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ABSTRACT

Research on Al literacy has predominantly relied on self-report
instruments. which correlate weakly with objective performance-
based measures (Zhang et al., 2026). This study examines how Al
literacy can be reliably assessed among adults engaged in continuing
education. Participants (N = 141) completed the AILQ (Ng et al.,
2024), then performed an authentic task based on a real-world
employer branding scenario. Performance was assessed using a four-
dimension analytic rubric. A Disposition-Performance Gap (DPG)
index quantified the misalignment between self-perceived
disposition and demonstrated performance: 68.8% of participants
were aligned, while 27.7% showed a Disposition Surplus. This pattern
was strongly stratified by competence: all participants at the lowest
performance level overestimated their competence, whereas
proficient participants were almost entirely aligned (x3(4) = 78.413, p
< .001). Findings support performance-based assessment as a
necessary complement to self-report instruments.
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1. Introduction

The diffusion of large language models such as ChatGPT and Gemini have moved
from research curiosities into everyday instruments of knowledge work for
professional and in the organizational contexts. Nationally representative survey
evidence collected in the United States found that roughly four in ten adults had
already used generative Al within little more than a year and a half of ChatGPT’s
public release, with more than a quarter of employed respondents reporting use of
these tools specifically for their jobs (Bick et al., 2024). Marketing and HR
departments draft campaign copy and screen candidate materials with Al support,
consultants prototype deliverables in minutes, managers delegate first-draft
cognitive labor to systems whose internal logic remains largely opaque. This is no
longer a marginal phenomenon confined to technologically advanced firms, it is a
pervasive feature of contemporary business practice. This diffusion has outstripped
the organizational and individual capacity to develop a correspondingly mature
understanding of what it means to use these tools well. Adoption has been driven
less by structured training than by accessibility, and generative Al tools produce
outputs that are immediately usable, fluent, and superficially convincing. This
combination of low entry barriers and high apparent output quality creates a
particular risk, one that the human factors literature had already documented well
before generative Al under the label of automation bias, the tendency of operators
to over-rely on automated systems and fail to detect the errors they introduce,
even when possessing relevant domain expertise (Goddard et al., 2012). When a
tool produces text or images that read as coherent and complete, the natural
inference is that the underlying content is also accurate. Yet fluency is, at best, a
weak proxy for substantive quality. Field-experimental evidence makes this point
with particular force (Dell’Acqua et al.,, 2023) showing that Al assistance

substantially improved performance on tasks within what they term the «jagged



technological frontier» of current Al capability, yet just as reliably degraded
performance on tasks outside that frontier, because consultants could not reliably
distinguish, from fluency alone, which side of the frontier a task fell on. Critically,
recent experimental work testing whether self-reported Al literacy protects against
this kind of uncritical deference found that it does not: participants’ self-reported
Al literacy showed no significant protective effect against automation bias when
exposed to deliberately faulty Al advice, leading the authors to conclude that
«familiarity alone is not sufficient to ensure healthy skepticism» (Wingerter et al.,
2025). This finding anticipates, in miniature, the central empirical puzzle motivating
the present study: even where individuals believe themselves equipped to evaluate
Al output, that belief offers no guarantee of actual evaluative competence.
Resolving this puzzle requires first clarifying what Al literacy itself is taken to mean,
since the term Al literacy has been used with considerable definitional variability,
reflecting both the youth of the field and the speed at which its object of study has
changed. One influential conceptualization grounds itself in an analogy to digital
literacy, identifying four constructs: awareness, usage, evaluation, and ethics,
validated through a twelve-item Al Literacy Scale (AILS) across two independent
samples using a rigorous multi-step process (Wang et al., 2022). The resulting four-
factor structure clearly outperformed one, two, and three-factor alternatives in
model fit, and the authors explicitly distinguish Al literacy from general digital
literacy on substantive grounds: people often interact with Al through social rather
than instrumental logic, meaning a person can be highly digitally literate while
remaining poorly equipped to evaluate generative Al outputs. A more recent
framework is the Affective, Behavioural, Cognitive, and Ethical (ABCE) model (Ng et
al., 2024), which explicitly incorporates non-cognitive dimensions (confidence,
motivation, engagement, and collaboration) alongside the conceptual and ethical
competencies central to earlier formulations. The associated Al Literacy
Questionnaire (AILQ) was validated through expert judgment, qualitative

interviews, a pilot study, and first- and second-order confirmatory factor analysis,



demonstrating good model fit and high internal consistency (Cronbach’s alpha
exceeding 0.90). The ABCE model was validated on a sample of 363 secondary
school students in Hong Kong, aged 12 to 17, within a structured educational
program (Ng et al., 2024). Like the AILQ, it relies entirely on self-report measures:
all four dimensions, including the cognitive dimension, are assessed by asking
participants to rate their own perceived competence rather than by requiring them
to demonstrate that competence through performance tasks. As a result, the
model provides a well-validated framework for understanding how people perceive
their affective, behavioral, cognitive, and ethical engagement with Al, but not

necessarily how accurately these perceptions reflect their actual abilities.

1.1 Self-report bias

The ABCE/AILQ and the AILS are not exceptions. In validating the Meta Al Literacy
Scale (MAILS), Koch et al. (2024) note that most Al literacy instruments developed
in recent years rely primarily on self-report measures. While these scales have
generally received support for their factorial structure, their validity has rarely been
examined beyond this initial level of psychometric evaluation.
Although the validation of the MAILS was methodologically rigorous (the authors
tested a nomological network of theoretically predicted relationships across
multiple studies), most of the evidence relied on correlations between MAILS
scores and other self-report instruments designed to measure similar constructs.
This approach has an important limitation: when all instruments are based on self-
report, strong correlations do not necessarily indicate that they capture actual Al
competence. Instead, they may simply reflect a common tendency for people to
evaluate themselves in similar ways, that is, a shared response bias.

This limitation becomes evident in the only study in which the MAILS was compared
with an independently developed, peer-reviewed objective knowledge test (Koch
et al., 2024). Only the overall MAILS score, the Know & Understand dimension, and

Emotion Regulation showed significant correlations with objective performance,



and these relationships were relatively weak. By contrast, several dimensions that
are arguably most relevant for competent Al use (Use Al, Ethics, Detect Al, and
Problem Solving) showed no significant relationship with objectively measured
knowledge.

The same issue emerges even more clearly in the work of Zhang et al. (2026). Rather
than comparing one self-report scale with another, the authors developed two
parallel instruments based on the same theoretical framework: a Self-Report (SR)
measure and an Objective-Based (OB) performance test, which they administered
to 288 Taiwanese K-12 teachers. Because both instruments assess the same
underlying construct using different measurement approaches, this design avoids
the circularity inherent in comparing two self-report questionnaires. Both
instruments demonstrated strong psychometric properties. The objective test was
validated using Rasch modeling (KR-20=0.862), while the self-report questionnaire
showed excellent fit in confirmatory factor analysis (a=0.889). Nevertheless,
correlations between objectively measured competence and self-reported
competence were consistently weak (r=0.07-0.24). The authors therefore conclude
that self-reported and objectively measured Al literacy cannot be used
interchangeably. Latent profile analysis further illustrates why this finding matters
at the individual level. The population was not composed simply of people who
tended to overestimate their abilities. Instead, six distinct profiles emerged: some
participants genuinely overestimated their competence, others underestimated it
(the largest group), others showed close agreement between perceived and
demonstrated competence, and two additional groups clustered around the
average with only minor discrepancies. The key implication is that the error in self-
report measures is not systematic or uniformly directional. There is no single
overestimation bias that can simply be corrected statistically. Rather, different
individuals misjudge their competence in different ways: some overestimate it,
some underestimate it, and others assess it accurately. Consequently, a self-report

score alone provides limited information about a person's actual Al competence



and does not reliably indicate which of these profiles an individual belongs to.
Previous experience with Al tools appears to reduce the most extreme forms of
mismatch between perceived and actual competence, but it does not eliminate the
problem of overestimation. Stronger evidence comes from two large-scale
experiments in which participants used ChatGPT to solve LSAT-style logical
reasoning problems (Fernandes et al., 2026). Across the two studies, involving
nearly 700 participants, individuals completed the same reasoning tasks both
without assistance and with ChatGPT support. As expected, Al assistance
significantly improved objective performance. However, it produced an even larger
increase in participants' estimates of their own performance. In other words,
although participants performed better with Al assistance, they overestimated
their performance to a much greater extent than those who completed the same
tasks without Al. Importantly, this pattern persisted even when participants
received financial incentives for estimating their performance as accurately as
possible. The persistence of overestimation despite monetary rewards suggests
that the effect reflects a genuine metacognitive bias rather than a simple lack of
motivation or care.

Perhaps the most striking finding concerns the distribution of this overestimation.
Under normal conditions, the well-established Dunning-Kruger effect predicts that
lower-performing individuals tend to overestimate their abilities more than higher-
performing individuals. Under ChatGPT assistance, however, this pattern
disappeared. Al support reduced performance differences across individuals with
different ability levels, but it did not improve their ability to evaluate their own
performance accurately. As a result, both higher and lower-performing participants
displayed similarly elevated levels of overconfidence. The same study also reports
a finding with direct implications for Al literacy measurement. Using the self-report
SNAIL instrument, they found that participants reporting higher levels of Technical
Understanding were, paradoxically, those who showed the greatest overestimation

of their own performance. Similarly, the Critical Appraisal and Practical Application



dimensions were associated with greater confidence in one's answers, but not with
a better ability to distinguish correct from incorrect responses.

The authors interpret these findings through the concept of the illusion of
explanatory depth. Familiarity with Al systems appears to create the impression
that one understands how they work far better than is the case. Therefore,
experience with Al increases confidence in one's own abilities without producing a

corresponding improvement in actual evaluative competence

1.2 Research gap and research questions

To date, no Al literacy instrument has been developed and validated specifically for
adult professionals working in organizational settings, even though these are the
individuals who routinely use Al tools to support business decisions and
organizational processes. Existing research has focused primarily on students,
teachers, or online samples drawn from the general population, while most
available instruments continue to rely exclusively on self-report questionnaires. As
discussed in the previous sections, this approach has an important limitation:
perceived competence does not necessarily correspond to demonstrated
competence.

The present pilot study was designed to address both gaps within a population of
adult business professionals.

Therefore, two questions guided the research: how do business professionals
assess their own ability to use, interpret and engage with Al, and does it differ from
an externally evaluated performance? How can an authentic task be designed to
operationalize the ABCE dimensions of Al literacy as observable performance
indicators in adult professionals?

To answer the first question, in this study we used the validated ABCE framework
(Ng et al., 2024) within a population of adult business professionals. The ABCE

framework was selected as the theoretical foundation because it conceptualizes Al



literacy as a multidimensional construct encompassing Affect, Behaviour,
Cognition, and Ethics, providing a more comprehensive account of competent Al
use than frameworks that focus primarily on cognitive skills or consumer-oriented
technology use. Furthermore, the framework is particularly well suited to the target
population of this study, students enrolled in a Master's programme in Advanced
Digital Technologies, as it captures the broad range of competencies required by
future professionals who are expected not only to use Al effectively, but also to
critically evaluate its implications and apply it responsibly in professional contexts.

To answer the second question, the present study assesses Al literacy through an
authentic task, designed according to the principles of authentic assessment
(Gulikers et al., 2004). A performance assessment rubric, with top-down codebook,
was used to operationalize the dimensions of the ABCE framework. Participants
were asked to evaluate Al-generated communication materials in a scenario
representative of activities commonly performed by professionals in marketing,
human resources, and corporate communication, moving beyond the abstract
reasoning tasks that have characterized previous research. This methodology
combines self-report and performance-based evidence to overcome the limitations
of Al literacy research based solely on self-assessment. The study was conducted
with professionals enrolled in the Digital for Business Joint Master programme? in
Advanced Digital Technologies for Business (EQF 6), a European continuing
education initiative accredited by ASIIN, and jointly delivered by the University of
Bologna, NOVA School of Business and Economics, Linképing University, and the
National College of Ireland. This population was deliberately selected because it
consists of working professionals who have chosen to deepen their expertise in
digital transformation and artificial intelligence while occupying roles in
organizational settings. As such, it provides an appropriate context for developing

and validating Al literacy measures intended for professionals.
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2. Method - Marika

Data was collected first via the Al Literacy Questionnaire (AILQ) via an online survey,
providing self-reported measures across the ABCE dimensions; a week later, the
same participants completed an authentic task designed to elicit observable Al
literacy competence in terms of critical analysis skills of Al-generated content.
Open-ended responses collected were analysed through a deductive coding
approach in which categories are defined a priori: in this case, by the dimensions
and level descriptors of an analytic rubric. Rubric scores were then converted into
numerical values through quantizing (Sandelowski et al., 2009) and entered the
statistical analyses. The quantitative gap between self-report and performance was

then quantified through a Disposition-Performance Gap (DPG).

2.1 Participants
The present study was conducted in February 2026. 141 students of the Master’s
in Advanced Digital Technology for Business, with a mean age of 44.2 years (male
74,5%), voluntarily completed both assessments. Descriptives of the participants

are illustrated in Annex 1.

2.2 Instruments

2.2.1 Al Literacy Questionnaire (AILQ)

The AILQ (Ng et al., 2024) operationalises the ABCE framework (Affective, AL;
Behavioural, BL; Cognitive, CL, and Ethical learning, EL) through 32 items on a five-
point Likert scale (1=strongly disagree, 5=strongly agree). According to the author,
the AL comprises four factors capturing learners' subjectively experienced attitudes
toward Al: intrinsic motivation, self-efficacy, career interest, and confidence in

learning Al; BL comprises behavioural commitment to pursuing Al-related learning



goals, and collaboration aimed at building relationships that support such learning;
CL comprises three factors organized along a progression of thinking skills, from
lower-order (knowing and understanding Al) through mid-order (using and applying
Al) to higher-order skills (evaluating and creating with Al); and EL includes reliability,
safety, privacy, responsibility, transparency, awareness, and social good, intended
to foster a positive disposition toward Al.

A Socio-Technical Awareness (STA) dimension was added to the original ABCE
structure, defined as the ability to recognize that Al outputs are not neutral artifacts
but are shaped by training data, model architecture, and system default settings.
The STA dimension comprises a bifactorial structure: sociotechnical responsibility
and critical non-neutrality awareness. The score for each AILQ dimension is
computed as the arithmetic mean of its constituent items, preserving the 1-5
interpretive range and ensuring comparability across dimensions of varying length

(Tab. 1).

Table. 1. Descriptive statistics for the survey dimensions

Dimension n items M SD Skewness a
AL 10 4.19 0.51 -0.41 .872
BL 8 3.94 0.60 -0.40 .858
CL 6 3.77 0.70 -0.46 .841
EL 8 4.49 0.41 -0.56 732
STA _F1 5 4.12 0.59 -0.45 .750
STA F2 4 3.52 0.95 -0.32 .830
2.2.2 Authentic task

The authentic task was embedded as part of the educational programme. The

scenario presents participants with a realistic professional situation: as



communication or HR professionals, they are asked to evaluate two Al-generated
employer branding campaigns produced by different large language model systems
(namely, ChatGPT-GPT 5.2 and Gemini 2.5 Flash-Imagen3), both generated from an
identical, generic prompt: "Generate a text and an image for an employer branding
campaign". The use of a single, underspecified prompt across both systems is a
deliberate design choice: it replicates a common real-world condition in which
generative Al tools are used without domain-specific guidance, thereby maximising
the likelihood of systematic biases in the output. Fig. 1 shows the outputs
participants had to analyse.

The activity structure includes 5-points Likert-scale items assessing perceived
effectiveness of the prompt, text, and image, and likelihood of professional use, as
well as open-ended reflective questions in which participants are asked to

articulate their reasoning across all four components of the task.

Fig. 1 Image and Text outputs generated from the prompt: “Generate a text and

an image for an employer branding campaign”

[ChatGPT Output]: We are a dynamic and fast-

EXCEL WITH US

MERIT | LEADERSHIP | AUTONOMY AMBITIO&

growing company made up of young, motivated, and
results-driven professionals. We believe in merit,
individual responsibility, and the ability to excel. We
reward those who demonstrate natural leadership,
autonomy, and the ability to make rapid decisions.
We do not value bureaucracy or people who need
rigid rules: we prefer individuals who are
independent, self-confident, and action-oriented.

Our team operates in a stimulating, competitive, and

DRIVEN | DYNAMIC | RESULTS-FOCUSED | HIGH-PERFORMANCE ENVIROMENT

high-performance environment where we reward talent and the willingness to step up and challenge
oneself. We are looking for flexible and resilient individuals who are ready to work under pressure to
achieve ambitious goals. We offer rapid growth opportunities for those who demonstrate

commitment, dedication, and the ability to adapt to a constantly evolving environment.



[Gemini Output]: Headline: We Don’t Hire

Employees. We Build Leaders. Who We Are: We are a

"I MERIT. LEADERSHIP.

dynamic, fast-growing powerhouse fueled by one ACTION. DRIVE.
ANALYZE. CONQUER.
thing: excellence. We don’t just meet targets; we Your Fatiure. Our Team.

redefine them. Our team is a collective of young,
hungry professionals who aren’t afraid to take risks,
make decisions, and own their results.

Our Culture: Merit over Bureaucracy. At [Company
Name], we have no room for red tape or rigid hand-

holding. We believe in individual responsibility and

radical autonomy. Here, talent isn’t just noticed—it’s

rewarded. If you are a self-confident high-performer who prefers action over over-analysis, you’ve
found your tribe.

What We Look For: Resilience & Grit: You thrive under pressure and see challenges as fuel for growth.
Result-Orientation: You are obsessed with the "win" and don't stop until the goal is conquered.
Decisive Leadership: You don’t wait for permission; you take initiative and make rapid, data-driven
decisions. Unapologetic Ambition: You want a career trajectory that moves as fast as you do.

Why Join Us? Forget the slow, predictable corporate ladder. We offer a high-octane environment
where professional evolution is accelerated by merit, not seniority. If you are ready to work hard, play
for the win, and see your impact recognized in real-time, your journey starts here.

[Company Name]: Drive. Analyze. Conquer.

2.2.3 Performance Assessment Rubric

Performance on the authentic task is assessed through a four-dimension analytic
rubric, scored on an ordinal scale from 0 to 3 per dimension, yielding a total score
range of 0-12. The four dimensions and their behavioural descriptors are:

a) Prompt Evaluation, assessing the capacity to identify structural limitations
and missing elements in the prompt, and to connect them to the
characteristics of the generated output;

b) Text Analysis, assessing the capacity to identify and critically argue the
presence of specific bias categories in the Al-generated text, with reference

to their professional implications;



c) Image Analysis, assessing the capacity to identify representational choices,
visual bias patterns, and Al-generated artefacts in the accompanying
image;

d) Socio-Technical Awareness, assessing the capacity to articulate how
cultural values, ideological assumptions, and design choices are encoded in
Al outputs, and to recognise that the training data underlying large
language models reflects structurally biased representational patterns,
reflecting structurally biased representational patterns rooted in dominant
Western-centric, male-centred, ageist, and ableist cultural assumptions.

Score 0 indicates complete absence of the dimension's elements in the response;
scores 1-3 correspond to progressively more articulated and evidence-based
performance, anchored to empirically documented bias categories.
The descriptor anchors were developed from a body of literature on bias in large
language model outputs, including: ageism (Kamruzzaman et al., 2023; Martens et
al., 2025); ableism and neurodiversity bias (Glazko et al., 2024; Phutane et al.,
2025); gender bias in text-to-image systems (Girrbach et al., 2025; Naik & Nushi,
2023); racial representation (Bender et al., 2021); toxic rhetoric and cultural bias
(Gehman et al., 2020; Mufioz-Ortiz et al., 2024; Tao et al., 2024); absence of
inclusive values and diversity washing (Beckert & Koch, 2025); legal risk under EU
anti-discrimination law (Council of the European Union, 2000).

The 0-12 range defined three interpretive thresholds:

a) Naive (0-4);

b) Developing (5-8);

c) Proficient (9-12).

The final score was calculated as the average of the ratings assigned through a
double blind peer review of the open-ended questions included in this study,
conducted by two researchers. Cohen's k values, computed on a 25-response

subsample (17.7% of the total), ranged from .471 (socio-technical awareness) to



.593 (text analysis), indicating moderate agreement across all four dimensions

(Landis & Koch, 1977). All values reached statistical significance (p < .001).

2.2.4 Disposition-Performance Gap

To examine the relationship between self-perceived and demonstrated Al literacy,
a Disposition-Performance Gap (DPG) index was computed. The rationale for
relating the two instruments rests on their complementary status as proxies of the
same underlying object of interest: the AILQ provides an internal proxy of Al literacy
competence, filtered through the participant's self-representation, whereas the
rubric provides an external, criterion-referenced evaluation of that competence as
demonstrated on a concrete task. Comparing the two therefore addresses the
extent to which self-representation converges with externally assessed
performance, that neither instrument can answer alone. At the same time, the two
proxies operationalize conceptually distinct constructs: as stated by Ng et al.
(2024), the AILQ captures a general self-perceived disposition towards Al
(motivation, self-efficacy, behavioural commitment, ethical values), whereas the
rubric captures a task-specific critical analysis competence. For this reason, the DPG
is not framed as a measure of metacognitive calibration (Eva & Regehr, 2005), but
as the misalighment between a general disposition and a specific performance. The
perceived disposition score was computed as the mean of the four AILQ dimensions
(AL, BL, CL, EL) and linearly rescaled to the rubric metric, mapping the 1-5 range

onto 0-1 scale:
Perceived competence score (normalized) = (Mean_ABCE - 1) x 3
DPG_ABCE = Perceived competence score (normalized) - Rubric_mean

where Mean_ABCE is the unweighted mean of the four ABCE dimension scores, and
Rubric_mean is the mean rubric score across both stimuli (S1 and S2). An analogous

formula applies for DPG_ABCE_STA, using the mean of all six dimensions (AL, BL,



CL, EL, STA_F1, STA_F2). DPG_ABCE is treated as the primary measure, as it relies
exclusively on the originally validated AILQ dimensions; DPG_ABCE_STA serves as a
sensitivity check.

Three categories were defined using a priori cut-offs of £3, corresponding to one
rubric level: Disposition Surplus (DPG > +3), in which self-perceived general
disposition exceeds demonstrated task-specific performance; Alignment (-3 < DPG
< +3); and Performance Surplus (DPG < -3), in which demonstrated performance

exceeds self-perceived disposition.

2.3 Data analysis

Descriptive statistics were computed for all AILQ dimensions and for rubric scores
by dimension and stimulus. Paired-samples t-tests examined differences between
S1 and S2 rubric scores across dimensions. Performance-level distributions
(Disposition Surplus/Alignment/Performance Surplus) were computed from the
mean rubric score across stimuli. DPG distributions were examined both
continuously (mean, SD, range) and categorically (frequency per level). The
association between performance level and DPG category was tested using
Pearson's chi-square. Pearson correlations were computed between AILQ

dimension scores and rubric total score.
3. Results

3.1 Self-Reported Al Literacy (AILQ)

As shown in Tab. 1, all dimension means fall above the scale midpoint (3.0), with EL
recording the highest value (M=4.49, SD=0.41) and STA-F2 the lowest (M=3.52,
SD=0.95). EL also displays the most restricted range (3.50-5.00), indicative of a
partial ceiling effect: no participant rated ethical attitudes below 3.50, suggesting
near-universal endorsement of general Al ethics principles. STA-F2 exhibits the
highest variability (SD=0.95), reflecting heterogeneous positions on the non-

neutrality of algorithms and digital platforms. All six distributions are negatively



skewed, with kurtosis values approximating zero, consistent with approximate

normality.

3.2 Performance Assessment (Rubric)

Descriptive statistics for rubric scores by dimension and stimulus, along with paired
t-test results for the S1-S2 comparison, are presented in Tab. 2. The mean total
score across both stimuli is M=7.93 (SD = 2.89), positioning the sample at the upper
boundary of the Developing level and approaching the Proficient threshold (29).
The full range (0-12) is observed in each dimension and for both stimuli, indicating
that the rubric effectively discriminates across all performance levels without floor

or ceiling effects.

Table. 2. Rubric descriptive statistics and S1 vs S2 paired t-tests

Dimension SIM SD S2M SD N t (df=140) p
Prompt evaluation 202 096 2.02 0.9 141 = n.a.
Text analysis 198 085 199 085 141 -0.35 728
Image analysis 203 082 206 0.77 141 -0.47 .636
Socio-technical 191 099 187 096 141 0.76 .450
awareness

Total score (0-12) 793 3.07 7.93 284 141

Paired-samples t-tests reveal no statistically significant differences between S1 and
S2 on any dimension, confirming the two stimuli as equivalent assessment
instruments despite their different rhetorical and visual characteristics.
Performance-level distributions are presented in Tab. 3. Approximately half the
sample (49.6%, n = 70) achieves the Proficient level on the mean score, with 36.9%
(n =52) at the Developing level and 13.5% (n = 19) at the Naive level. Distributions

are highly consistent across S1 and S2.



Table. 3. Distribution of participants by performance level (Naive / Developing /

Proficient)
Level Sin S1% S2n 52 % Mean n (%)
Naive (0-4) 23 16.3 18 12.8 19 (13.5)
Developing (5-8) 51 36.2 55 39.0 52 (36.9)
Proficient (9-12) 67 47.5 68 48.2 70 (49.6)
Total 141 100 141 100 141 (100)

3.3 Disposition-Performance Gap (DPG)

Descriptive statistics and category distributions for both DPG versions are
presented in Tab. 4. Both versions yield positive mean values (DPG_ABCE: M =
+1.36,SD =2.96; DPG_ABCE_STA: M =+1.08, SD = 2.93), indicating a slight tendency
toward Disposition Surplus at the sample level. In both cases, however, the mean
falls within the Alignment zone (+3). No participant reaches the theoretical
extremes of the scale (+12), and the observed range is substantially narrower than

the theoretical range (approximately -5 to +8 for both versions).

Table 4: DPG descriptive statistics and category distributions

DPG version M sD Min Max Perf. Surplus / Align. /
Disp. Surplus

DPG_ABCE +1.36 296 -5.11 +8.02 3.5%/68.8%/27.7%

DPG_ABCE_STA +1.08 293 -5.08 +8.38 5.0%/68.1%/27.0%

The two DPG versions produce nearly identical category distributions (Performance
Surplus: 3.5% vs 5.0%; Alignment: 68.8% vs 68.1%; Disposition Surplus: 27.7% vs
27.0%).

The cross-tabulation of performance level by DPG_ABCE category (Tab. 5) reveals a

highly structured pattern.



Table 5: Cross-tabulation of performance level by DPG_ABCE category

Performance level Perf. Surplus Alignm. Disp. Surplus  Total
Naive (0-4) 0 (0.0%) 0 (0.0%) 19 (100%) 19
Developing (5-8) 0 (0.0%) 33 (63.5%) 19 (36.5%) 52
Proficient (9-12) 5(7.1%) 64 (91.4%) 1(1.4%) 70
Total 5 97 39 141

All 19 participants at the Naive performance level fall in the Disposition Surplus
category (100%). Among Developing-level participants, 63.5% are Aligned and
36.5% are in the Disposition Surplus category; no Developing-level participant is in
the Performance Surplus category. Among Proficient-level participants, 91.4% are
Aligned, 7.1% (n = 5) are in the Performance Surplus zone, and only 1.4% (n = 1) is
in the Disposition Surplus zone. Pearson's chi-square test confirms a statistically
significant association between performance level and DPG category (x*(4) = 78.41,

p <.001).
4. Discussion

The central idea of the Artificial Intelligence Literacy Questionnaire (AILQ) is that
being Al literate involves more than simply understanding Al from a technical
perspective; it also requires developing appropriate attitudes, behaviours, and
ethical awareness in the use of these technologies.

The AILQ questionnaire reveals that the sample is highly motivated and ethically
oriented toward Al, yet less collaborative in its learning practices and less confident
in advanced cognitive operations such as creation and system design. In the rubric
the socio-technical awareness dimension consistently yields the lowest mean
scores in both S1 (M =1.91, SD =0.99) and S2 (M = 1.87, SD = 0.96), indicating that
the capacity to articulate the socio-technical embeddedness of Al outputs is the

least consolidated competence in this sample.



Regarding the DPG, at the aggregate level the sample appears well calibrated: the
mean score falls within the a priori tolerance zone, and approximately two-thirds
of participants fall in the Alignment zone. However, this aggregate pattern conceals
a threshold-dependent structure that becomes apparent only when results are
disaggregated by performance level (Tab. 5). Every participant classified as Naive
on the authentic task falls in the Disposition surplus zone. Among Developing-level
participants, overestimate their disposition relative to their external assessment,
and none falls in the Performance surplus zone. Among Proficient-level
participants, the pattern reverses: Disposition surplus is nearly absent (1.4%), while
a small subgroup (7.1%) underestimates their disposition relative to their external
assessment. This indicates that discrepancy between the dispositions and the
performance is not a uniform feature of the sample: those with a Naive
performance are also those who most consistently overestimate their Al literacy,
while Proficient participants assess their own Al literacy comparatively accurately.
This finding extends, in a professional setting, the evidence reported by Fernandes
et al. (2026) and Zhang et al. (2026), according to which self-assessment errors are
not uniform across individuals and the risk of miscalibration is not randomly
distributed across the population. Practically, this implies that self-reported
confidence alone cannot identify which individuals are most likely to over-rely on

Al output: demonstrated performance must be measured directly.

5. Conclusion

The relevance of this study in stressing the idea that business professionals should
develop awareness not only of their technical skills, but also of their ability to
analyse the ethical, political, and socio-technical implications that characterize the
use of Al. Al is not a neutral tool; its outputs reflect design choices, training data,
and implicit cultural values that go beyond the purely technical dimension. In this
sense, the findings of this study support the need for educational pathways aimed

at fostering metacognition and critical reflection on the use of Al,



identifying/highlighting a gap between the perception of one's own dispositions
and the actual skill to capture its complexity. The DPG therefore proves to be an
agile tool for monitoring these abilities, moving beyond reliance on self-reported
guestionnaires by complementing them with authentic tasks that provide a more
accurate frame of the training needs of business professionals, in relation to the

use of an advanced and generative technology such as Al.
6. Limitations and future directions

This study has several limitations. First, the sample consisted of professionals
enrolled in a single Digital for Business Master's programme, limiting the
generalisability of the findings to other professional contexts. Second, the cross-
sectional design does not allow changes in Al literacy over time or causal
relationships to be examined. Third, although the authentic task provides a more
performance-based assessment than self-report measures alone, it was based on a
specific scenario and scoring rubric, which may not capture the full range of Al
literacy skills across different contexts or Al systems. Nevertheless, the architecture
of the task separates components that can be held constant across contexts from
components that must be re-specified. Three elements are context-dependent: the
professional artefact requested in the prompt (e.g., a job advertisement or
candidate summary in human resources, where disability bias in GPT-based
screening and hiring scenarios has been documented; see Glazko et al., 2024;
Phutane et al., 2025), the set of bias categories, and the applicable normative
framework. Each adaptation would require renewed expert review of the bias
categories and rubric descriptors, as well as new inter-rater reliability estimates,
since agreement levels for analytic rubrics cannot be assumed to transfer to new
stimuli. Where outputs are text-only, the Image Analysis dimension cannot be
scored, and total scores and DPG values would not be comparable with those
reported here. Future research should replicate the study with larger and more
diverse samples, adopt longitudinal designs, and validate the DPG using a broader

range of authentic tasks and generative Al applications.
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