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Abstract. Aligning information technology (IT) workforce demands with educational assessments is essential for
bridging skills gaps, yet no prior corpus maps IT task reasoning to Programme for International Student Assess-
ment (PISA) proficiency levels. This paper introduces an LLM-powered framework aligning IT competencies with
PISA 2022 and the OECD Learning Compass 2030. Drawing on O*NET v30.2, ESCO v1.2.1, PISA descriptors
and OECD definitions, the proposed pipeline filters 93 core IT occupations. Using Gemini 2.5 Flash, 562 tasks
are annotated with minimum PISA levels across Mathematical, Reading and Science literacy (1 stage). Validity
is established through re-annotation with Gemini 2.5 Pro (2" stage-measured via Cohen’s Kappa) and OLS-based
calibration against O*NET ability ratings, showing statistically significant correlations to standardized ability
scores. Validated tasks are embedded and clustered into 25 technical profiles via K-Means, each classified against
OECD dimensions. The framework is extended to 95 ESCO transversal skills in 24 clusters. Bidirectional analysis
reveals that while every PISA proficiency level is engaged by at least one transversal cluster, 33% of these clusters,
covering creative, ethical, social-emotional and dispositional competencies, fall entirely outside PISA’s cognitive
scope. This boundary mapping identifies where PISA-based alignment is valid and where complementary tools
are required for full readiness assessment.
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1. Introduction

The relationship between educational systems and labor market requirements has long been a central
concern of education policy and workforce development research. Educational assessments such as the
PISA measure what students can demonstrably do at the end of compulsory schooling, whilst occupa-
tional frameworks such as Occupational Information Network (O*NET) document what employees
must do across thousands of job titles. Neither, on its own, answers the question that matters most to
education policymakers, curriculum designers and labor economists: at what cognitive level must a
graduate actually perform to meet the minimum demands of a given occupation, and how does that
threshold compare to what current student populations have measurably achieved?

This gap is particularly acute in the IT sector as IT occupations are among the fastest-growing and
highest-compensating categories in OECD labor markets and simultaneously among the most cogni-
tively demanding in terms of the breadth of reasoning they require. Software developers, data scientists,
security analysts and network architects are not simply required to recall technical syntax or apply pre-
learned procedures; they routinely formulate novel solutions, interpret ambiguous data, reason induc-
tively from empirical signals and communicate complex findings to non-specialist stakeholders. These
demands span the full range of the PISA literacy domains (Mathematics, Reading and Science) and, in
many cases, exceed the proficiency levels that the majority of students in middle- and lower-performing
OECD countries can currently demonstrate. Understanding this gap quantitatively is a prerequisite for
any evidence-based response, whether in the form of curriculum reform, targeted skill development
programs or education-to-employment transition policy. Empirical evidence confirms this urgency: a
bachelor’s degree is no longer sufficient in routine-intensive IT industries, where graduate-level cogni-
tive capacity is increasingly required, underscoring the inadequacy of credential proxies and motivating
direct cognitive task-demand measurement [1].

No prior study has annotated occupational task statements with PISA proficiency level descriptors.
Existing approaches either apply Bloom’s Revised Taxonomy [2] to occupational complexity classifi-
cation, describing intended learning outcomes rather than demonstrated population-level achievement
or aggregate O*NET ability ratings at the occupation level, which suppresses the intra-occupation cog-
nitive variation that is central to identifying where the demand-supply mismatch actually occurs. Only
an assessment-anchored framework such as PISA can support direct comparison between measured
student capability and workforce cognitive demand, and no prior work has operationalized this align-
ment at the task level. The significance of this work extends across several fields:
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(a) For education policy, the framework provides a principled, evidence-based method for quantify-
ing the cognitive distance between measured student populations and occupational entry requirements,
expressed in the PISA proficiency levels that governments use to set national benchmarks;

(b) For curriculum design, it provides a granular map of where reasoning demands concentrate
across IT occupations;

(c) For Al and educational technology research, the paper contributes a validated methodology for
deploying LLMs as annotation instruments for educational framework alignment, including an explicit
cross-model reliability analysis that characterizes the limitations of that approach.

Our analysis contributes to the first PISA-aligned IT competency corpus, a reproducible annotation
pipeline and a structured map of coverage boundaries relative to the OECD Learning Compass.

2. Literature review

The foundation for analyzing work in terms of its constituent tasks rather than broad occupational
categories was established by a task-based model of the labor market that distinguishes between routine
and non-routine tasks and between cognitive and manual execution modes [3]. Later formalized into a
broader framework [4], this tradition shifted the unit of analysis from the occupation to the task, ena-
bling finer-grained characterization of cognitive demand and its relationship to technological change.
Binary cognitive/routine typologies have nonetheless been shown to mask systematic within-category
variation in technological impact, with richer multi-dimensional task taxonomies revealing differenti-
ated effects invisible to simpler frameworks [5], a limitation the present paper addresses by deploying
three independent PISA literacy dimensions as the classification scheme. This task-level approach has
since been extended to questions of automation susceptibility, with estimates suggesting that approxi-
mately 47% of US employment was at risk of computerization [6] and more recently to examining how
language models specifically alter occupational task demand [7]. Equilibrium models show task dis-
placement concentrates at intermediate cognitive complexity [8], experimental evidence confirms Al
tools disproportionately augment below-threshold workers while leaving high-complexity reasoning
intact [9] and macro synthesis demonstrates that aggregate Al productivity gains are bounded by the
cognitive depth of affected tasks [10], all reinforcing that task-level characterization is the prerequisite
for evidence-based workforce projection.

Digital technologies have also been argued to increasingly substitute for cognitive rather than merely
physical labor, a shift with direct consequences for the cognitive thresholds that educational systems
must help students reach [11]. Two databases operationalize this tradition at scale: O*NET provides
ability-rated task descriptions across more than 900 occupational titles, while ESCO organizes occupa-
tions, skills and competencies in a multilingual hierarchy, providing explicit cross-referencing between
job-specific technical skills and broader transferable competencies. Text-mining analyses of ESCO aga-
inst Industry 4.0 technology trends reveal persistent coverage gaps, particularly in emerging knowledge
domains, supporting the need for cross-database integration of O*NET and ESCO to capture the full
breadth of contemporary IT task demands [12].

PISA, administered by the OECD since 2000, assesses the mathematical, reading and science literacy
of 15-year-old students across 81 countries, defining literacy not as curriculum mastery but as the ca-
pacity to apply reasoning to authentic problems [13]. Each proficiency level is described by explicit
descriptors anchored to empirically derived item difficulty. Empirical work applying Bayesian Network
modelling to PISA 2018 and 2022 data has further demonstrated that reading literacy functions as a
causally upstream predictor of both mathematical and scientific achievement across country cohorts,
revealing structural interdependencies between the three literacy domains that have direct implications
for how PISA-aligned competency frameworks are designed and interpreted [14]. The 2022 Assessment
and Analytical Framework defines these descriptors as anchored to what students at each threshold
demonstrably do, not what they are taught, and explicitly incorporates computational thinking within
mathematical literacy [15]. Longitudinal evidence demonstrates that cognitive skills as measured by
international assessments, rather than years of schooling alone, are the principal driver of long-run eco-
nomic growth and labor market outcomes [16]. Building on this evidence, [17] estimate global losses
from missing basic PISA skills at over $700 trillion, and the OECD has translated these findings into
policy terms by advocating PISA data as a labor market benchmark [18], though neither has operation-
alized that alignment at the task level. The OECD Learning Compass 2030 [19] extends this framing
further, organizing the broader competency landscape for 21st-century work across transformative



competency categories, skill dimensions and knowledge dimensions. This broader framing is warranted
by labor-economic evidence that the market increasingly rewards social, dispositional, and higher-order
competencies that standardized cognitive assessments are not designed to measure [20], underscoring
why the Learning Compass, rather than PISA alone, is required as the full classification target.

The growing cognitive demand for advanced reasoning skills in IT occupations, outpacing what most
OECD educational systems currently supply, motivates the use of scalable automated annotation to
operationalize this gap at the task level. LLMs have been shown to outperform crowd-sourced annota-
tors on structured text classification tasks, achieving higher agreement with expert gold standards at
substantially lower cost [21]. Related work has applied NLP classification directly to 1ISCO-08 task
descriptions for Al exposure estimation at scale, establishing that automated task-level annotation of
international occupational frameworks is methodologically accepted and policy-relevant [22]. In edu-
cational settings, LLMs have been applied to classify the cognitive level of assessment items and to
align curriculum objectives with taxonomy levels, demonstrating that models can perform structured
educational classification reliably at scale. Systematic reviews of LLMs in education identify structured
framework alignment as a high-potential application but flag hallucination and construct validity as
risks requiring explicit validation [23] risks addressed here through cross-model Cohen's Kappa [24]
analysis and OLS calibration against O*NET expert ratings. Fine-tuned BERT models struggle with
ambiguous skill spans in professional text [25], motivating instruction-following LLMs for the more
demanding task of PISA-level cognitive classification. Siamese BERT-network architectures enable
efficient semantic similarity computation [26], [27], supporting sentence embedding-based classifica-
tion of ESCO transversal skills in job advertisements [28] and NLP-based ESCO-to-e-CF alignment
that substantially outperforms manual matching [29].

Despite the breadth of research across these fields, a specific and consequential gap remains un-
addressed. Occupational task databases such as O*NET provide detailed, ability-rated descriptions of
what IT work requires and PISA provides empirically grounded, population-anchored measures of what
students can demonstrably do, yet no prior study has connected the two. Thus, no existing work has
annotated occupational task statements with PISA proficiency level descriptors, applied those de-
scriptors as a cognitive demand classification scheme or used the OECD Learning Compass 2030 as a
classification target for empirically derived IT competency clusters. The result is that the cognitive
distance between what IT occupations demand and what educational systems demonstrably produce
remains unquantified at the task level, the level at which curriculum reform and workforce policy deci-
sions are ultimately made.

3. Methodology

The methodology operationalizes the theoretical gap identified in the literature review, the absence
of a task-level bridge between empirically anchored educational assessments and occupational cogni-
tive demand, through a reproducible, LLM-powered annotation pipeline. The pipeline maps individual
IT occupational task statements to minimum PISA 2022 proficiency levels across Mathematics, Read-
ing and Science, then extends this mapping to the broader competency architecture of the OECD Learn-
ing Compass 2030. Our approach draws on four publicly available corpora and proceeds through six
interconnected steps (as in Figure 1) further described in Table 1:

(1) data preparation and occupational filtering;

(2) primary LLM annotation using Gemini 2.5 Flash at zero temperature;

(3) two-protocol validity assessment combining cross-model Cohen’s Kappa agreement and OLS-
calibrated alignment against O*NET ability ratings;

(4) semantic clustering of task embeddings into IT competency profiles;

(5) OECD dimension classification of the resulting clusters;

(6) a bidirectional ESCO transversal skills gap analysis designed to delineate the boundary of PISA’s
cognitive coverage.
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Figure 1. Methodology flow

Table 1. Steps description

Step Description

Step 1: Five publicly available sources are used throughout:

Data Prepara- (i) O*NET v30.2 (US Department of Labor)-supplies Core IT task statements, occupation titles
tion and and Standard Occupational Classification (SOC) codes and ability ratings across 52 dimen-

Structuring

sions.

(i) ESCO v1.2.1 (European Commission)-provides the European IT occupation hierarchy and the
transversal skills branch used in the gap analysis.

(iii) PISA 2022 proficiency level descriptors (OECD, 2023)-serve as the annotation target schema,
with verbatim text embedded directly in the annotation prompt. The structural asymmetry be-
tween domains, Mathematics and Reading literacy include sub-levels 1c, 1b and 1a, while Sci-
ence literacy begins at 1b, is encoded throughout the pipeline.

(iv) OECD Learning Compass 2030 concept notes (OECD, 2019)-supply the nine dimension de-
scriptions used in both the technical cluster and transversal skill classification prompts.

The selection of SOC code prefixes is based on the 2018 SOC Major Groups 11 (Management) and 15
(Computer and Mathematical Occupations) [30] to effectively isolate the core IT workforce from the
broader O*NET dataset. This filtering strategy specifically targets roles responsible for the design, devel-
opment, security and management of information systems, as well as data-centric occupations like Data
Scientists and Statisticians. Complementing this, the ISCO IT skill profiles (C25, C133 and C35) [31] align
with the ISCO-08 classification for Information and Communications Technology Professionals (25),
Managers (133) and Technicians (35). By using these hierarchical anchors, the pipeline ensures that the
mapping between ESCO-based competencies and PISA reasoning frameworks encompasses the full spec-
trum of technical depth and managerial responsibility required in the modern IT sector, providing a robust
structural basis for the subsequent OLS-based calibration.

Step 2:
LLM annota-

tion

The primary annotation model is Gemini 2.5 Flash, accessed via the google-genai SDK with temperature
set to 0. All responses are requested as structured JSON to eliminate markdown wrapping. Each task is
annotated with the minimum PISA proficiency level required for competent performance, targeting cogni-
tive reasoning demand rather than domain knowledge. The prompt provides the task statement, its occu-
pation title and the verbatim PISA descriptors for all three domains. For each task the model returns a
structured JSON object containing:

(i) One sentence describing the highest complexity cognitive act in that task;

(i) The minimum PISA level per domain;

(iii) A one-sentence justification citing the relevant level descriptor;

(iv) The primary domain;

(v) A confidence rating (high, medium, or low);
The prompt used for annotation is provided:




You are a senior researcher in PISA 2022 assessment frameworks specializing in adult professional cog-
nitive demands, not student performance.

TASK STATEMENT:

"{task}"

JOB TITLE CONTEXT:
"{occupation}"

PISA MATHEMATICAL LITERACY LEVEL DESCRIPTORS:
{math_levels}

PISA READING LITERACY LEVEL DESCRIPTORS:
{reading_levels}

PISA SCIENTIFIC LITERACY LEVEL DESCRIPTORS:
{science_levels}

INSTRUCTIONS:
1. Before assigning levels, identify the single most demanding cognitive operation the task requires and
state it explicitly in your reasoning.

2. Assign the MINIMUM PISA proficiency level a person must have reached to competently perform this
task. A level is the minimum if, and only if, its descriptor fully covers the cognitive operation identified

above.

3. Consider ONLY cognitive reasoning complexity — not domain knowledge. Domain knowledge is aware-
ness of specific tools, protocols, terminology, or procedures (e.g., knowing how a firewall works). Cognitive
reasoning is the mental process applied regardless of the domain (e.g., integrating ambiguous information,
constructing a justification, diagnosing a novel problem).

NOTE:

For Math and Reading, Level 1 is subdivided into 1c (lowest) — 1b — la.
For Science, the lowest sub-level is 1b (there is no 1c).

Return ONLY this JSON — no text outside it:

{

""cognitive_demand_summary": "<one sentence describing the highest complexity cognitive act in this

task>",

"math_level": <"1c"["1b"|"1a"|2|3]4|5|6>,

"reading_level": <"1c"|"1b"|"1a"|2|3|4|5|6>,

"science_level": <"1b"|"1a"|2|3|4|5|6>,

"math_reasoning": "<one sentence citing specific language from the level descriptor>",
"reading_reasoning": "<one sentence citing specific language from the level descriptor>",
""science_reasoning": "<one sentence citing specific language from the level descriptor>",
"primary_domain": "<math|reading|science>",

"confidence": "<high|medium|low>"

134

Step 3:
LLM valida-

tion

Annotation validity is assessed through two independent protocols:

0]

(i)

Expert and cross-model validation. To establish a "gold standard" for the annotation logic, a
stratified 50-task sample, balanced across domains and predicted proficiency levels, is subjected
to a double-blind validation protocol. First, the sample is independently re-annotated by a human
domain expert familiar with the PISA 2022 Framework. The expert remained blind to the LLM’s
assignments and performed an independent mapping based on the verbatim PISA descriptors.
Second, the same 50 tasks are processed by three additional LLM benchmarks of increasing
capability: Gemini 2.5 Pro, a higher-capacity model from the same family as the primary anno-
tator (Gemini 2.5 Flash); Claude Haiku 4.5, an externally developed model from a different ven-
dor, serving as a cross-architecture control; and Gemini 3 Flash Preview, a more recent genera-
tion model. All models were queried using identical prompts and temperature settings (T=0),
ensuring that any observed differences in agreement are attributable to model reasoning capacity
rather than prompt variability. Agreement between each model and the human expert is quanti-
fied using two metrics: (a) linear-weighted Cohen’s Kappa (k_w), which measures ordinal agree-
ment while penalizing larger level discrepancies more heavily, and (b) Mean Absolute Error
(MAE), which captures the average distance in PISA proficiency steps between model and expert
assignments.

External validation via OLS-Calibrated O*NET Ability Mapping. To validate the LLM-
generated PISA annotations against an independent, professionally validated reference, we cross-




referenced the model’s output with O*NET occupational ability ratings. Rather than applying a
manual or ad hoc scale conversion, we derived a data-driven linear calibration from the annota-
tion data itself.
1. Each PISA domain was mapped to its closest conceptual equivalents in the O*NET
ability taxonomy:
1. Mathematics literacy to Mathematical Reasoning, Number Facility
2. Reading literacy to Written Comprehension, Oral Comprehension
3. Science literacy to Inductive Reasoning, Deductive Reasoning, Problem
Sensitivity
2. To map O*NET ability scores (1-7 scale) to PISA proficiency levels (1c-6), we fitted
a separate Ordinary Least Squares (OLS) regression model per domain. PISA levels
were encoded as a continuous ordinal scale (1c = 1.00, 1b = 1.33, 1a=1.67, 2 = 2.00,
..., 6 =6.00) and used as the dependent variable, with the mean O*NET ability score
per occupation as the predictor. The model takes the form P = o + 1 X O, where P is
the predicted PISA ordinal value, O is the mean O*NET Level score for the occupa-
tion, and Bo, B are domain-specific coefficients estimated via OLS from the annotated
dataset (n = 562).

Step 4:
Semantic

clustering
and OECD
Learning
Compass
classification

Task texts are encoded using paraphrase-multilingual-mpnet-base-v2 Sentence-BERT embeddings, these
562 embeddings were then normalized and partitioned into 25 clusters using K-Means clustering (ran-
dom_state=42) to produce the IT Competency Demand Profile. Each cluster was automatically labelled by
identifying the single task whose embedding was closest to the group’s centroid, e.g., the most “typical”
task of that cluster. Each of the 25 technical clusters is classified against the nine OECD Learning Compass
2030 dimensions in a second LLM annotation pass, using the 12 most representative task texts per cluster
as input. The prompt (below) returns a step-by-step reasoning, a primary dimension, up to three applicable
dimensions, reasoning and a confidence assessment.

You are an expert in the OECD Learning Compass 2030 framework.
CLUSTER NAME: {cluster_name}

REPRESENTATIVE TASKS:
{tasks}

OECD LEARNING COMPASS 2030 DIMENSIONS:
{dims}

INSTRUCTIONS:

1. Analyze the core cognitive, practical, and social activities described in the tasks above.
2. Review the OECD dimensions and identify which ones align closest to these activities.
3. Select the SINGLE most dominant (PRIMARY) dimension.

4. Select all relevant dimensions (maximum 3 total, including the primary).

Return ONLY a valid JSON object matching this exact schema:
{

"analysis": "<Step-hy-step reasoning: analyze the tasks and map them to the OECD dimensions. Do this
FIRST.>",

"primary_dimension_id": "<MUST BE ONE OF: TC01, TC02, TC03, SK01, SK02, SK03, KN01, KN02,
KNO03>",

"all_dimension_ids": ["<id1>", "<id2>"],

"confidence": "<high|medium|low>"

1}

Step 5:
Sub-role

PISA profile
comparison

To ensure statistical significance and reveal the cognitive signatures of the IT sector, individual SOC oc-
cupations were aggregated into seven functional sub-roles based on their primary technical objective: (1)
Creative Construction (Software Development), (2) Analytical Modeling (Data & Research), (3) Opera-
tional Connectivity (Networks & Infra), (4) Adversarial Risk Management (Security), (5) Organizational
Leadership (Management), (6) Evaluative Deconstruction (QA & Testing) and (7) Relational Structuring
(Databases). This taxonomy allows for the identification of how PISA-level reasoning demands shift when
moving from operational to creative or research-oriented IT functions.

To determine whether the identified IT career sub-roles exhibit statistically distinct cognitive profiles,
the Kruskal-Wallis H-test was employed. This non-parametric method was selected over a standard one-
way ANOVA because the target variables (PISA proficiency levels) are ordinal in nature rather than con-
tinuous and their distributions within the IT corpus do not necessarily meet the assumption of normality.
The primary purpose of the test is to evaluate whether the samples from the independent sub-role categories
originate from the same distribution. A significant H-statistic indicates that the cognitive demand in a spe-
cific literacy domain varies across the IT specializations, thereby validating the functional taxonomy used
in our study and confirming that the IT sector is not a cognitively monolithic field.




Step 6:
Transversal

skills ESCO
Gap Analysis

A complementary step examines the ESCO transversal (cross-cutting) skills demanded by IT occupations
in order to delineate the boundary of the framework’s PISA-based alignment. A bidirectional analysis is
conducted: the forward gap asks which transversal clusters are covered by PISA proficiency descriptors,
while the inverse gap asks which PISA proficiency levels are engaged when IT professionals exercise their
transversal competencies.

1) Each of the 24 ESCO transversal skill clusters is classified via a structured Gemini prompt at tempera-
ture=0. The prompt supplies the cluster name, the full list of skill labels with their ESCO definitions and
the nine OECD Learning Compass 2030 dimension descriptions. The model returns: the primary dimen-
sion ID, all applicable dimension IDs (up to three), an alignment rationale and a pisa_coverage verdict
(full/partial/none) with justification. The prompt is provide:

You are an expert in OECD Learning Compass 2030 and the ESCO transversal skills taxonomy.
ESCO TRANSVERSAL SKILL CATEGORY: {cluster_name}

SKILLS IN THIS CATEGORY (label: ESCO definition):
{skills}

OECD LEARNING COMPASS 2030 DIMENSIONS:
{dims}

These are ESCO-curated transversal (cross-domain) skills applicable to all workers in any sector.

Task: Classify this category against the OECD Learning Compass 2030.

- Select the PRIMARY dimension (the best single match).

- Select ALL applicable dimensions (1-3 total).

- Judge whether PISA 2022 (Mathematics, Reading or Science Literacy) directly
assesses the cognitive demands described by these skills.

Return ONLY this JSON:

{

"primary_dimension_id": "<TCO01|TC02|TC03|SK01|SK02|SK03|KN01|KN02|KN03>",
"all_dimension_ids": ["<id1>", "<id2>"],

"primary_reasoning": "<two sentences: why this category maps to the primary dimension>",
"pisa_coverage": "<full|partial|none>",

"pisa_coverage_reasoning": "<one sentence: which PISA domain covers this, or why none>"

1

2) A second prompt reverses the inquiry. For each of the 18 combinations of PISA literacy domain (Math-
ematics, Reading, Science) and proficiency level (1a through 6), the model evaluates all 24 transversal
clusters and determines whether exercising those skills engages the cognitive reasoning demanded by that
PISA level (yes/partial/no). The best coverage across all clusters is recorded for each domainxlevel pair.
Levels below 1a are excluded. The prompt is provided:

You are an expert in PISA 2022 assessment frameworks and workforce competency alignment.

CONTEXT: We are analysing whether ESCO transversal (soft) skills require the same
cognitive reasoning that PISA proficiency descriptors define. The goal is to identify
PISA reasoning demands that are NOT engaged when IT professionals exercise their
transversal competencies.

PISA PROFICIENCY LEVEL DESCRIPTOR:
Domain: {domain}

Level: {level}

Descriptor: {descriptor}

ESCO TRANSVERSAL SKILL CATEGORY: {cluster_name}
SKILLS IN THIS CATEGORY (label: ESCO definition):
{skills}

QUESTION: When an IT professional exercises the skills in this ESCO category,
do they engage in the cognitive reasoning described by this PISA proficiency level?

Answer scale:

- "yes" = exercising these ESCO skills directly requires the reasoning this PISA level describes

- "partial™ = some skills in the category touch on this reasoning, but only partially or at a lower intensity
-"no" = the reasoning demanded by this PISA level is not meaningfully engaged by these skills




Return ONLY this JSON:
{

"covered": "<yes|partial|[no>",
"reasoning": "<one sentence: which skill(s) engage this PISA reasoning, or why none do>"

3

4. Results
4.1 Data preparation and LLM annotation

The filtering process isolated the core IT workforce from the broader O*NET 30.2 database. Apply-
ing the SOC Major Group 11 and 15 prefixes resulted in a corpus of 28 unique IT-specific occupations
and 562 core task statements. This dataset encompasses 28 distinct job titles, ensuring coverage across
development, management and data science roles.

From the ESCO v1.2.1 framework, the recursive search of ISCO IT skill profiles C25, C13 and C35
(aligned with ISCO-08 groups) yielded 6618 technical skill relations (Table 2). Additionally, 2996 skills
were extracted from the transversal skills (S6.0) to support the subsequent gap analysis.

Table 2. Dataset summary

Metric Records

IT SOC Codes 28
Core IT Tasks 562
ESCO Tech Skills 6618
ESCO Transversal 29,962,996

The annotation pipeline achieved a 100.0% success rate for structured JSON retrieval from Gemini
2.5 Flash at temperature 0. Analysis of the reasoning fields indicates that 100.0% of annotations explic-
itly identified the “highest complexity cognitive act” prior to level assignment.

Fidelity to the PISA domain asymmetry was strictly maintained: while Math and Reading tasks uti-
lized the 1c/1b/1a hierarchy, zero instances of Level 1c were assigned to the Science domain (as per
descriptor constraints). The model reported “High” confidence in 98.9% of assignments, “Medium” in
1.1% and “Low” in 0.0%, indicating high internal consistency in applying the verbatim descriptors. An
illustrative annotation trace is:

Task statement (O*NET): “Direct daily operations of department, analyzing workflow, establishing
priorities, developing standards and setting deadlines.”

Identified cognitive demand: “Developing and applying systematic strategies to analyze complex
operational workflows, identify constraints, establish optimal priorities, and create effective perfor-
mance standards.”

PISA alignment Mathematics:

e Assigned level: 5
e Reasoning: “The task requires developing and working with models for complex situations,
identifying or imposing constraints, and specifying assumptions to analyze workflow, establish
priorities, and set deadlines, aligning with Level 5’s description of applying systematic, well-
planned problem-solving strategies for challenging tasks like designing an optimal procedure.”
4.2 LLM validation steps

The results of the cross-model validation on a stratified subset of 50 tasks revealed substantial agree-
ment (as in Table 3) between Gemini 2.5 Flash and Gemini 2.5 Pro for Mathematics literacy (k = 0.632)
and moderate agreement for Reading (k=0.490) and Science literacy (k=0.577). Analysis showed that
Flash consistently assigned equal or higher PISA levels than Pro, with exact agreement ranging from
44% (Reading literacy) to 58% (Mathematics literacy). Systematic bias was identified when the aver-
age gap exceeded +0.30 levels, thus a slight systematic overestimation was identified in the Science
literacy domain (avg. gap=+0.36 levels), suggesting that the efficiency model may marginally inflate
scientific reasoning demands. No directional bias was detected for Mathematics or Reading literacy.
Table 3. Cross-model agreement Gemini 2.5 Flash vs. Gemini 2.5 Pro

PISA domain K(Cohen’s Average gap (lev- Flash Exact agree- Flash
Kappa) els) higher ment lower

Mathematics literacy 0.632 +0.14 13 (26%) 29 (58%) 8 (16%)

Reading literacy 0.490 +0.26 21 (42%) 22 (44%) 7 (14%)

Science literacy 0.577 +0.36 19 (38%) 24 (48%) 7 (14%)




While the Cohen’s Kappa scores indicate substantial overall agreement, a granular review of the tasks
that diverge by two or more proficiency levels provides critical insight into the nuances of automated
task annotation.

In Table 4, the divergence between the models suggests a significant distinction between 1) proce-
dural volume, the quantity of steps and data-handling required; and 2) cognitive complexity, the depth
of abstract reasoning demanded by the task. We observe that Gemini 2.5 Flash occasionally assigned
higher proficiency levels to tasks characterized by high procedural volume, seemingly mistaking ad-
ministrative scale and extensive documentation for high-level reasoning. In contrast, Gemini 2.5 Pro
demonstrated a more precise alignment with PISA’s core methodology by prioritizing cognitive com-
plexity. It focused on the requirement for mental modeling, hypothesis-testing and inferential reasoning,
correctly identifying that a task can be administratively broad yet remain cognitively simple or be pro-
cedurally brief while requiring advanced scientific or mathematical logic.

Table 4. Divergence by two or more levels between models
Task Model  Assigned  Model reasoning
PISA
level

Requires continuous comprehension, inte-

Monitor Web developments through Gemini gration and evaluation of information from

A ; i ; Flash diverse sources to maintain an up-to-date
continuing education, reading or partic- .
A . . understanding.
Ipation in_professional - conferences, Involves identifying and synthesizing basic
workshops or groups. Gemini . . g y 9t
1c information from clear professional
Pro . .
sources to build a general understanding.
Systematically organizing and categorizing
Gemini 4 complex, interrelated information into a
Flash structured format for consistency and re-
Create or maintain databases of known trievability.
test defects. Core cognitive demand is simply to locate
Gemini 1 and integrate pieces of information from
a . . .
Pro unstructured text into a pre-existing classi-
fication system.
- Diagnosing malfunctions by executing a
Gemini . . S
Flash 3 systematic strategy, drawing basic infer-
ences to identify root causes.
Troubleshoot program and system mal- Requires developing a multi-step diagnos-
functions to restore normal functioning. L R€d pIng p dragn
Gemini 5 tic strategy for novel problems by creating
Pro a mental model of a complex system and

testing hypotheses.

Table 5 reports the aggregate agreement between each model and the human domain expert across
the three PISA literacy domains (Mathematical, Reading and Scientific literacy), measured by linear-
weighted Cohen’s Kappa, MAE and exact-match accuracy. Table 6. disaggregates these results by do-
main.

Table 5. Cross-model agreement with human expert aggregate results

Model Cohen's Kappa (avg) MAE (avg, steps) Exact match (avg)
Gemini 2.5 Flash 0.213 1.433 10.7%

(primary annotator)

Gemini 2.5 Pro 0.268 1.220 13.3%

Gemini 3 Flash Preview  0.264 1.213 12.7%

Claude Haiku 4.5 0.483 0.667 44.7%

Across all domains, Claude Haiku 4.5 demonstrates the highest alignment with the human expert,
achieving a weighted Kappa of 0.483, considered as moderate agreement and a MAE of 0.667 PISA
levels, indicating that its classifications deviate from the expert's judgments by less than one proficiency
step on average. By contrast, Gemini 2.5 Flash, achieves k_w = 0.213 (MAE = 1.433), corresponding
to fair agreement, while Gemini 2.5 Pro (k_w = 0.268, MAE = 1.220) and Gemini 3 Flash Preview
(k_w =0.264, MAE = 1.213) occupy an intermediate band, both also classified as fair.

Table 6. Cross-model agreement with human expert detailed results
Model Domain Cohen's Kappa MAE




Gemini 2.5 Flash Math 0.314 1.120

Gemini 2.5 Flash Reading 0.157 1.440
Gemini 2.5 Flash Science 0.168 1.740
Gemini 2.5 Pro Math 0.358 1.020
Gemini 2.5 Pro Reading 0.197 1.180
Gemini 2.5 Pro Science 0.248 1.460
Gemini 3 Flash Preview  Math 0.362 1.020
Gemini 3 Flash Preview  Reading 0.189 1.260
Gemini 3 Flash Preview  Science 0.240 1.360
Claude Haiku 4.5 Math 0.632 0.460
Claude Haiku 4.5 Reading 0.432 0.540
Claude Haiku 4.5 Science 0.385 1.000

At the domain level from, Mathematics consistently yields the highest agreement across all models,
with Claude Haiku 4.5 achieving k_w = 0.632 (substantial agreement) and an exact-match rate of 60%.
This suggests that the PISA 2022 Mathematics descriptors are sufficiently operationalized to support
reliable zero-shot classification by LLMSs. Science proves the most challenging domain: the exact-match
rate for Gemini 2.5 Flash collapses to 4.0% (MAE = 1.740), pointing to systematic over-estimation of
the cognitive complexity of science-adjacent tasks, a bias that persists, albeit attenuated, across all Gem-
ini-family models.

Despite the moderate-to-fair agreement levels observed, the validation reveals that the direction of
disagreement is systematic rather than random: all Gemini-family models tend to assign higher PISA
levels than the human expert, producing a conservative overestimation of cognitive demands. The con-
sistent rank ordering across models further confirms that LLM-based annotation is a viable, scalable
methodology whose precision improves predictably with model capability.

OLS regression was fitted separately for each domain (n=562 tasks). The estimated coefficients
were: Mathematics (Bo=1.416, $:=0.879), Reading (Bo=—0.839, B.:=1.260) and Science (Bo=—3.087,
B:=1.917). The increasing slopes across domains suggest that scientific reasoning demands are most
sensitive to occupational ability level (small differences in O*NET ability ratings translate into large
differences in PISA reasoning level requirements), followed by reading comprehension and mathemat-
ical reasoning.

i.  Mathematics: PISA=1.416+0.879xO*NET _score

The positive intercept of 1.416 indicates that even the least demanding IT tasks require a base-
line level of mathematical reasoning, while the slope of 0.879 reflects a steady, proportional
increase in PISA level as occupational complexity grows. This gradual scaling suggests that
mathematical demands are broadly distributed across all seniority levels in the IT sector, from
entry-level support roles to advanced engineering positions.

ii.  Reading: PISA=-0.839+1.260xO*NET_score

The negative intercept introduces a threshold effect: reading demands do not meaningfully dif-
ferentiate PISA levels until O*NET ability scores exceed approximately 2.0. Beyond this
threshold, however, reading demands escalate more steeply than mathematics, as indicated by
the higher slope of 1.260. This pattern is consistent with the nature of IT reading tasks, where
the transition from basic technical documentation to complex analytical synthesis is abrupt ra-
ther than gradual.
iii.  Science: PISA=-3.087+1.917x0O*NET _score

The large negative intercept combined with a slope of 1.917, more than double that of Mathe-
matics, indicates that low O*NET scores in inductive and deductive reasoning correspond to
minimal scientific reasoning demands, while moderate to high scores translate into rapidly es-
calating PISA proficiency requirements. This steep sensitivity confirms that scientific reason-
ing, encompassing hypothesis testing, causal inference and problem diagnosis, is the most dis-
criminating cognitive dimension in IT occupations. Small differences in occupational ability
ratings in this domain produce significantly larger changes in the corresponding PISA profi-
ciency level than in any other domain.

The results indicate a hierarchy of cognitive sensitivity across domains, where Science literacy is
the strongest differentiator of advanced IT competency. This ordering has direct implications for cur-
riculum design and workforce policy, as it suggests that interventions targeting scientific reasoning will



have the greatest impact on aligning educational outcomes with the proficiency demands of the modern
IT labor market.
4.3 Validity results

To assess the validity of the LLM-generated PISA annotations, each task’s assigned proficiency level
was compared against the independently derived O*NET-calibrated benchmark using two statistics: 1)
the Pearson correlation coefficient, where a value of p < 0.05 indicates a statistically significant associ-
ation; and 2) the mean absolute deviation (MAD), where a value below 1.0 indicates that the model’s
predictions are, on average, correct within one PISA proficiency level.

The results in Table 7 prove that all three domains achieved statistical significance, confirming that
the agreement between the LLM annotations and the O*NET benchmarks is not attributable to chance.
Mathematics literacy and Science literacy both achieved MAD values below 1.0, indicating sub-level
accuracy. Reading literacy marginally exceeded the threshold (MAD = 1.015), though it produced the
strongest correlation of all three domains (r = 0.372); Science demonstrated the most precise predictions
overall.

Table 7. Convergent validity results

Domain Relevant samples Pearson correlation coefficient (r) p MAD
Mathematics literacy 157 0.234 0.0032 0.870
Reading literacy 155 0.372 0.0000 1.015
Scientific literacy 250 0.239 0.0001 0.756

These results support the conclusion that the OLS-calibrated annotation pipeline demonstrates ade-
quate convergent validity across all three PISA literacy domains, with the O*NET-derived benchmarks
serving as an independent, data-driven reference point broadly consistent with the LLM-generated pro-
ficiency assignments.

4.4 Clusters and building the IT competency demand profile

Silhouette analysis over k € [10, 40] yielded scores in a narrow range (0.062-0.082), with no domi-
nant peak, a pattern consistent with the high semantic overlap inherent in natural language task descrip-
tions within a single occupational sector. The elbow curve showed gradual flattening beyond k = 24.
Given the statistical equivalence of solutions in this range, k = 25 was selected to approximate the
number of distinct IT occupation groups in the O*NET SOC taxonomy, favoring domain interpretabil-
ity. The semantic coherence of the resulting clusters was confirmed through LLM-based thematic la-
belling, which produced distinct, non-overlapping descriptions for all 25 clusters.

Table 8 shows the resulted clusters that represent the full spectrum of cognitive work in IT occupa-
tions. The analysis of the 562 annotated IT tasks reveals that 20 of the 25 clusters (83.8% of tasks) at-
tained median PISA scores at or above level 4 across all three literacy domains simultaneously. The
highest-demand clusters (levels 5-6 across all three domains) were research-oriented tasks (Cluster 19)
and advanced network/system development (Clusters 7, 8, 23, 16), reflecting the cognitive ceiling of IT
work. Only 5 clusters, representing approximately 91 tasks (16.2%), fell below level 4 in at least one
domain, corresponding to more routinised operational activities, positioning PISA level 4 as the effec-
tive minimum cognitive floor for IT work, with the modal demand concentrated at level 5.

Table 8. Clusters resulted based on task descriptions

Clus-
ter_id Cluster_label

0 Provide feedback to designers and other colleagues regarding game design features.

Provide staff and users with assistance solving computer-related problems, such as malfunctions
1 and program problems.

2 Test system modifications to prepare for implementation.

3 Collaborate with development teams to discuss, analyze or resolve usability issues.

Assist in the assessment, acquisition or deployment of new electronic document management sys-
4 tems.

Recommend changes to improve systems and network configurations and determine hardware or
5 software requirements related to such changes.

Keep abreast of changes in industry practices and emerging telecommunications technology by re-
viewing current literature, talking with colleagues, participating in educational programs, attending
6 meetings or workshops or participating in professional organizations or conferences.

7 Develop and implement solutions for network problems.




Evaluate the statistical methods and procedures used to obtain data to ensure validity, applicability,

8 efficiency and accuracy.
9 Select programming languages, design tools or applications.
10 Analyze and report computer network security breaches or attempted breaches.
Consult with users, administrators, and engineers to identify business and technical requirements for
11 proposed system modifications or technology purchases.
12 Develop or implement procedures for ongoing Web site revision.
Design databases to support business applications, ensuring system scalability, security, perfor-
13 mance and reliability.
14 Synthesize current business intelligence or trend data to support recommendations for action.
15 Review project plans to plan and coordinate project activity.
16 Develop, document or maintain standards, best practices or system usage procedures.
17 Develop information security standards and best practices.
18 Design, configure and test computer hardware, networking software and operating system software.
Apply research or simulation results to extend biological theory or recommend new research pro-
19 jects.
20 Perform data backups and disaster recovery operations.
Develop procedures to track, project or report network availability, reliability, capacity or utiliza-
21 tion.
Design or prepare graphic representations of Geographic Information Systems (GIS) data, using
22 GIS hardware or software applications.
Analyze information processing or computation needs and plan and design computer systems, using
23 techniques such as structured analysis, data modeling and information engineering.
Develop, implement, or evaluate health information technology applications, tools, processes or
24 structures to assist nurses with data management.

For the OECD Learning Compass 2030 classification, the unit of analysis was the task cluster rather
than the individual task. Each of the 25 clusters was represented to the LLM by a sample of its constit-
uent tasks drawn to preserve the most canonical, high-frequency examples within each group. The sam-
ple size was set to 12 tasks per cluster, approximately 53% of the mean cluster size of 22.5 tasks; this
sample should provide sufficient coverage, exceeding the majority of each cluster’s composition, for
reliable identification, while maintaining a well-structured prompt that could be consistently parsed
across all clusters.

All 25 clusters were classified with high confidence. The primary dimension distribution is as fol-

lows:
1.

5.

TCO1 (Creating new value) is the dominant dimension in 16 of 25 clusters (64%) as in Table 9,
encompassing programming, system design, network problem-solving, web development, da-
tabase architecture and continuous professional learning, confirming that the core cognitive
demand of IT work is adaptive problem-solving, the ability to generate novel solutions rather
than merely apply established procedures.

SKO01 (Cognitive and meta-cognitive skills) is primary in 5 clusters (20%), covering statistical
method evaluation, business intelligence synthesis, project planning, network availability mon-
itoring and system configuration recommendation. In these clusters, the defining activity is
structured critical thinking and self-regulated analytical reasoning rather than open-ended cre-
ation.

TCO02 (Reconciling tensions and dilemmas) is primary in 2 clusters (8%), covering stakeholder
requirements consultation and usability collaboration with development teams. The defining
cognitive demand here is the navigation of conflicting requirements between users, engineers,
and management, a fundamentally relational and negotiation-oriented competency.

TCO03 (Taking responsibility) is primary in 1 cluster (4%), the information security standards
cluster, where the ethical and accountability dimension of protecting systems and data consti-
tutes the fundamental driver of all task activity.

SKO03 (Practical and physical skills) is primary in 1 cluster (4%), covering GIS data visualiza-
tion and mapping tasks, where technical precision in tool operation is the defining demand.

Table 9. OECD Learning Compass classification and primary dimension per cluster

Code

Category Dimension OECD dimension dominance

TCO1

Transversal Competency  Creating new value 64%




SKO01  Skills Cognitive and meta-cognitive skills 20%

TCO02 Transversal Competency  Reconciling tensions and dilemmas 8%
TCO03 Transversal Competency  Taking responsibility 4%
SKO03  Skills Practical and physical skills 4%
SKO02  Skills Social and emotional skills not primary for any cluster
KNO1 Knowledge Disciplinary knowledge not primary for any cluster
KNO02 Knowledge Interdisciplinary knowledge not primary for any cluster
KNO03 Knowledge Epistemic knowledge not primary for any cluster

None of the four Knowledge dimensions (KNO1-KNO03) emerged as the primary driver of any clus-
ter, signaling that the core cognitive demand of IT work is not the possession or recall of disciplinary,
interdisciplinary or epistemic knowledge, but the application of that knowledge in creative and adaptive
problem-solving contexts, precisely the type of reasoning that PISA Levels 4-6 are designed to assess.

As seen in Figure 2, which maps all OECD dimension appearances across the 25 clusters, including
primary, secondary and tertiary assignments, SK01 (Cognitive and meta-cognitive skills) appeared as a
secondary or tertiary dimension in all 25 clusters, confirming that analytical thinking is a non-negotiable
baseline across all IT task types, regardless of specialization. TCO1 (Creating new value) follows with
18 appearances and Knowledge dimensions (KN01-KNO3) appear only sparingly and never as a pri-
mary driver, which reveals that IT work consistently demands the application of thinking skills over the
mere possession of knowledge.

Epistemic knowledge
Interdisciplinary knowledge
Disciplinary knowledge

Practical and physical skills

Social and emotional skills
Cognitive and meta-cognitive skills
Taking responsibility

Reconciling tensions and dilemmas

Creating new value

T
0 5 10 15 20 25
Number of IT competency clusters

Figure 2. OECD Learning Compass 2030 coverage in IT competency demand profile
As seen in Table 10 and Figure 3, every single IT cluster requires at least PISA Level 3 across all
three domains, there are no low-complexity outliers. Reading and Science both have a median of Level
5, whereas Science is the only domain where 100% of clusters require Level 4 or above. This confirms
that Science and analytical reasoning are non-negotiable baseline requirements across all IT occupa-
tions, regardless of specialization.
Table 10. Summary statistics IT competency demand profile

Domain Mean Median Std Dev Level 3+ Level 4+
Mathematical Literacy 4.34 4.0 0.76 100% 80%
Reading Literacy 4.74 5.0 0.54 100% 96%

Scientific Literacy 4.80 5.0 0.50 100% 100%
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Figure 3. Minimum PISA proficiency required across 25 IT competency clusters

In terms of cross-domain correlation, Mathematics-Reading (r=0.678), Mathematics-Science
(r=0.735), Reading-Science (r=0.645), all three are moderately to strongly correlated, meaning tasks
that are cognitively demanding in one domain tend to be demanding in all three, the competencies
reinforce rather than substitute each other. The highest correlation was observed between Mathematics
and Science, suggesting a tight coupling between algorithmic logic and troubleshooting-based inductive
reasoning.

The most frequent cognitive requirement is a simultaneous demand for PISA Level 5 across all three
domains (Mathematics, Reading and Science), representing 40% of all clusters (10 of 25). Furthermore,
the data reveals that minimum requirements for Reading literacy consistently exceed those for Mathe-
matics by an average of 0.40 levels, highlighting that modern IT roles require more than just quantitative
computation; they place an even heavier burden on the ability to interpret, evaluate and synthesize com-
plex technical texts and specifications.

4.5 Sub-role PISA profile comparison

The 562 annotated IT tasks were grouped into career sub-roles based on their O*NET SOC codes.
The categories are visible in Figure 4, which reveals a clear two-tier structure across IT career sub-
roles. Data & Research, Databases and Management consistently reach Level 5 across all three literacy
domains, while Networks & Infrastructure and QA & Testing settle uniformly at Level 4. The most
striking profiles are the domain-split sub-roles: Software Development (the largest group with 220) de-
mands Level 5 in Reading and Science but only Level 4 in Mathematics, reflecting the heavy burden of
specification interpretation over formal computation; Security shows the inverse pattern, reaching
Level 5 only in Scientific Literacy, driven by the causal and hypothetical reasoning required for threat
modelling. No sub-role falls below Level 4 in any domain.
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Figure 4. Minimum PISA proficiency required by IT career category



The results of the Kruskal-Wallis H-test confirm that the IT sector is not cognitively monolithic,
revealing highly significant differences in PISA proficiency requirements across the eight identified
sub-roles for Mathematics (H=76.18, p<0.001), Reading (H=49.35, p< 0.001) and Science literacy
(H=49.19, p<0.001). The notably higher H-statistic for the mathematical domain suggests that quanti-
tative reasoning serves as the primary differentiator of cognitive demand between IT specializations,
whereas reading and scientific reasoning exhibit slightly more uniform requirements across the sector.
4.6 Annotation analysis

A primary indicator of IT-PISA alignment framework’s robustness is the 98.9% of high confidence
level consensus achieved during the classification process: 98.9% of all tasks were successfully mapped
to PISA proficiency levels with “high” confidence, while only 1.1% with “medium” confidence. The
total absence of “low-confidence” annotations indicates a strong semantic resonance between the lin-
guistic descriptors used in the IT competency corpus (O*NET/ESCO) and the cognitive reasoning re-
quirements defined by the PISA 2022 framework.

The analysis revealed a complexity-certainty correlation (Figure 5), where the model demonstrated
higher confidence when evaluating tasks at the upper end of the PISA scale. High-confidence tasks
across all domains averaged a total PISA demand score of 13.4, whereas the small subset of tasks re-
quiring only “medium” confidence averaged significantly lower at 7.3. This disparity suggests that top-
tier IT competencies, such as designing complex neural architectures or evaluating systemic security
protocols, utilize precise, technically explicit language that aligns mapped directly with PISA Level 5
and 6 descriptors. Conversely, more routine or operational tasks at the PISA Level 3-4 threshold possess
a flatter linguistic profile, introducing a degree of ambiguity for the model when distinguishing between
basic functional application and the onset of professional-level reasoning.

Networks & Infra
Software Dev
Databases
Other
Management

Data & Research

Mean Absolute Deviation (PISA levels)

QA & Testing

Security

Mathematical Literacy Reading Literacy Scientific Literacy

Figure 5. Heatmap of mapping MAD between LLM-annotated and O*NET-derived PISA levels

Figure 5 maps the MAD between LLM-annotated and O*NET-derived PISA levels across eight IT
sub-roles and three literacy domains. Networks & Infrastructure is the most difficult sub-role to anno-
tate consistently, with all three domains exceeding the threshold (Mathematics 1.13, Reading 1.12, Sci-
ence 1.13). This reflects the high within-occupation variability of networking tasks: a single SOC code
spans both routine operational work and highly abstract system design, making a single O*NET score
a poor benchmark for individual task-level annotations.

Security stands out as the most internally consistent sub-role, with the lowest MAD across all three
domains (0.68, 0.69, 0.58 respectively). Security tasks define a narrow, well-characterized cognitive
type that both the LLM and O*NET evaluate similarly.

Reading literacy shows the widest spread of disagreement, exceeding 1.0 in five of the eight sub-
roles, confirming that the LLM systematically interprets reading demands more broadly than the
O*NET Written Comprehension score captures, particularly in roles with heavy documentation or spec-
ification requirements.



4.7 Transversal skills gap

The transversal analysis extends the study’s core technical skill alignment by examining the soft-skill
dimension of IT workforce competency.

In Figure 6, the forward-direction chart (left side) reveals that PISA provides partial or no coverage
for 83% of ESCO transversal IT skill clusters (20 out of 24). Only 4 clusters (17%) achieve full align-
ment with PISA proficiency descriptors, a further 12 clusters (50%) are partially covered, meaning their
cognitive demands overlap with PISA in some domains or levels but not consistently across the full
literacy spectrum. Critically, 8 clusters (33%) receive no coverage whatsoever, confirming a substantial
structural blind spot in the PISA assessment framework relative to the competency demands of the IT
workforce.

Examining PISA from the ESCO side (inverse-direction chart), asking whether any IT transversal
skill engages each PISA proficiency level, reveals that 16 out of 18 domainxlevel pairs (89%) are cov-
ered by at least one transversal cluster. The two exceptions are Mathematics literacy Level 6 and Science
literacy Level 6, which reach only partial coverage: no single transversal cluster fully demands the
abstract modelling and symbolic reasoning required at the highest proficiency tier. Zero PISA levels are
missing, meaning that PISA levels are always touched by some IT transversal skill, but ESCO transver-
sal skills extend well beyond what PISA can detect.
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Figure 6. Forward and inverse gaps results
Table 11 shows all 8 clusters that fall entirely outside the three cognitive literacy pillars of PISA,
representing the social-emotional, ethical, dispositional, and creative competencies that OECD research
identifies as essential for 21st-century, but remain invisible in PISA’s assessment design.
Table 11. Clusters with no PISA coverage
Skill Reason

[TCO1] applying  PISA 2022 focuses on mathematical, reading and scientific literacy, which do not di-

cultural skillsand  rectly assess artistic expression, aesthetic sensibility or the appreciation of diverse cul-

competences tural and artistic forms.

[SKO02] collabo- PISA 2022 focuses on Mathematics, Reading and Scientific literacy, which do not di-

rating in teams and  rectly assess the social and interpersonal skills involved in collaborating in teams and

networks networks.

[TCO1] demon-

strating willing-

ness to learn

PISA 2022 primarily assesses the application of Mathematics, Reading and Science
knowledge and reasoning, and does not directly measure dispositions such as curiosity,
willingness to learn or the meta-cognitive skill of self-reflection.

[TCO3] following  PISA 2022 assesses cognitive literacy in mathematics, reading and science, which does

ethical code of not directly cover the demonstration of ethical conduct, loyalty or compliance with reg-
conduct ulations.

[TCO3] leading PISA 2022 focuses on mathematical, reading and scientific literacy, which do not di-
others rectly assess the social, emotional and interpersonal competencies inherent in leading

others.




[SK02] maintain-

: o . PISA 2022 focuses on cognitive literacies (Mathematics, Reading and Science) and
ing a positive atti-

does not directly assess emotional regulation, resilience or attitudinal skills.

tude

[SKO3] respond- PISA assesses cognitive literacies (Mathematics, Reading and Science) through problem-
ing to physical cir-  solving and understanding, not direct physical capabilities or immediate physical reac-
cumstances tions to environmental circumstances.

[TCO1] thinking
creatively and in-
novatively

The PISA 2022 assessments for Mathematics, Reading and Science literacy primarily
evaluate the application of knowledge and reasoning within defined contexts, rather than
directly assessing the generation of new ideas, improvisation, or innovative solutions.

The transversal gap analysis serves to delineate the boundaries of the proposed framework. The core
pipeline successfully aligns the cognitive-technical dimension of IT workforce demand to PISA profi-
ciency levels, confirming that PISA’s literacy constructs are a valid reference point for reasoning com-
plexity in IT task statements. However, the bidirectional analysis of ESCO transversal skills reveals that
33% of soft-skill clusters, primarily social-emotional, ethical and creative competencies, operate out-
side PISA’s cognitive-literacy scope, identifying which complementary assessment dimensions would
be needed to extend the approach to the full breadth of workforce readiness. The framework thus con-
tributes both a working alignment tool for cognitive competencies and a structured map of where its
coverage ends, providing a foundation for future multi-instrument extensions.

5. Conclusions

This study demonstrates that IT occupations are uniformly cognitively demanding, with all 25 tech-
nical competency clusters requiring at least PISA Level 3 proficiency, establishing a Level 3 floor below
which basic functional literacy is insufficient for workforce entry.

PISA measures the cognitive-reasoning capacity that IT work most heavily relies upon: all 25 tec-
hnical competency clusters require at least Level 3, with Science Literacy emerging as the sole domain
where 100% of clusters require Level 4 or above. What PISA misses is structural rather than scalar,
33% of ESCO transversal IT skill clusters, covering creative agency, ethical stewardship and collabo-
rative intelligence, fall entirely outside PISA’s literacy constructs, and no proficiency level, however
high, closes this gap. Raising PISA scores addresses the cognitive-technical readiness gap but leaves
the transversal readiness gap intact.

Contrary to conventional assumptions, Science Literacy, not Mathematics, emerges as the dominant
cognitive demand (44.5% of annotations; Level 5-6 in 64% of clusters), indicating that inductive and
deductive reasoning, rather than calculation, constitutes the core competency of IT work. The LLM-
based annotation framework is validated through statistically significant OLS-calibrated correlations
with O*NET ability scores, confirming it captures meaningful variance in cognitive demand.

A bidirectional gap analysis of 24 ESCO transversal skill clusters reveals that while all PISA profi-
ciency levels (1a—6) are engaged by at least one cluster, eight clusters (33%), spanning creative agency,
ethical stewardship, collaborative intelligence and dispositional resilience, fall outside PISA’s cogni-
tive-literacy scope entirely. This boundary mapping identifies precisely where complementary frame-
works, such as social-emotional learning instruments, would be required for a complete assessment of
IT workforce readiness.

Beyond its substantive findings, this paper contributes a reusable framework for aligning occupa-
tional task demands with population-level educational assessments: any researcher can apply the full
pipeline to a different occupational domain by modifying only the SOC code prefixes, and the annota-
tion protocol accommodates any assessment framework whose levels are described by explicit verbal
descriptors. The annotated corpus and validation results are released on Zenodo as a stable reference
independent of future model updates.

These findings carry direct implications for education and policy: IT curricula should target a mini-
mum of PISA Level 3 with emphasis on scientific reasoning; the OECD Learning Compass 2030 offers
a policy-transferable vocabulary for competency mapping; and the transversal gap analysis provides a
concrete roadmap for extending cognitive-literacy assessments with ethical and social-emotional di-
mensions.

A four-model cross-validation against a blind human expert confirms that annotation precision
scales predictably with model reasoning capacity and that the primary annotator’s disagreements are



systematically conservative, overestimating rather than underestimating cognitive demands, a direc-
tional bias that preserves the validity of the study’s distributional findings while providing future re-
searchers with empirical guidance for balancing annotation precision against scalability.

Future work should broaden the framework to other sectors, incorporate longitudinal job-posting
data and integrate the identified gaps into a multi-dimensional IT workforce readiness index.
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