions across 12 countries. The analyses examined the instrument’s
structure, item- and test-level psychometric properties, and measurement invariance across demographic and educational
subgroups. Factor analysis indicated that the PCI primarily measures a single underlying dimension of pharmacological
proficiency, with some weak secondary multidimensional groupings of items. The PCI demonstrated consistently strong item
discrimination and a moderate level of difficulty, with convergent findings across factor analysis, cognitive diagnostic
assessment, and other psychometric approaches. Exploratory cognitive diagnostic estimates showed that mastery varied
across concepts, with drug tolerance having the highest probability (68%) and the structural activity relationship the lowest
(33%). Year of study and academic program were significant predictors of pharmacological proficiency, with early-year and
medical students more likely to achieve mastery than late-year and non-medical students. The PCI also identified a
proficiency distribution, providing insight into the extent of variability and the gaps in learners' understanding of core
pharmacology. Overall, this study establishes the PCI as a valid, reliable, and diagnostically informative tool for assessing
conceptual understanding and supporting evidence-based pharmacology education across international contexts.

Introduction
The importance of pharmacology education across medical and health care professional programs [1] underscores the need
for a valid and reliable concept-based assessment tool to evaluate students’ knowledge and understanding [2]. Consequently,
a theoretically grounded, expert-reviewed, learner-centered concept assessment tool, the Pharmacology Concept Inventory
(PCI), was developed [3]. This study examines the PCI, an instrument designed to support concept-based learning and
teaching by providing a structured way to assess understanding, evaluate learning outcomes, and measure the effectiveness
of pharmacology curriculum instruction. Grounded in established learning theories and informed by expert and student
perspectives, the PCI offers insights into learners’ understanding of core pharmacology concepts, thereby supporting learner-
centered instructional practices that are vital to current pharmacology training. Furthermore, it aims to assess how students
apply fundamental pharmacology concepts to explanations, reasoning and problem-solving. This focus on core concepts
enhances the PCI’s diagnostic usefulness for educators and researchers, supporting evidence-based, cross-institutional and
multi-context curriculum planning, targeted instructional improvements, and the promotion of concept-focused assessment
methods in pharmacology education [2].

Because the implementation and evaluation of concept-based education depend on valid measures of conceptual
understanding, assessment tools such as concept inventories play an important role in supporting broader curricular
development. Constructing an internationally accepted concept-based pharmacology curriculum requires systematically
designed, misconception-informed, and multi-contextually validated educational resources and assessment tools [2, 4, 5].
These resources must align with internationally agreed-upon core concepts and sub-concepts of pharmacology to harmonize
concept-based education across institutions, disciplines, and countries and to create a shared framework, learning
expectations, and assessment standards. Analysis of the PCI has demonstrated high item quality, strong content validity,
satisfactory item performance, and strong reliability in previous studies [3]. Learner interviews provided evidence that
students interpreted and responded to the items as intended, helped identify both persistent and emerging misconceptions,
and informed further expert-led refinement of the items [6]. To build on these findings and expand the instrument’s utility, a
broader approach to investigation was required. At present, the instrument lacks large-scale evaluation across multinational
settings, diverse course structures, or varied pedagogical approaches. As international pharmacology educators continue to
advance concept-based curricula that integrate related disciplines, promote cross-institutional alignment, and strengthen the
application of pharmacological knowledge to professional practice [4, 5, 7], further evaluation of the PCI across diverse
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educational contexts is critical. Consequently, to support benchmarking, identify misconceptions, assess student reasoning,
and ensure consistent application of key pharmacology concepts globally, an international, multi-cohort evaluation of the
PCI’s structure, psychometric properties, diagnostic capacity, and measurement invariance is essential for establishing its
stability, consistency, and educational impact across institutions. Such a large-scale evaluation would help assess whether
the PCI is suitable for broader implementation and sustainable adoption as a standardised assessment resource in
pharmacology education.

Robust empirical validation is essential to determine whether the PCI is an accurate and reliable tool for assessing students’
conceptual understanding; without it, results may be compromised by measurement error or external influences, undermining
the validity of the conclusions [8]. A comprehensive validation of the PCI requires integrating multiple analytical approaches,
including evaluation of the internal structure (i.e., how items group to reflect underlying pharmacological concepts),
psychometric analyses using classical test theory (CTT) and item response theory (IRT), diagnostic insight from cognitive
diagnostic assessment (CDA), also known as the cognitive diagnostic model (CDM) [9], and assessment of consistency
across student groups.

The two primary psychometric paradigms, CTT and IRT, were used to assess item performance, reliability, and validity. CTT
emphasises score-based analysis and internal consistency, offering a straightforward, foundational assessment of overall
reliability, but is constrained by its dependence on sample characteristics [10–12]. IRT models the relationship between
individuals’ latent traits, such as ability or knowledge, and their response probabilities [13]. This method addresses the
limitations of the CTT framework by providing detailed, sample-independent item-level insights that accurately capture the
relationship between an examinee’s latent ability and their responses [14, 15]. It includes models such as the one-parameter
logistic (1PL/Rasch), which estimates difficulty assuming equal discrimination [16]; the two-parameter logistic (2PL), which
also estimates discrimination [17]; and the three-parameter logistic (3PL), which accounts for guessing and is suited to
multiple-choice questions [18]. Although both CTT and IRT offer valuable insights into item performance and measurement
quality, neither directly identifies individual misconceptions nor evaluates how well items reveal underlying conceptual
misunderstandings. To address this gap, cognitive diagnostic models provide detailed information about learners’ conceptual
strengths, weaknesses, and misconceptions [19].

Furthermore, CDA strengthens this statistical foundation by linking item responses to specific knowledge attributes, providing
detailed diagnostic data essential for targeted instruction [20, 21]. CDA comprises a family of psychometric models that
classify examinees as having mastered or not mastered cognitive attributes [9, 22]. These attributes, categorical latent
variables inferred from item response patterns, allow models to estimate response likelihoods based on unobservable (latent)
categorical variables [9, 23]. Here, “attribute” denotes the cognitive skills or knowledge required to solve an item, and CDAs
aim to deliver concept-level diagnostic feedback aligned with these skills [24]. When integrated into assessment tools, CDA
provides detailed insights into learners’ cognitive strengths and weaknesses [25], particularly regarding core pharmacology
concepts [4, 5]. This approach enables nuanced analysis of conceptual understanding by pinpointing misconceptions and
knowledge gaps that underlie students’ responses [9, 19]. Collectively, these paradigms form a comprehensive framework
that supports the PCI’s reliability, validity, and diagnostic value. This integrated method aims to generate detailed, practical
evidence to inform educational decisions, guide curriculum development, and enhance teaching and learning outcomes.

This study evaluated the PCI’s validity, psychometric quality, and educational impact across diverse educational settings and
student cohorts. Our primary goal was to assess its ability to detect learners’ misconceptions and to evaluate their
conceptual understanding of pharmacology. We administered the PCI to a large international student cohort and conducted
psychometric analyses using CTT, IRT, and CDA. These analyses examined the instrument’s internal structure, validity
evidence, and overall effectiveness in identifying key patterns of student understanding and misconceptions. Ultimately, this
study seeks to support the broader implementation of the PCI as a scalable tool for tracking learning outcomes, evaluating
teaching effectiveness, and guiding curriculum development across diverse educational settings.

Methods
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Research design
A quantitative, cross-sectional study design was used to evaluate the psychometric properties and educational impact of the
PCI. The study focused on large-scale, multi-institutional instrument validation, including assessments of dimensionality,
measurement characteristics, and structural validity.

Participants characteristics
This large-scale, multinational study, conducted in Hungary, India, the USA, Australia, Romania, Malta, Canada, the UK,
Sweden, Finland, Germany, and the Netherlands, was administered via the Qualtrics platform (Qualtrics LLC, Version XM,
2026) across all participating institutions. Recruitment was facilitated by each institution’s members through in-person
briefings and online platforms, including announcements in course modules, classroom presentations, and workshops.
Participants were recruited from health-professional and biomedical science programs across multiple countries. Eligibility
was limited to students who had completed coursework on pharmacology concepts within the internationally recognized
core-concept framework [4, 5]. As a result, the sample included a wide range of educational levels, from students who had
recently studied pharmacology to those reflecting on concepts learned years earlier. Demographic data were collected via a
standardized questionnaire in which participants provided details about their academic backgrounds. Given the diversity of
nationalities and educational pathways, academic level (undergraduate or postgraduate) and program of study were analyzed
as separate, independent variables. Participant classification was based on self-reported educational status within their
institutional and national contexts, acknowledging that professional programs such as medicine, pharmacy, and veterinary
medicine may be classified as either undergraduate- or graduate-entry, depending on the country and educational system, as
well as professional students who completed pharmacology coursework and long-term conceptual recall and application.

At the start of each session, the local member(s) of the research team delivered a briefing outlining the study’s purpose and
the test-completion procedure, after which students were invited to participate. The Qualtrics link and/or the survey quick
response (QR) code were shared in several ways, including being displayed on the projected screen, sent via email, included in
course announcements and the letter of information, and posted on online noticeboards, along with a link to the information
sheet. Students received an explanatory statement and consent form detailing the project’s objectives, eligibility criteria,
potential risks, and confidentiality provisions. Multiple cohorts from different countries and institutions, at varying stages of
training, were included to evaluate how the PCI items functioned across a range of learner groups. Participants were informed
that participation was voluntary, had no academic consequences, and was not linked to a required assessment. No incentives
were offered, and students could withdraw at any time without penalty.

PCI administration and guidance
The PCI is a 24-item multiple-choice (MCQ) assessment designed to evaluate seven core pharmacological concepts [4, 5]. It
includes four items on drug clearance (DCl1 to DCl4), three on drug bioavailability (DBio2, DBio3, and DBio5), four on steady-
state concentration (Css1 to Css4), three on volume of distribution (Vd2, Vd3, and Vd6), four on drug efficacy (DE4 to DE7),
three on drug tolerance (DT1, DT2, and DT4), and three on structure–activity relationships (SAR1 to SAR3). Each item required
participants to select a single best answer from multiple options, with distractors representing common misconceptions. An
"unsure” option was included to reduce random guessing (see Appendix S1). Responses were classified as correct if the
participant chose the scientifically accurate answer, incorrect if they selected a distractor reflecting misconceptions, or
uncertain if they chose the “unsure” option, intended for those unsure of their understanding. The PCI was administered
online via Qualtrics from November 2025 to April 2026. Participants accessed the assessment via a secure link, received
standardized instructions for independent completion, and were guided to select the most appropriate response.

Response quality control
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Response data were screened to ensure analytical validity before processing. Multiple indicators were used to identify low-
quality or disingenuous submissions. Specifically, six responses were excluded because of Qualtrics’ automated bot-
detection flags, implausibly short completion times relative to the sample distribution, and patterned or invariant responding.
Responses were also checked for completeness of all PCI items, and predefined criteria were applied to exclude incomplete
or low-engagement submissions. For this analysis, only responses with complete data on all 24 PCI items were included to
ensure consistency across all psychometric and modelling analyses, avoid assumptions about missing data, and obtain
stable estimates of item, correlation, factor, and attribute parameters. This applied to full response patterns. This was
particularly important for the CDA analysis, which entirely relies on complete item responses. As a result, 534 incomplete
responses were excluded. Only cleaned and validated datasets were retained for subsequent analysis.

Analytical framework
Analyses followed a three-stage, model-driven process (see Fig. 1): (i) assessing the instrument’s latent structure; (ii)
examining psychometric properties at both item and test levels; and (iii) performing structural modeling and invariance
analysis. The final step aimed to explore how participant traits influence results and whether measurements remain
consistent across different subgroups.

Dimensionality assessment
To evaluate the internal structure of the PCI, the total sample was randomly divided into two equal, independent subsamples.
This split-sample method ensures the replicability of the factor structure and prevents the final model from overfitting to
sample-specific characteristics. The first subsample was used to explore the dimensionality of the data, and the second
subsample served to independently verify structural validity [20–23]. In stage one, a subsample (n = 607) of cases was used
for an exploratory factor analysis (EFA) to identify the underlying factor. The dimensionality of the PCI was assessed using a
multi-step approach suitable for dichotomous responses. Inter-item associations were estimated using a tetrachoric
correlation matrix [24], which assumes that binary responses reflect an underlying continuous latent variable related to
pharmacological understanding. Data suitability for factor analysis was assessed using the Kaiser–Meyer–Olkin (KMO)
measure of sampling adequacy and Bartlett’s test of sphericity [25, 26]. Parallel analysis (PA) was employed to identify the
optimal number of latent factors by comparing observed eigenvalues to those from 1000 randomly generated datasets.
Factors were kept only if the observed eigenvalues surpassed the 95th percentile of the simulated thresholds [27, 28]. By
using the 95th percentile, this method controls for random variation specific to this exploratory sample, ensuring that only
factors that explain more variance than random patterns are retained. This approach helps reduce the risk of over-extracting
factors. The decision to retain factors was based on the criterion that the observed eigenvalues must exceed the simulated
values.

Following the PA, EFA was conducted using the minimum residual (minres) extraction method and the direct oblimin rotation;
this rotation was chosen to account for the expected overlap among pharmacological domains. Item-factor relationships
were identified using a primary loading threshold of 0.30–0.40, with a threshold > 0.30 used to detect potential cross-loadings
[25, 26]. This tiered approach served to distinguish items that aligned with specific conceptual clusters from those showing
“concept-drift” toward a more unidimensional structure. To move from discovery to structural validation, exploratory structural
equation modelling (ESEM) was subsequently applied to this exploratory subsample. ESEM integrates the descriptive
flexibility of EFA with the rigorous statistical goodness-of-fit assessments of traditional structural equation modelling (SEM)
[29, 30]. Standard confirmatory approaches are often overly restrictive for educational tests, as forcing cross-loadings to zero
can artificially inflate factor correlations and distort the true structural validity [31]. For the PCI, ESEM accommodates the
reality that the core pharmacological concepts are inherently interconnected, allowing items to cross-load across multiple
domains while simultaneously evaluating overall model fit.

The dimensionality identified in the EFA was cross-validated in stage two using a second independent subsample (n = 604).
Building on the exploratory structure, PCI performance was assessed against the pharmacology reasoning or proficiency
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framework. In this study, pharmacology proficiency refers to the capacity to understand, reason about, and apply core
pharmacology concepts and PK-PD principles. Confirmatory factor analysis (CFA) was conducted to assess model fit, and a
more stringent threshold was applied, prioritizing loadings of 0.70 or higher to ensure high factor determinacy and stable
parameter estimates [32]. This sequential transition from EFA to CFA provided a rigorous test of the instrument’s
dimensionality. The model fit, indicating the average difference between the model's predicted correlation and the actual
correlation matrix, was evaluated using various fit indices. Specifically, model fit was assessed through the comparative fit
index (CFI), Tucker–Lewis index (TLI), root mean square error of approximation (RMSEA), and standardized root mean square
residual (SRMSR).

Measurement modeling
To evaluate measurement properties, we used a multifaceted approach that combined CTT, IRT, CFA, and CDA. Specifically,
CTT and IRT were applied to assess item-level parametric properties and tool reliability [33, 34], while CFA verified structural
characteristics, and CDA investigated diagnostic capabilities, construct alignment, and item characteristics. Under CTT, item
difficulty was defined as the proportion of correct responses (p-value) and classified as easy (> 0.70) or difficult (< 0.30).
Discrimination indices (e.g., point-biserial (rpb)) assessed items’ ability to differentiate high- and low-performing students and
were interpreted using established thresholds, such as excellent (≥ 0.40), good (0.30–0.39), fair (0.20–0.29), or poor (< 0.20)
[35, 36]. Scale internal consistency reliability was assessed using Cronbach’s alpha, with values interpreted according to
established thresholds. IRT models were fitted to estimate item-level parameters. Depending on the model selected, item
difficulty and discrimination parameters were estimated using the Rasch (1PL) or two-parameter logistic (2PL) models,
depending on the optimal statistical fit. Item difficulty and discrimination ranges were also classified with the recommended
ranges [37, 38].

Selection of an appropriate CDA model
CDA are generally categorized as compensatory or non-compensatory based on attributes related to successfully answering
an item [39, 40]. In a compensatory model, strong mastery of one attribute can compensate for weaker mastery of another,
increasing the likelihood of a correct response through skill trade-offs. This allows an examinee to still answer correctly even
if they lack one attribute, with success influenced by the combination of mastered attributes in models such as deterministic
inputs, the noisy-or-gate (DINO), and the additive cognitive diagnostic model (A-CDM) [9, 39]. Conversely, a non-compensatory
model assumes that all attributes must be mastered for success and that the absence of any essential attribute cannot be
offset by others, leading to a lower probability of a correct answer. This approach underpins models such as the deterministic
inputs, noisy and gate (DINA), and the reduced reparametrized unified model (R-RUM) [40, 41]. The decision to use a
compensatory or non-compensatory model depends on the task’s theoretical framework and the interaction of skills. The
generalized DINA (G-DINA) model is a comprehensive, saturated model that can handle both relationships and is often used
to empirically determine which assumption best aligns with the data [40].

CDA was implemented as an exploratory validation of the PCI to examine alignment between items and underlying
constructs, assess item behavior, and evaluate the tool’s potential to generate a diagnostic mastery profile. The CDA
framework, with an expert-defined Q-matrix linking each item to a single attribute, was used to assess item-attribute (core
pharmacology concept) alignment, item behavior, and the PCI’s diagnostic capability. A theory- and expert-based Q-matrix
(Table 1) was developed to specify the relationships between items and core pharmacology attributes [4, 5]. The matrix was
finalized through expert evaluation, with 11 content experts mapping the 24 PCI items across seven pharmacological
domains. Inter-rater reliability, assessed via Fleiss’ kappa, ranged from 0.7 to 1.0, indicating substantial to almost perfect
agreement [42]. As a result, a simple-structure Q-matrix was produced, in which each item was assigned to a single attribute
(core concept), and each attribute was represented by three to four items.
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Table 1
The table for the expert refined Q-matrix for each pharmacology concept inventory (PCI) item to concept map

Items DCl DBio Css Vd DE DT SAR

DCl1 1 0 0 0 0 0 0

DCl2 1 0 0 0 0 0 0

DCl3 1 0 0 0 0 0 0

DCl4 1 0 0 0 0 0 0

DBio2 0 1 0 0 0 0 0

DBio3 0 1 0 0 0 0 0

DBio5 0 1 0 0 0 0 0

Css1 0 0 1 0 0 0 0

Css2 0 0 1 0 0 0 0

Css3 0 0 1 0 0 0 0

Css4 0 0 1 0 0 0 0

Vd2 0 0 0 1 0 0 0

Vd3 0 0 0 1 0 0 0

Vd6 0 0 0 1 0 0 0

DE4 0 0 0 0 1 0 0

DE5 0 0 0 0 1 0 0

DE6 0 0 0 0 1 0 0

DE7 0 0 0 0 1 0 0

DT1 0 0 0 0 0 1 0

DT2 0 0 0 0 0 1 0

DT4 0 0 0 0 0 1 0

SAR1 0 0 0 0 0 0 1

SAR2 0 0 0 0 0 0 1

SAR3 0 0 0 0 0 0 1

NB: DCl-drug clearance, DBio-drug bioavailability, Css-steady-state concentration, Vd-volume of distribution, DE- drug
efficacy, DT- drug tolerance, SAR-structure–activity relationships.

Model comparison and item-attribute structure alignment
To determine the mathematical relationships between core concepts and students’ responses, multiple CDA models (GDINA,
DINO, A-CDM, DINA, and R-RUM) were estimated and compared. The comparison used absolute fit indices (SRMSR, RMSEA)
and relative fit measures (Akaike information criterion (AIC) and Bayesian information criterion (BIC)) to evaluate exploratory
CDA models of the PCI. Item discrimination was operationalized as the difference in success probabilities between the non-
mastery profile (P (0)) and the mastery profile (P (1)). These separation values were used to characterize the extent to which
items differentiated across levels of attribute mastery. An integrated evaluation framework was specified to jointly consider
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item fit and discrimination, enabling interpretation of whether items functioned consistently with their intended constructs
while retaining diagnostic sensitivity.

Structural modelling and invariance testing
Structural equation modelling (SEM) was employed to examine relationships between latent constructs and observed
participant characteristics [43]. The model integrated measurement and structural components to evaluate the influence of
external variables on estimates of overall pharmacologic understanding. Multiple indicators and multiple causes (MIMIC)
models were used to assess the effects of participant characteristics (e.g., demographic or educational variables) on latent
constructs and individual item responses [43]. Direct effects from covariates to items were examined to identify potential
sources of measurement bias. Extensions of the MIMIC model were applied to formally test for differential item functioning
(DIF) [44, 45]. Items exhibiting significant direct effects from covariates after controlling for latent traits were identified as
potentially exhibiting DIF. These analyses were used to evaluate measurement invariance across subgroups. All statistical
analyses were performed using the CDM package in R (R Foundation, Vienna, Austria) [46].

Results

Participant characteristics
A total of 1751 started the Qualtrics survey, of whom 1211 completed the PCI. Participants’ demographic information was
collected via a structured questionnaire administered alongside the study instrument. The PCI was conducted in 12 countries,
namely Hungary, India, the USA, Australia, Romania, Malta, Canada, the UK, Sweden, Finland, Germany, and the Netherlands,
across 23 institutions, reflecting substantial geographic and institutional diversity (Fig. 2). Most participants were enrolled in
general or introductory pharmacology courses (68.4%), with others in pharmacokinetics (PK) and pharmacodynamics (PD)
(10.3%). Individuals who identify as female made up 57.8% of the sample. Participants self-identified their backgrounds, with
medical students comprising the largest group (62.7%). Most participants self-identified as undergraduate students (78.8%),
with third-year students the largest year-of-study category (61.6%), reflecting differences in education systems between
countries. Most respondents were recruited from undergraduate-entry health professional programs, including medicine,
pharmacy, and related disciplines. Education levels were categorized to reflect the conventions of each participant’s
institution and country. Language backgrounds varied, with most reporting a primary language other than English (61%) or
being multilingual (11.5%) (Table S1).

Dimensionality and Factorability
For latent structure modeling evaluation, the tetrachoric correlation matrix was estimated using the exploratory subsample (n 
= 607). The matrix showed moderate inter-item associations (r = 0.30–0.49), with several strong relationships (r ≥ 0.5)
between conceptually related items, such as DBio3 and DBio5 (r = 0.64) and DT2 and DT4 (r = 0.63). Notably, significant
correlations across theoretically discrete domains, such as the association between Vd3 and DT2 (r = 0.61), provided clear
evidence of a unified latent construct rather than isolated conceptual compartments (Table S2). Data factorability was
confirmed by excellent overall sampling adequacy (KMO = 0.84) and a statistically significant Bartlett’s test of sphericity (χ²276

= 11588.04, p < 0.001), indicating that the inter-item correlation matrix was not an identity matrix and that items shared
substantial common variance, which was appropriate for latent structure modelling.

Exploratory factor analysis (EFA)
The PCI demonstrated that students’ responses reflected robust overall pharmacological reasoning and grouped into distinct
clusters within a multidimensional framework. Parallel analysis (PA) using tetrachoric correlations identified a 7-factor
structure. The 8th factor was too small to be counted, and its eigenvalue differed from the random eigenvalue by less than
0.02. A very strong primary factor (eigenvalue = 8.47) exceeded the 95th percentile of simulated values (0.44), followed by a
steep decline to the second factor (eigenvalue = 1.06) and smaller residual dimensions. PA indicated that one dominant
factor and six smaller multidimensional clusters were appropriate (Table S3). The scree plot also showed a sharp drop after
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the first factor, with smaller declines among the weaker factors, supporting the presence of additional meaningful factors.
This suggests that the PCI includes both a strong general factor and a multidimensional structure aligned with
pharmacological domains, rather than being purely unidimensional. Therefore, subsequent analyses focused on meaningful
models rather than testing all configurations. A 1-factor model represented the main reasoning component; a 2-factor model
examined whether residual multidimensionality reflected a broader PK-PD distinction; and a 7-factor model matched the PCI
core concepts. These models aimed to determine whether the PCI functions primarily as a unidimensional measure or as a
conceptually distinct, multidimensional construct.

Further analyses using EFA and ESEM showed gradual improvements in model fit as the number of factors increased. ESEM
combines EFA flexibility with SEM’s confirmatory approach, allowing items to load on multiple factors and enabling
assessment of overall fit. Consequently, ESEM was used to explore whether PCI items formed multiple pharmacological
domains with cross-loadings, thereby indicating interconnected core concepts that require integrated reasoning. The
EFA/ESEM results suggested that a two-factor model fit best, implying possible multidimensionality. However, the two factors
were moderately correlated (r = 0.55), and some items cross-loaded or split across factors, indicating that the structure did
not clearly separate distinct latent domains. A 7-factor model had near-perfect fit indices (CFI = 1.00, TLI = 1.00, RMSEA = 
0.00, SRMR = 0.030) but was unstable and over-factored. Many items cross-loaded on multiple factors; some factors were
weakly defined, with few key items, and the negative residual variance for item SAR1 (− 1.75) indicated estimation issues and
limited interpretability. Additionally, expert-designed items for the item-concept matrix did not cluster neatly into the proposed
factor groups; several items from Css, DBio, DCl, and DE appeared across multiple dimensions (Table S4). These findings
indicate that, while the PCI primarily presented a single overarching proficiency measure, residual multidimensionality
revealed that its structure also encompassed overlapping and interconnected reasoning processes. However, this
multidimensionality did not clearly present as seven separate, stable latent domains

PCI structure with confirmatory factor analysis
The CFA showed that PCI performance is primarily driven by a dominant overarching factor related to pharmacology
reasoning or proficiency. The one-factor CFA showed acceptable fit indices (CFI = 0.936, TLI = 0.930, RMSEA = 0.045, SRMR = 
0.079) (Table 2). Consistent with the one-factor CFA model, all 24 items had significant standardized loadings (ranging from
0.45 to 0.73), supporting the measure’s unidimensional structure (see Tables S5A and S5B). The two-factor CFA provided a
slightly improved fit, suggesting residual multidimensionality beyond the main factor. However, the two-factor were highly
correlated (r = 0.85), indicating they are not distinct constructs. The seven-factor CFA achieved the best fit among the models
tested, with all items loading well on their respective domains. Yet the factor correlation matrix was not positive definite, and
some inter-factor correlations exceeded 1 (e.g., Css–Vd = 1.10; DCl–Vd = 1.1), indicating serious problems with discriminant
validity and that the pharmacology core concepts were not empirically separable. The higher-order CFA highlighted the
dominance of a general factor, with all seven domain factors loading very strongly (0.82–1.00), suggesting the domains are
largely explained by a single overarching pharmacology-reasoning construct. However, estimation warnings and near-perfect
correlations suggested redundancy among several core concepts. This confirmatory analysis indicates that PCI functions
best as a mostly unidimensional assessment, with some secondary structures overlapping, rather than as seven entirely
separate domains. The strongest evidence favours interpreting PCI scores at the general pharmacology reasoning level (see
Table S5).
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Table 2
Comparative confirmatory factor analysis (CFA) fit indices for the 1-factor, 2-factor, and 7-factor models of the PCI

Model Factor
correlation

Chi-square
(χ²) (df)

CFI TLI RMSEA RMSEA
Lower

RMSEA
Upper

SRMR P-
value

1_Factor_CFA * 564.27
(252)

0.936 0.930 0.045 0.040 0.050 0.079 0

2_Factor_CFA 0.85 505.46
(251)

0.948 0.942 0.041 0.036 0.046 0.074 0

7_Factor_CFA 1.0 (several) 465.97
(231)

0.952 0.942 0.041 0.036 0.046 0.071 0

NB: * Correlation not applicable

Measurement modeling

Exploratory cognitive diagnostic assessment modeling of the PCI
The CDA framework assessment yielded very similar relative fit indices across all models (GDINA, DINO, ACDM, DINA, and
RRUM), with AIC and BIC differing by up to 0.07 points (Table 3). Similarly, the log-likelihoods showed minor differences.
Because these differences were below the standard threshold of 2.0, no model was statistically superior to the generalized
framework [47, 48]. All models had good and consistent absolute fit indices (RMSEA = 0.044, 90% CI [0.039, 0.049]; SRMSR = 
0.074) and met accepted standards of fit [49]. Given this empirical equivalence, the generalized GDINA model was selected
for the final parameter estimation [50]. The GDINA model avoids restrictive assumptions about cognitive diagnosis rules,
allowing for all possible item interactions. It also accommodates additive cognitive processes and compensatory reasoning
rather than strict all-or-nothing mastery of attributes. This aligns with prior findings, which indicate that pharmacology
concepts are intercorrelated and that the cognitive exploratory construct-diagnosis solution showed considerable overlap
among concepts.

Table 3
Absolute and relative fit statistics for exploratory Cognitive Diagnostic

Models (CDM) of the PCI
Model Absolute fit statistics Relative fit statistics

SRMSR RMSEA AIC BIC LL

ACDM 0.0742 0.0438 33525.08 34417.44 -16587.54

RRUM 0.0742 0.0422 33525.09 34417.45 -16587.55

GDINA 0.0742 0.0438 33525.15 34417.51 -16587.58

DINO 0.0742 0.0438 33525.15 34417.51 -16587.58

DINA 0.0742 0.0438 33525.15 34417.51 -16587.58

Test-level accuracy was moderate at 0.69, whereas attribute-level accuracy was high, ranging from 0.91 to 0.92. Item fit
analysis revealed significant diagnostic misfit across all items, consistent with earlier PA, EFA/ESEM, and CFA results that
identified a dominant general pharmacology reasoning factor alongside a broader multidimensional structure. The mastery
classification analysis showed differences among PCI domains: DT had the highest endorsement probability, with DCl and
SAR the lowest (Fig. 3). Mastery profiles tended to cluster at either extreme, with slightly less than one-third (30%) of students
demonstrating no mastery and approximately one-quarter (26%) demonstrating mastery of all seven attributes. Students with
mastery across all PCI items generally had higher success probabilities, though the magnitude of the differences varied.

Overall test and individual item properties
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Overall test performance
The average score on the tool was 12.4 out of 24 items (SD = 5.6), with a 51.7% correct rate, reflecting good variability and
discrimination across levels of conceptual understanding. Most items showed moderate to high variance (0.20–0.25),
indicating notable differences in responses and effective separation of students’ knowledge of pharmacology. Higher
variance suggests better discrimination, while lower variance indicates more uniform responses, which could reduce the
tool’s ability to differentiate between performance levels. This resulted in a diverse distribution of responses across various
pharmacology concept areas. Participants performed best on DT, with 75% correct answers, followed by DBio (57%) and DE
(54%). Meanwhile, distractor choices were most frequent for Css (40%), followed by DBio (36%) and Vd (35%), reflecting
misconceptions. The SAR (29%) and DCl (20%) domains exhibited higher response uncertainty, possibly indicating lower
confidence or greater variation in understanding and/or concept coverage (see Fig. 4). In most domains, misconception-
driven responses were more common than uncertain ones, meaning incorrect answers often stemmed from
misunderstandings rather than doubt. The tool also demonstrated strong internal consistency, with Cronbach’s alpha of 0.86
and Omega total of 0.93, confirming the PCI’s reliable internal structure.

Individual item quality
Individual items were assessed for discrimination and difficulty using CDA, CTT, and IRT models. As illustrated in Table 4, the
PCI consistently showed strong item discrimination and moderate difficulty. Exploratory CDA analysis indicated moderate to
very good diagnostic separation, with item discrimination indices (IDI) ranging from 0.31 to 0.65 (mean = 0.48). Of the 24
items, 19 (79%) had very good discrimination (≥ 0.40), while the remaining items were reasonably good, except for one item,
Css4, which showed the lowest IDI (0.31) (Table 4). Similarly, within the CTT framework, item difficulty values ranged from
0.20 to 0.86, with most items (n = 19; 79%) demonstrating difficulty values ≥ 0.40. A lower difficulty value indicates items are
more challenging; except for one item, Css4, with a marginal item difficulty value of 0.20, the remaining items fell within
acceptable difficulty ranges. Likewise, the CTT-based item discrimination indices ranged from 0.32 to 0.51; most items (n = 
15, 63%) had indices between 0.41 and 0.51, and the remaining items showed good discrimination. These discrimination
values suggest that each item’s score was positively correlated with overall test performance, supporting the items’ ability to
differentiate between lower- and higher-performing respondents.
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Table 4
Item quality indices from CDM model, CTT and IRT

Item Item Discrimination
CDA

Item Difficulty
CTT

Item Discrimination
CTT

Item Difficulty
2PL

Item Discrimination
2PL

DCl1 0.33 0.74 0.32 -1.30 0.97

DCl2 0.54 0.31 0.46 0.74 1.45

DCl3 0.48 0.52 0.44 -0.10 1.33

DCl4 0.41 0.40 0.37 0.47 1.04

DBio2 0.34 0.68 0.35 -0.91 0.99

DBio3 0.59 0.41 0.47 0.31 1.47

DBio5 0.65 0.61 0.50 -0.38 1.81

Css1 0.41 0.36 0.39 0.65 1.07

Css2 0.54 0.55 0.51 -0.18 1.78

Css3 0.47 0.63 0.49 -0.45 1.74

Css4 0.31 0.20 0.39 1.37 1.30

Vd2 0.50 0.43 0.45 0.27 1.29

Vd3 0.51 0.65 0.47 -0.55 1.65

Vd6 0.52 0.34 0.48 0.56 1.58

DE4 0.36 0.59 0.34 -0.49 0.89

DE5 0.49 0.49 0.41 0.01 1.18

DE6 0.49 0.56 0.43 -0.24 1.28

DE7 0.53 0.50 0.45 -0.01 1.31

DT1 0.37 0.86 0.42 -1.39 1.94

DT2 0.60 0.76 0.47 -0.91 2.02

DT4 0.63 0.63 0.45 -0.51 1.50

SAR1 0.50 0.41 0.40 0.39 1.11

SAR2 0.48 0.33 0.34 0.88 0.95

SAR3 0.52 0.46 0.40 0.17 1.11

Using the BIC, a comparison of 1PL, 2PL, and 3PL models was conducted, and the 2PL model showed the best fit (1PL, BIC = 
32897.0; 2PL, BIC = 32880.3; 3PL, BIC = 32914.5). Therefore, the 2PL model was deemed the most reliable in this analysis,
aligning with sample-size planning and parameter-estimation guidelines for a robust item-response framework [37]. In IRT,
item difficulty indices range from − 2.00 to 2.00 (Fig. 5). As shown in Table 4, item difficulty indices ranged from − 1.39 to
1.37, indicating that almost all items exhibited acceptable difficulty levels and were classified as moderate. Regarding item
discrimination, all indices fell within the recommended range, except for item DT2, which showed very high discrimination
(2.02). Overall, the item discrimination parameter fell well within acceptable psychometric boundaries (α ≥ 0.50), specifically
matching the recommended operational range of 0.50 to 2.0 [37], with the majority indicating high or very high discrimination
power according to standard thresholds. Most items (n = 20, 83%) had discrimination values above 1.00, while the remaining
(n = 4, 17%) had values ≥ 0.89 (Baker et al., 2017; Mi et al., 2023). The IRT findings suggest that the items could reasonably
distinguish between students with abilities below and above the item’s location. The quality parameters demonstrated that
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the PCI item successfully discriminated across classification, latent trait, and exploratory diagnostic frameworks, even though
the concepts were integrated [13].

Structural validity and demographic effects on pharmacology
proficiency
The baseline MIMIC model, used to assess whether demographic variables significantly predicted the main latent factors in
pharmacology reasoning and performance, showed acceptable overall fit (CFI = 0.912, TLI = 0.934, RMSAE = 0.042, SRMR = 
0.070). This supports the interpretation that the PCI primarily assesses a single underlying dimension of pharmacological
proficiency. The MIMIC regression analysis indicated that program type and year of study were significant predictors of latent
PCI performance, whereas gender, language background, and academic level were not. Specifically, nonmedical students
scored significantly lower on latent pharmacology reasoning than medical students (β = -0.084, p = 0.016). Additionally,
students in later years had significantly lower scores than first- and second-year students (β = -0.182, p < 0.001) (see Table 5).

Table 5
Multiple indicators and multiple causes (MIMIC) regression analysis of demographic predictors of the latent PCI performance

Predictor Reference group Comparison
group

β (Estimate) SE Z Standardize β P-
value

Gender Male Female -0.064 0.071 -0.904 -0.031  

Language English Non-English -0.079 0.092 -0.857 -0.035  

Program
type

Medical students Nonmedical
students

-0.178 0.074 -2.411 -0.084 0.016

Academic
level

Undergraduate Postgraduate -0.030 0.086 -0.351 -0.012  

Year of
study

First/second year Third and above -0.434 0.099 -4.396 -0.182 0.000

NB: (-Ve) β coefficient indicates lower latent PCI performance for the comparison group relative to the reference group

NB: Interpreting the effects of the year of study demands caution, as educational pathways differ significantly between
countries and programs. For instance, graduate-entry medical programs might categorize students as first-year students
even if they have considerable prior university experience. Therefore, the year-of-study variable should be seen as a
general indicator of training stage rather than a precise measure of progression along a standardized preclinical-to-clinical
curriculum.

Differential item functioning (DIF) across demographic groups
Combined MIMIC-DIF and IRT-DIF analyses identified DIF for item DCl3 across program types and for items Css1, DE5, and
Vd2 across participants’ reported year of study within their current program. All four items showed significant DIF after
adjustment in both analytical frameworks, highlighting consistent subgroup-specific differences in item responses when
latent PCI ability was held constant. The magnitude of the item response differences was small to moderate, with the highest
unstandardized effect size for item Vd2 across the year of study groups (β = -0.564, IRT, χ² = 50.99, adjusted p < 0.001)
(Table 6). Item characteristic curve (ICC) plots in Fig. 6 showed a consistent rightward shift for non-medical students on item
DCl3. Likewise, as illustrated in Fig. 7, rightward shifts for third- and fourth-year students relative to first- and second-year
students were observed in items Css1, DE5, and Vd2. These shift patterns indicate that, at equivalent levels of latent
paragraph ability, students in the comparison groups were less likely to answer these items correctly than those in the
corresponding reference groups. Across all confirmed DIF items, slope patterns were similar across groups, indicating
comparable item discrimination and predominantly uniform DIF (i.e., systematic differences in item difficulty, whereby one
group consistently found the item harder across the entire ability continuum). This pattern suggested that the observed DIF
was primarily attributable to differences in item difficulty rather than to differences in discrimination. The most notable
subgroup separation was observed in Vd2, consistent with its stronger MIMIC and IRT DIF statistics.
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Table 6
Confirmed differential item functioning identified by combined multiple indicators and multiple causes with differential item

functioning (MIMIC-DIF and item response theory (IRT-DIF) analyses
Item Predictor Reference

group
Comparison
group

MIMIC β
(Unstandardized)

SE Z IRT
χ²
(df)

Adjusted
p
(MIMIC)

Adjusted
p (IRT)

DCl3 Program
type

Medical
students

Nonmedical
students

-0.282 0.078 -3.61 28.31
(2)

0.007 < 0.001

Css1 Year of
study

First/second
year

Third and
above

-0.344 0.099 -3.47 24.79
(2)

0.006 < 0.001

DE5 Year of
study

First/second
year

Third and
above

-0.307 0.1 -3.08 12.47
(2)

0.017 0.009

Vd2 Year of
study

First/second
year

Third and
above

-0.564 0.099 -5.7 50.99
(2)

< 0.001 < 0.001

NB: (-Ve) β coefficient indicates lower item performance for the comparison group relative to the reference group

Discussion
The goal of this study was to evaluate the validity and reliability, structural integrity, item-concept alignment, and predictive
capability of the 24-item PCI, which covers seven fundamental pharmacology concepts, using an integrated, model-driven
framework. As this tool aims to assess learners’ conceptual understanding, identify misconceptions, measure learning
outcomes, and evaluate the effectiveness of teaching, interventions, and curriculum design, a detailed assessment across
multiple cohorts was warranted. The results provided comprehensive evidence that the PCIis a robust, validated instrument
for diagnosing concept-based pharmacology learning across diverse educational contexts and multiple student cohorts. Our
findings showed that the PCI reliably diagnoses students’ grasp of key pharmacology concepts across various learning
environments and learner groups. Moreover, these results clearly demonstrate the instrument's usefulness in a wide range of
educational settings.

The PCI tool’s factor structure offers insight into how students might organize and apply their reasoning when solving
pharmacological problems. Rather than viewing core concepts as discrete, independent domains, the data revealed
significant cross-domain associations, indicating an interconnected approach to reasoning. For example, the strong
correlation between Vd3 and DT2 (r = 0.61) suggests that students draw on an integrated knowledge structure rather than
relying solely on isolated conceptual elements. This interpretation is further supported by a dominant primary factor
representing broader reasoning ability. Although a seven-factor model emerged in PA, the unidimensional model was
inadequate, and the two-factor model showed only moderate correlations, with several items cross-loading or splitting across
factors (concept domains). This lack of clear separation suggests that the knowledge structure does not delineate distinct,
independent domains. Instead, proficiency in pharmacology appears hierarchical, characterized by strong general reasoning
ability alongside specific core structures of concepts related to pharmacology and PK-PD principles [26].

Concept-based pharmacology studies have demonstrated relationships among main concepts and sub-concepts, core ideas,
and key PK-PD principles, highlighting the interconnectedness of pharmacology concepts [2, 4, 5]. For example,
pharmacokinetic models show that steady-state concentration is directly dependent on clearance through an inverse
relationship, rather than being an isolated phenomenon. The findings suggest that students organize pharmacological
knowledge as an interconnected conceptual network rather than as a collection of isolated mechanisms. Consistent with this
interpretation, analyses of dimensionality and latent structure support the proposal that the overall PCI score summarizes
general conceptual understanding in pharmacology, with some interconnected multidimensional concepts. This tool was
designed to assess understanding at the concept level, aiming to identify areas of strong understanding, ongoing
misconceptions, and topics that need focused instructional support. The students’ response pattern showed a strong overall
grasp of pharmacology proficiency and reflected a locally interconnected network of related concepts. Since reasoning
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involves multiple dimensions, this should be considered part of a wider educational assessment, not solely a measure of
unidimensional pharmacological knowledge. The interconnected nature of pharmacology also creates opportunities to
develop future test items that more effectively address multiple related concepts to assess mastery, moving beyond simple
pharmacological proficiency. This underscores the potential to further refine alignment and to use concept-specific measures
to more accurately identify and evaluate mastery of individual concepts. Overall, the structure reflects pharmacology’s
practical, integrative nature, in which effective reasoning involves cross-domain connections, thereby affirming the PCI as a
reliable measure of conceptual knowledge. This multidimensional framework, though less comprehensive than the test’s
primary factor structure, supports a concept-based approach to teaching and assessment, offering a perspective that may
help identify patterns of strength and weakness in students’ understanding, albeit within an interconnected structure.

The exploratory CDM analyses provided further empirical evidence that students were combining multiple pharmacological
concepts, as measured by the PCI. The GDINA framework is particularly effective at capturing the full complexity of
pharmacological reasoning without requiring a single processing rule across items [50]. The generalized model also
confirmed the presence of a dominant, highly integrated latent trait, suggesting that PCI performance is better explained by
additive and compensatory reasoning processes rather than by strict mastery of individual concepts. This aligns with findings
from both exploratory and confirmatory structural models, which consistently identify a primary pharmacological reasoning
factor alongside a multidimensional structure. Although overall CDA fit indices were acceptable, item-level diagnostic misfit
indicates that students’ response patterns do not fully conform to a simple one-attribute-per-item Q-matrix. Instead, these
patterns likely reflect the interconnected nature of PK–PD pharmacological concepts and reasoning. For example, Css
depends on factors such as drug dose, bioavailability, dosing frequency, and clearance, arguing that pharmacological
concepts are cognitively integrated rather than applied independently [5, 51, 52]. Most PCI items effectively distinguish
between mastery and non-mastery, with mastery levels clustering at low or high proficiency. These results suggest that the
PCI is best used as an integrated measure of pharmacological reasoning and conceptual understanding, while also providing
opportunities to explore broader patterns of mastery rather than strictly attribute-specific diagnoses. A consistent pattern
was observed across comparative evaluations of the concepts’ response distributions and CDA probabilistic mastery
classifications. Domains with higher correct-response proportions and lower distractor or uncertainty responses, such as DT,
also showed the highest probabilities of mastery classification. Domains with elevated distractor categories and uncertainty
responses, such as Css, DBio, SAR, and DCl scores, were associated with lower mastery probabilities and higher non-mastery
classifications. As illustrated in Fig. 4, the descriptive response distributions revealed that distractor responses were more
frequent than uncertainty responses across all concept domains, indicating that non-mastery was often associated with
misconception-driven reasoning rather than uncertainty alone. Together, observable response patterns and the CDM-based
latent mastery structure across core concept domains provided complementary evidence for students’ understanding and
misconceptions. Overall, the PCI successfully assesses general pharmacological proficiency, but its simple matrix structure
may limit detailed, attribute-specific diagnoses by failing to account for the interconnectedness of these concepts.

After evaluating the item-attribute structure, the item-quality analysis across the CDA, CTT, and ITR models indicates that the
items consistently exhibit good discrimination, a strong internal structure, and the ability to distinguish among different
pharmacological skill levels. This consistency across the models reinforces construct validity and reliability [41]. The difficulty
distribution of the items is generally balanced, with three simpler items, such as DCl1, DT1, and DT2, that measure basic
knowledge. Most items fall within the optimal, moderate-difficulty range. The IRT results showed that many items had high
discrimination power, effectively distinguishing between different ability levels. This indicates that these items can accurately
identify students with abilities either below or above the item’s specific point (Baker et al., 2017; Mi et al., 2023). Additionally,
the quality metrics demonstrated that the PCI item performed well in differentiating across various classification, latent trait,
and exploratory diagnostic frameworks [13].

However, within the CDA framework, Css4 showed marginal discriminative ability (0.31). This is likely because it requires an
integrated understanding of concepts such as steady-state concentrations, half-life, and dosing relationships, which a single-
attribute model matrix may not fully capture. Similarly, in the CTT framework, Css4 was marginally difficult (p = 0.20), with
only a small proportion of students answering correctly, and showed good discrimination (0.39). Importantly, it demonstrated
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high IRT-based discrimination (a = 1.39), indicating its ability to distinguish students across different proficiency levels. This
pattern suggests that Css4 could be a good discriminating item for higher-ability students under a latent trait model, likely
because it involves complex reasoning that links multiple concepts rather than relying on single-concept reasoning [5, 51, 52].
More importantly, the current one-item-to-one-attribute Q-matrix may not fully capture this integrative process, leading to
reduced discrimination and potential misalignment at the attribute level. This does not necessarily mean the item is of poor
quality; instead, it indicates a need for a more comprehensive understanding of PK to ensure proper item performance. The
IRT results support this, showing that test-takers with higher overall proficiency and better ability to integrate multiple
concepts are more likely to answer correctly. As demonstrated by Css4’s observed CDA performance, there is a mismatch
between its integrated conceptual demands and the discrete attribute structure of the CDM framework, underscoring that PK
reasoning involves interconnected processes rather than isolated concepts. Furthermore, a slightly more challenging test
structure could more effectively map students’ learning gains onto the post-test, provided it remains valid and reliable [41, 53].
Therefore, despite its difficulty, the test is a vital tool for assessing students' conceptual understanding and identifying
misconceptions in key concepts.

Furthermore, students’ test scores were assessed, revealing an average of 51.7%, suggesting that many students either did
not fully understand these concepts, held misconceptions, or were uncertain about them. This could reflect the current
educational stage of several student cohorts, in which full conceptual integration is still in progress, especially among
students with different clinical backgrounds and experiences. Although the CDA framework used in this study was not used
to perform deterministic classification of mastery and non-mastery profiles, the concept (attribute)-level probabilistic
estimates indicate varying levels of engagement across core concept domains. The highest endorsement probabilities were
for DT, even though items were found to be easier than others. The lowest probabilistic mastery levels were observed for SAR
and DCl, with the remaining being moderate. This pattern and the relative concept-based difficulty levels indicate that
students have difficulty with appropriate conceptual understanding, the integration of core concepts, and overall proficiency.
These conceptual difficulties persisted across cohorts and diverse settings, as evidenced by a previous study in which the
concepts of drug clearance and efficacy were the most difficult to comprehend [54, 55]. Similarly, a prior qualitative study on
students’ conceptual understanding and misconceptions revealed that students viewed items measuring the SAR concept as
unclear or fragmented [6]. However, these studies should be treated as exploratory indicators of alignment between response
patterns and the intended constructs, reflecting probabilistic estimation of proficiency trends rather than discrete conceptual
mastery, consistent with the integrated and interdependent nature of pharmacology knowledge.

This study not only evaluated test-level performance and probabilistic mastery status but also examined group- and
demographic-level invariance across contexts and cohorts. We employed a MIMIC model to investigate potential
performance disparities across groups by study year, program type, and academic level, which could influence overall
understanding of essential pharmacology concepts as measured by the PCI instrument. The latent factors were regressed on
these variables to assess their effects on pharmacologic proficiency. The MIMIC findings suggest that the year of study and
program type were the most relevant demographic predictors of PCI performance. The lowest scores among later-year
students may reflect increasingly heterogeneous reasoning strategies, curricular specialization, and/or differences in
retention of key pharmacology concepts over time. This might also be related to less reinforcement as they progress through
the later years of their degree, which could lead to forgetting core concepts. These findings indicate that pharmacology
reasoning may not develop uniformly across educational pathways or stages of progression [56]. Likewise, nonmedical
students had lower latent pharmacology reasoning scores than medical students, potentially reflecting differences in
curricular emphasis, the integration of pharmacology across disciplines, or exposure to clinically oriented PK reasoning. By
contrast, medical students often study pharmacology in a practical, patient-centred approach [57, 58].

Additionally, item design fairness was evaluated across demographic groups using a triangulated DIF analysis comparing
results from the MIMIC (SEM) and IRT (2PL) models. Four items (DCl3, Css1, Vd2, and DE5) showed confirmed DIF in both
models, indicating that responses to these items varied systematically across some learner groups after accounting for
overall pharmacology proficiency. Although the number of affected items was small, these findings suggest that certain item
features may be interpreted differently by learners with different educational backgrounds or training experiences.
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Consequently, these items have been prioritized for further review and refinement through expert evaluation and learner
feedback. Overall, the limited extent of DIF supports the fairness of the PCI across diverse student populations while
highlighting opportunities for ongoing improvement.

Implications for the education community
The large-scale, multinational validation and effectiveness evaluation of the PCI tool establish it as a psychometrically robust
and educationally informative instrument for concept-based pharmacology education across diverse health, biomedical, and
pharmaceutical science programs at both undergraduate and postgraduate levels. Rather than relying solely on a single total
score, this multi-stage framework uses structural confirmatory analysis and CDA to provide educators with a highly detailed
diagnostic view of students’ conceptual learning and understanding. For example, this instrument could be used as a pre- and
post-test to measure learning gains, inform the design of mitigation strategies for potential misconceptions, and assess
teaching effectiveness. The group invariance analysis using MIMIC modelling and DIF item fairness analysis would further
support measurement consistency, item fairness, and predictive power across diverse global cohorts. This empirical evidence
supports the view that the PCI might serve as an objective benchmark for assessing the learning of interrelated, concept-
based core pharmacology concepts within a holistic framework. This instrument facilitates a structured approach to teaching
key concepts and helps identify persistent misunderstandings in basic pharmacology education. It offers prompt, practical
diagnostic feedback that faculty can use to improve teaching methods, apply corrective strategies, and enhance curriculum
planning. Additionally, it serves as a validated research instrument.

Design and implementation flexibility allow the PCI to be used for both formative and summative assessments (Netere et al.,
2026) and provide a versatile, validated, and dependable assessment framework suitable for various groups and teaching
environments. Its strong consistency across contexts and curricular alignment supports an integrated approach to concept-
level and overall general pharmacology training, aiding the assessment of complex learning outcomes, informing instructional
strategies, and evaluating interventions. Anchored in robust psychometric techniques and measurement approaches, the PCI
provides clear insights into learners’ thought processes, delivering actionable information that improves students’
performance monitoring and the quality of institutional teaching. Ultimately, this comprehensively designed and validated tool
provides wide-ranging evidence of reliability, encouraging educators and researchers to adopt and evaluate concept-based
curricula combined with evidence-based diagnostic assessments.

Limitations and Future Direction
When interpreting the student grouping findings, certain methodological factors should be considered. First, the international,
multi-cohort design naturally led to differences in program structures, institutional curricula, topic coverage, and instructional
schedules. Educational pathways vary across countries and disciplines; for instance, some professional programs begin
immediately after secondary education, whereas others require prior undergraduate experience. Consequently, background
characteristics such as program type and year of study are better viewed as general markers of educational level rather than
precise, comparable measures for all participants. Second, voluntary participation likely introduced self-selection and
motivational biases not typically present in graded assessments. Third, limiting the analysis to complete responses, though
safe for correlation and modeling, might introduce selection bias in descriptive results. Students who completed the PCI
could differ systematically from those who did not, particularly in engagement, motivation, and academic preparedness. Thus,
findings should be interpreted with caution, particularly for student groups that may have disengaged due to fatigue, test
difficulty, or technical issues. Finally, because the expert-defined Q-matrix used a simple structure, mapping each item to a
single concept, and the exploratory and confirmatory factor analyses revealed a dominant primary factor alongside some
multidimensionality, our implementation of the CDA framework serves as an exploratory tool, particularly for concept-level
mastery evaluation. It estimates the probability of concept mastery rather than providing an absolute, deterministic
classification profile.

To address these limitations, future iterations may better implement a continuous, expert-led item-attribute refinement
process, increase students’ motivation, ensure tests are appropriately timed, and mitigate potential bias. Moreover,
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subsequent validation and refinement studies may support the test’s cross-national use and help distinguish differences
across diverse educational contexts. In addition to improving the instrument, the PCI provides educators with a tool to identify
persistent misconceptions and gaps in pharmacology knowledge. These insights could inform targeted teaching strategies,
such as concept-focused learning, formative feedback, and activities to address misconceptions. Consequently, the PCI
functions not only as an assessment tool but also as a framework for evaluating educational interventions and monitoring
conceptual development over time. This continuous process could improve the PCI’s long-term validity, educational value, and
its role as a standardized, concept-based pharmacology assessment across diverse international curricula.

Conclusion
This study assessed the PCI’s validity, reliability, and educational usefulness across diverse educational settings and student
groups, and it can be implemented more broadly as a concept-based assessment in pharmacology. Findings showed that the
PCI effectively measured pharmacological proficiency, conceptual understanding, and persistent difficulties and
misconceptions. Consistent results across learner groups and settings suggest that the PCI can be widely applied across
diverse educational contexts. Additionally, performance results and patterns at the item and concept levels showed that
students have a consistent understanding of concepts, ongoing misunderstandings, and difficulties at the concept level.
These findings help pinpoint learning needs, support educators in enhancing teaching methods, assess the success of
interventions, and inform curriculum development and educational choices. Moreover, cognitive diagnostic analyses provided
further insights into item–concept relationships and patterns of student understanding, highlighting areas for potential
refinement of the instrument. Overall, the study affirms the PCI as a concept-based assessment tool that supports and
evaluates pharmacology learning.
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Figures

Figure 1

The PCI structural, psychometric and diagnostic evaluation

Figure 2

Geographic distribution of participants by country
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Figure 3

Probabilistic concept mastery profile derived from the exploratory cognitive diagnostic mode

Note: This figure shows the proportions representing the estimated likelihood of mastery for each pharmacological concept
attribute (drug clearance (DCl), drug bioavailability (DBio), steady-state concentration (Css), volume of distribution (Vd), drug
efficacy (DE), drug tolerance (DT), and structure–activity relationships (SAR)). Given the substantial item misfit and item–
attribute misalignment identified in the CDM analysis, these estimates should be interpreted cautiously as indicative of
general proficiency patterns across interconnected pharmacological concepts, rather than as precise measures of domain-
specific mastery.
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Figure 4

Response distribution across Pharmacology Concept Inventory (PCI) concept domains

Figure 5

Item characteristic curves (ICCs) of all items of the Pharmacology Concept Inventory (PCI) plot against latent ability
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Figure 6

Item characteristic curve for DCl3 demonstrating confirmed DIF across program type

Note: The program type was determined by participants’ self-reported field of study. The medical program group included
students studying medicine, while the non-medical group comprised students from various disciplines, including pharmacy,
nursing, veterinary medicine, biomedical sciences, and related health and life sciences. These classifications were based on
the educational systems specific to participants’ local institutions and countries.
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Figure 7

Item characteristic curves for Css1, DE5, and Vd2 demonstrating confirmed DIF across year of study

NB: Participants’ year of study was based on self-reported progress in their current program and was categorized as either
first/second year or third/fourth year. These categories reflect progress in the current program, not total years of higher
education. For example, students in graduate-entry professional programs were classified by their current program year,
regardless of prior degrees. A first-year student in a graduate-entry medical program was classified as a first-year student,
regardless of any previously completed undergraduate degree.
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