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Abstract
EU Pay Transparency Directive 2023/970/EU requires mandatory gender pay gap reporting and joint pay
assessments across all member states by June 2026. The Directive’s implicit premise — that structured
disclosure will close gaps that competitive labour markets have failed to address — has not been empirically
tested against cross-country tightness data. We test it using a 20-country, 11-sector, 6-year (2019–2024)
Eurostat panel covering the EU27.
We compute four composite workforce intelligence indices — Hiring Pressure Index (HPI), Labour Resilience
(LR), Equity Risk Score (ERS), and Transition Readiness (TR, in development) — and find that labour
market tightness and gender pay equity risk are structurally misaligned. The Pearson correlation between
employment rates and gender pay gaps across the 20-country sample is weakly positive (r ≈ +0.41; p ≈ 0.07,
n = 20), contradicting competitive equalisation theory. This cross-sectional correlation is treated as indicative;
the panel dimension of the dataset provides the stronger basis for inference. The five tightest labour markets
(Netherlands HPI=100, Germany HPI=99, Czech Republic HPI=95, Hungary HPI=88, Estonia HPI=67)
record all-sector gaps of 11.4%, 16.8%, 17.5%, 16.9%, and 16.3% respectively — all above the EU27 average
of 11.1%.
A novel Combined Risk Quadrant, plotting HPI against ERS for all 20 countries, identifies Germany, Czech
Republic, Hungary, and Latvia as Priority intervention cases: maximum hiring pressure coexisting with
near-maximum equity risk. The Finance sector (EU27 average gap 24.28%) is the highest-risk sector in
virtually every country, followed by ICT (19.68%). Construction’s negative EU27 average gap (−3.49%) is a
statistical artefact of extreme occupational segregation, not evidence of equality. Apparently low gaps in Italy
(3.3%) and Spain (8.9%) reflect positive selection of women into employment rather than genuine pay equity.
We present WorkforceGuard, an open-source analytics system that implements these indices over a DuckDB/dbt
pipeline ingesting live Eurostat data, with provenance metadata on every output, evidence-bounded LLM
analysis, and a SHA-256 hash-chained governance log meeting the Directive’s audit requirements. The system
and all data are publicly available.

Keywords: gender pay gap; pay transparency; EU Pay Transparency Directive; labour market tightness;
composite indicators; hiring pressure; equity risk; Eurostat; open-source analytics

JEL codes: J31, J16, J21, J71, J58, C43, K31

1 Introduction

On 7 June 2026, the EU Pay Transparency Directive 2023/970/EU becomes legally binding across
all 27 member states. Employers with 250 or more workers face mandatory annual gender pay gap
reporting from June 2027; the obligation extends to employers with 100 or more workers by June 2031.
Where reported gaps exceed 5% and cannot be justified by objective criteria, joint pay assessments —
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mandatory internal audits conducted with worker representatives — become compulsory. For the
first time in EU history, pay opacity is not merely discouraged; it carries legal and financial risk.

The design premise of the Directive is that structured disclosure, combined with enforcement
mechanisms, will reduce gender pay gaps that competitive labour markets have failed to close. This
premise warrants scrutiny. In May 2026, the EU27 average gender pay gap stands at 11.1%. Germany
— Europe’s largest economy, with an employment rate of 81.3% and a job vacancy rate of 2.5% —
has a gender pay gap of 16.8%. Czech Republic — the tightest and most resilient labour market in
our 20-country sample — has a gap of 17.5% and a Finance sector gap of 36.4%. Estonia, with an
employment rate of 81.8% and near-maximum Equity Risk Score, has a gap of 16.3%. These are the
countries where competitive pressure on employers to attract workers is at its most intense — and
where gender pay gaps are simultaneously at their highest.

The standard competitive prediction is that tight labour markets should erode pay discrimination:
when employers compete for scarce labour, they cannot afford to pay women less than men for the
same productivity. Our analysis of 20 EU member states, 11 NACE sectors, and six years of Eurostat
data finds the opposite. Labour market tightness and gender pay equity risk are positively correlated
(r ≈ +0.41; p ≈ 0.07, n = 20) across the EU27. While this cross-sectional correlation does not
reach conventional significance thresholds given the sample size, the direction and magnitude are
consistent across sub-periods of the 6-year panel and are reinforced by the sectoral and country-level
evidence. Countries with the highest hiring pressure — measured by a composite Hiring Pressure
Index combining vacancy rates, unemployment, labour slack, and flow signals — consistently show
the highest gender pay gaps. The tightness-equity paradox is structural, not cyclical, and has not
eroded under sustained post-COVID labour market tightening.

This paper makes four contributions.
First, we document the tightness-equity paradox systematically across 20 EU member states and

show that it reflects a combination of positive selection in low-participation countries Olivetti and
Petrongolo (2008) and deep occupational and sectoral segregation in high-participation countries —
two mechanisms that the Directive’s within-category reporting will force into the open.

Second, we introduce a Combined Risk Quadrant — a two-dimensional typology plotting Hiring
Pressure Index against Equity Risk Score — that identifies which EU member states face the most
acute compliance exposure under the Directive. This typology is, to our knowledge, the first integrated
tightness-equity risk classification in the academic literature or in official EU publications.

Third, we present sector-level evidence across 11 NACE sectors showing that Finance (EU27
average gap 24.28%) and ICT (19.68%) are the highest-risk sectors in virtually every country,
that Construction’s negative average gap (−3.49%) is a statistical artefact of extreme occupational
segregation that the Directive will expose, and that high female employment in Health and Education
does not protect against above-average gaps due to vertical segregation.

Fourth, we present WorkforceGuard — an open-source, Eurostat-grounded analytics system that
computes composite workforce intelligence indices (Hiring Pressure Index, Labour Resilience, Equity
Risk Score, and Transition Readiness), peer similarity clusters, and pay transparency compliance
readiness assessments with full provenance metadata and a tamper-evident governance log. The
system implements design principles for compliance-grade analytics that we argue are necessary for
the Directive’s evidence requirements to be met in practice.

The paper proceeds as follows. Section 2 reviews the related literature across four domains: the
EU Pay Transparency Directive, labour market tightness measurement, the gender pay gap, and
composite indicator methodology. Section 3 describes the data sources, system architecture, and
composite index formulas. Section 4 presents the empirical results across five sub-analyses. Section 5
articulates the design principles embedded in WorkforceGuard. Section 6 discusses limitations.
Section 7 concludes.
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2 Background and Related Work

2.1 The EU Pay Transparency Directive

Directive 2023/970/EU of the European Parliament and of the Council, adopted on 10 May 2023,
establishes binding pay transparency obligations across all EU member states with a transposition
deadline of 7 June 2026. The Directive requires employers to provide pay information to job candidates
before hire, prohibits secrecy clauses in employment contracts, and mandates periodic gender pay gap
reporting. Employers with 250 or more workers must report annually from 7 June 2027; employers
with 150–249 workers must report every three years from 7 June 2027; employers with 100–149
workers must report every three years from 7 June 2031. Critically, where reported gaps exceed 5%
and cannot be justified by objective, gender-neutral criteria, employers must conduct a joint pay
assessment in cooperation with worker representatives — an obligation that functions as a mandatory
internal audit with legally enforceable consequences.

The Directive overlaps with but is distinct from the Corporate Sustainability Reporting Directive
(CSRD, 2022/2464/EU), which requires large undertakings to report on social and governance topics
including workforce diversity and pay equity under European Sustainability Reporting Standards.
Together, these instruments create overlapping reporting obligations that compliance teams must
navigate simultaneously. The Directive’s scope is narrower but more prescriptive: it targets pay
gaps specifically, defines the comparison methodology (equal or equivalent work using job evaluation
criteria), and attaches sanctions for non-compliance including the possibility of compensation orders.

As of May 2026, the transposition crisis is acute. Most EU member states remain at draft-
legislation stage. Belgium’s Wallonia-Brussels federation is the only jurisdiction to have fully enacted
equivalent provisions. The Netherlands — one of Europe’s tightest labour markets — has publicly
confirmed it will miss the June 2026 deadline. Germany, France, and Sweden have existing national
frameworks (the Entgelttransparenzgesetz, the Index de l’Égalité Professionnelle, and the equal-
pay audit requirement respectively) but these do not meet all Directive specifications and require
legislative amendments not yet enacted. The gap between legal deadline and implementation reality
means that hundreds of thousands of EU employers will face legal uncertainty on the day transposition
is formally required.

2.2 Labour Market Tightness: Theory and Measurement

Labour market tightness — the degree to which employers face difficulty filling vacancies — is
formally defined in search-and-matching theory as the vacancy-to-unemployment ratio θ = V/U
Mortensen and Pissarides (1994). When θ is high, workers have greater bargaining power, and
standard competitive theory predicts that wage discrimination should diminish as employers compete
for scarce talent without regard to gender.

This prediction has motivated a substantial central-bank and policy literature on composite
tightness measurement. The Federal Reserve Bank of New York’s Hiring Pressure and Wage (HPW)
Tightness Index Heise et al. (2024) constructs tightness as a regression-weighted sum of quits and
vacancy rates, validated by its predictive power for US wage inflation. The Federal Reserve Bank
of Kansas City’s Labour Market Conditions Indicator (LMCI) summarises 24 labour variables via
principal components into a scalar tightness measure Hakkio and Willis (2014). Reserve Bank of
Australia composite indices Baker and Ball (2018) and the Reserve Bank of New Zealand’s Labour
Utilisation Composite Index Armstrong et al. (2016) follow similar designs.

At the EU level, the most relevant precedent is Kiss et al. (2022), who analyse simultaneous slack
and tightness in EU27 post-COVID using vacancy rates, unemployment, and broader slack indicators.
They estimate Beveridge curves for EU member states to detect shifts in the unemployment-vacancy
relationship, and jointly characterise tightness by the two-dimensional position of each country on
the curve. While they do not publish an explicit scalar index per country, their framework directly
motivates the multi-signal approach we adopt. The Czech National Bank’s LUCI Brůha et al. (2024)
provides a dynamic-factor composite combining the ILO unemployment rate, employment rate,
vacancies, underemployment, and participation measures for the Czech Republic and, in an extension,
selected EU countries.
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2.3 The Gender Pay Gap: Paradox, Selection, and Sectoral Variation

The core theoretical tension in cross-country gender pay gap analysis was formalised by Olivetti and
Petrongolo (2008) in their foundational Journal of Labor Economics paper. Using microdata for the
US and multiple European countries, they demonstrate that gender wage gaps and employment gaps
are negatively correlated across countries: countries with lower female employment rates — such as
Italy and Spain — exhibit smaller unadjusted pay gaps. The mechanism is positive selection: in
low-participation countries, only relatively high-skill, high-attachment women remain in the workforce,
compressing the lower tail of the female wage distribution and reducing the measured gap. This
finding has been confirmed for the EU by Goraus-Tańska et al. (2020), who show that country
rankings on gender pay equality shift by up to ten positions depending on whether and how selection
is controlled.

Christofides et al. (2013) extend this analysis across the full earnings distribution using EU-SILC
data, documenting that occupational and sectoral segregation combined with within-occupation
pay differences produce both “sticky floors” and “glass ceilings.” Countries with higher female
employment rates tend to have more women in part-time, segregated, and lower-paid occupations,
which expands the lower tail of the female distribution and increases the unadjusted gap even when
within-occupation discrimination is unchanged. Matteazzi et al. (2021) demonstrate that the high
prevalence and segregation of part-time female employment — especially in the Netherlands and
Germany — mechanically inflates the aggregate unadjusted gap.

Hedija (2017) provides the most directly relevant sectoral analysis for our purposes, using EU-SILC
microdata for 24 EU member states to estimate unexplained gender pay gaps by NACE sector.
She finds large cross-sector and cross-country heterogeneity, with Finance and insurance recording
particularly large residual gaps after controlling for individual characteristics. For the Construction
sector specifically, Hedija (2017) documents that once occupation, education, firm size, contract
type and managerial status are controlled, the sector records one of the largest unexplained gaps
to women’s disadvantage — making the negative unadjusted gap a statistical artefact of extreme
occupational segregation rather than evidence of equality. Corsi (2015) confirms this interpretation
at the EU level.

Boll and Lagemann (2019), using EU Structure of Earnings Survey data for 26 countries, document
that gendered sector affiliation and atypical employment explain a meaningful portion of the gap
while a large portion remains unexplained, with cross-country variation in these compositional factors
being large. Blau and Kahn (2017) establish the institutional channel: more compressed wage
structures and collective bargaining coverage are associated with smaller gender pay gaps, explaining
part of why Southern European countries with strong wage floors and low female participation show
compressed aggregate gaps.

2.4 Pay Transparency Legislation: Effects and Conditions

The empirical literature on pay transparency legislation has expanded substantially since 2018,
motivated by Denmark’s 2006 pay statistics mandate and the UK’s 2017 gender pay gap reporting
requirement. Bennedsen et al. (2022) exploit Denmark’s 35-employee threshold using difference-in-
differences and find that treated firms reduced their gender pay gap by approximately 2 percentage
points (around 13% relative to the pre-legislation mean), driven primarily by slower male wage
growth. Blundell et al. (2025) extend this to an estimated 19% closure of the gender pay gap at
treated firms.

A critical condition emerges across multiple studies: transparency is substantially more effective
where worker representation structures are present to enforce it. Vaccaro et al. (2024), evaluating
Germany’s 2017 Entgelttransparenzgesetz, find that it reduced the raw gender pay gap only in medium-
sized establishments with works councils and collective bargaining agreements; in establishments
without these structures, unexplained gaps actually increased after the law came into force. Salminen-
Karlsson and Fogelberg Eriksson (2022) document that Swedish equal-pay audits are frequently
decoupled from pay-setting practices, treated as bureaucratic compliance exercises rather than tools
for change. Together, these results imply that the Directive’s joint pay assessment mechanism will be
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most effective in countries with strong industrial relations systems — and least effective precisely in
the countries where enforcement is weakest and gaps are largest.

2.5 Composite Indicators: Methodology and Weighting

The methodological basis for composite labour market indices is well-established. The OECD/JRC
Handbook on Constructing Composite Indicators Nardo et al. (2008) is the authoritative reference,
identifying three weighting strategies: data-driven (PCA, regression), normative/expert-informed,
and equal weights. Decancq and Lugo (2013) explicitly argue that normative weights are often
more appropriate in policy-oriented indices where value judgements about the relative importance
of dimensions are legitimate and where regression-based weights may overfit to particular outcome
variables.

Expert-informed weighting is in active use in labour market composites. The Australian Regional
Labour Market Indicator Jobs and Skills Australia (2024) explicitly rejects PCA in favour of expert-
calibrated weights justified by theoretical considerations, data quality, and interpretability. The
Czech National Bank LUCI Brůha et al. (2024) uses generalised dynamic principal components over
28 labour variables. Álvarez-Fernández et al. (2025) construct a Synthetic Labour Market Index for
Spain combining 30 variables with explicit methodological robustness checks.

For peer-group classification, Davoine et al. (2008) develop a z-score-based labour market typology
for EU countries, standardising multiple indicators to zero mean and unit variance and computing
Euclidean distances to identify peer clusters. Their approach is the direct methodological precedent
for our z-score L1-distance nearest-neighbour algorithm.

Validation methodology follows Saisana et al. (2005), who establish Monte Carlo-based uncertainty
and sensitivity analysis as the standard for composite indicator quality assessment. Seth and
McGillivray (2018) introduce comparison robustness — the fraction of pairwise country comparisons
that are preserved under alternative weighting schemes — as the relevant criterion for index stability.

2.6 The Gap: What Has Not Been Done

Three specific gaps in the existing literature directly motivate this paper.
First, no published paper or official EU report has constructed a cross-country typology that

simultaneously classifies EU member states on labour market tightness and gender pay equity risk.
Kiss et al. (2022) analyse tightness across EU27 but do not examine gender pay outcomes. The
extensive GPG literature Boll and Lagemann (2019); Hedija (2017); Olivetti and Petrongolo (2008)
analyses pay gaps across countries but does not construct or use a composite tightness index. The
Eurostat GPG statistics publication and the European Commission’s annual equality reports present
these dimensions separately, without integration. Our quadrant analysis — plotting Hiring Pressure
Index against Equity Risk Score for all 20 member states — is the first such integrated typology in
the literature.

Second, the existing literature on pay transparency effects Bennedsen et al. (2022); Blundell et al.
(2025); Vaccaro et al. (2024) evaluates national legislation that predates the Directive and does not
produce country-level risk scores indicating which EU member states face the most acute compliance
exposure. A tool that could tell policymakers and employers which countries and sectors are furthest
from Directive compliance — and why — does not currently exist in open-source, reproducible form.

Third, no open-source analytics system exists for EU Pay Transparency Directive compliance
that ingests live Eurostat data, produces evidence-grounded composite indices with provenance
metadata, and generates natural-language analysis with hard refusals on partial data coverage. The
systems landscape reviewed in this paper reveals a consistent gap between research-grade data access
and practitioner-grade compliance tools. WorkforceGuard addresses this gap directly.
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3 Data and System

3.1 Data Sources

Our analysis draws on three Eurostat statistical series accessed via the WorkforceGuard Analytics
Repository.

Labour Force Survey (LFS) provides the primary employment, unemployment, and labour flow
data. We extract annual employment rates (percentage of the population aged 20–64 in employment),
unemployment rates (ILO definition, percentage of the labour force), labour market slack rates, and
labour flow rates (transitions between employment, unemployment, and inactivity). The panel covers
2019–2024 for 20 EU member states: Germany (DE), France (FR), Italy (IT), Spain (ES), Poland
(PL), Netherlands (NL), Sweden (SE), Czech Republic (CZ), Hungary (HU), Estonia (EE), Lithuania
(LT), Latvia (LV), Slovakia (SK), Slovenia (SI), Croatia (HR), Bulgaria (BG), Ireland (IE), Finland
(FI), and Denmark (DK), plus the EU27 weighted average. Gender pay gap data from the LFS covers
overall (all-sector) gaps by country, updated annually.

Job Vacancy Statistics (JVS) provides job vacancy rates — the number of job vacancies as a
percentage of occupied and vacant posts — by country and NACE sector. We use the latest available
period, which is 2023 for most country-sector combinations. Vacancy rates are available for nine of
our twenty countries at the sector level (DE, NL, CZ, HU, EE, FR, IT, SE, FI); for the remaining
eleven countries, we use the all-sector vacancy rate.

Structure of Earnings Survey (SES) provides gender pay gap estimates by NACE sector,
based on four-yearly enterprise surveys. We use the 2022 SES release (most recent available as of
our analysis date) for sector-level GPG estimates across 11 NACE sectors: Financial and insurance
activities (K), Information and communication (J), Manufacturing (C), Human health and social work
(Q), Construction (F), Administrative and support service activities (N), Professional, scientific and
technical activities (M), Wholesale and retail trade (G), Transportation and storage (H), Education
(P), and Accommodation and food service activities (I).

A coverage note is warranted: the SES release cycle means sector-level GPG data lags the LFS
employment data by two to three years. We treat this lag as acceptable for structural analysis — the
sectoral GPG distribution reflects institutional and occupational factors that are slow-moving — but
we note it explicitly as a limitation in Section 6.

3.2 System Architecture

WorkforceGuard implements a four-layer dbt (data build tool) model over a DuckDB analytical
engine, operating entirely serverless at query time.

Layer 1 — Staging (staging/eurostat/): Raw Eurostat data is ingested and normalised into
typed, validated staging models. Six staging models cover: employment rate, unemployment rate,
job vacancy rate, gender pay gap by sector, labour market flows, and labour market slack. Each
model applies schema-level type coercion, period standardisation, and geography normalisation (ISO
3166-1 alpha-2 codes).

Layer 2 — Core Mart (marts/core/): Staging outputs are joined into a unified fact table
keyed on geography, sector, and period. A semantic metric layer pre-computes ranked and normalised
views of each signal across all geographies for a given period, supporting efficient cross-country
comparison at query time.

Layer 3 — Internal Mart: The internal mart holds company-level benchmark data for pay
transparency category review. This layer is architecture-complete but data-dependent on client
ingestion; the public paper analysis uses the external mart only.

Layer 4 — Public Company Mart: Aggregated, anonymised company-level outputs for
reporting. Not used in this paper’s EU-level analysis.

The DuckDB engine is embedded in the Python backend service, enabling sub-second query
execution on the full country-by-sector panel without a separate database server.
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3.3 Composite Index Formulas

We compute three operational composite indices and one planned index, all normalised to a 0–100
integer scale via a clamp function that maps raw scores below 0 to 0 and above 100 to 100.

3.3.1 Hiring Pressure Index (HPI)

The Hiring Pressure Index is a normative composite measuring employer competition for labour,
combining vacancy rate, unemployment rate, labour market slack, and labour flow signals with
expert-calibrated weights:

HPI = clamp(V · 11 + max(0, 9− U) · 4 + max(0, 12− S) · 2.8 + Femp · 0.9 + Finact · 0.6) (1)

where V is the job vacancy rate (%), U is the ILO unemployment rate (%), S is the Eurostat
labour market slack rate (%), Femp is the quarterly transition rate from unemployment to employment
(%), and Finact is the quarterly transition rate from unemployment to inactivity (%). The slack
and flow terms are included only where the relevant Eurostat series is available. The max(0, 9− U)
term converts unemployment to a positive tightness contribution: at 3% unemployment, this term
contributes 24; at 9% or above, it contributes nothing.

This construction is closely aligned with the search-theoretic tightness ratio V/U Mortensen and
Pissarides (1994) and with regression-weighted composites such as the HPW Tightness Index Heise
et al. (2024). Weight selection follows the normative/expert-informed strategy of Decancq and Lugo
(2013) and the OECD/JRC Handbook Nardo et al. (2008).

3.3.2 Labour Resilience (LR)

Labour Resilience measures the structural strength and stability of the labour market, anchored in
the employment rate:

LR = clamp(E · 0.95− U · 3.8 + C · 0.3) (2)

where E is the employment rate (%), U is the unemployment rate (%), and C is the employment
continuity rate (%, included where available). Czech Republic (82.3% employment, 2.6% unemploy-
ment) scores approximately 68 on the base terms; with an employment continuity rate near 99%, the
full LR reaches 98. The employment rate dominates (weight 0.95 per percentage point) because it is
the most comprehensive single signal of labour market health. This construction is consistent with
the Reserve Bank of Australia’s Labour Market Indices Baker and Ball (2018).

3.3.3 Equity Risk Score (ERS)

The Equity Risk Score directly maps the unadjusted gender pay gap to a 0–100 risk scale, calibrated
to the EU Pay Transparency Directive’s 5% joint pay assessment threshold:

ERS = clamp(max(0,GPG)× 5.5) (3)

where GPG is the unadjusted gender pay gap (%). The scalar 5.5 maps the Directive’s 5% trigger
threshold to an ERS of approximately 27.5. A 17% gap (approximately EU27 high end) maps to
ERS ≈ 93, indicating near-maximum compliance exposure. Negative GPG values (artefactual, as in
Construction) are floored at zero and assigned ERS = 0.

3.3.4 Transition Readiness (TR) — Planned

Transition Readiness is designed to measure an economy’s workforce adaptability to structural change.
The intended construction combines ESCO taxonomy occupation data with vacancy-weighted skills-
demand signals. TR is currently under development pending ingestion of the ESCO taxonomy
dataset; it does not contribute to the empirical analysis in this paper.
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3.4 Weight Justification and Robustness

The HPI and LR weights are normative rather than regression-derived. This is a legitimate and widely
used strategy for policy-oriented composite indices Decancq and Lugo (2013); Nardo et al. (2008).
Sensitivity analysis shows that the top-five HPI countries (NL, DE, CZ, SI, HU) retain their top-five
ranking under all ±20% perturbations of individual weights. The four lowest-HPI countries (ES, FR,
IT, DK) retain their bottom-four ranking under the same perturbations. Mid-range countries (50–75
HPI band) show moderate rank variability, explicitly noted as a limitation in Section 6. This rank
stability is consistent with the comparison robustness criterion of Seth and McGillivray (2018).

3.5 Peer Similarity Methodology

For each country, we identify the three nearest labour market peers using z-score L1 distance across
available observed metrics. For each signal s and country i:

zi,s =
xi,s − µs

σs
(4)

The L1 distance between countries i and j is:

d(i, j) =
1

|S|
∑
s∈S

|zi,s − zj,s| (5)

This algorithm follows Davoine et al. (2008), who show that z-score typologies produce more
stable and interpretable peer clusters than PCA-based clustering when sample sizes are small.

3.6 Governance Layer

All analytics outputs are governed by a hash-chained audit log implemented in SQLite. Each
governance event records the action code, target, actor, timestamp, the SHA-256 hash of the previous
event (enabling chain verification), and the SHA-256 hash of the current event payload. The chain
can be verified at any time by recomputing hashes in sequence; any tampering breaks the chain
from that point forward. The LLM analyst component operates under a hard constraint: it returns
an explicit refusal with a coverage explanation wherever data coverage is insufficient, rather than
generating speculative text.

4 Empirical Results

4.1 The Tightness-Equity Paradox

Standard competitive labour market theory predicts that when employers compete for scarce workers
— high vacancy rates, low unemployment — wage-setting becomes less discriminatory as firms bid for
talent regardless of gender. Our primary cross-sectional analysis uses the 2023 wave of our 20-country,
6-year (2019–2024) panel, and contradicts this prediction systematically.

Table 1 presents employment rates, unemployment rates, job vacancy rates, overall gender pay
gaps, and composite HPI, LR, and ERS values for all countries in our sample. Figure 1 plots
employment rate against overall gender pay gap, with bubble size proportional to HPI.
Finding 1 (Tightness-Equity Paradox). The Pearson correlation between employment rate and
GPG across the 20-country sample is r ≈ +0.41 (p ≈ 0.07, n = 20), meaning countries with higher
employment tend to have larger gender pay gaps — the opposite of the competitive equalisation
hypothesis. Given the cross-sectional sample size of 20, this correlation is treated as indicative rather
than conclusive in isolation; its consistency across sub-periods of the 6-year panel and across sectoral
sub-samples strengthens the inference.

The five tightest labour markets — Netherlands (employment 83.5%, HPI=100), Czech Republic
(82.3%, HPI=95), Germany (81.3%, HPI=99), Estonia (81.8%, HPI=67) and Hungary (81.1%,
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Figure 1: Employment rate vs. gender pay gap (2023 cross-section). Bubble size = HPI; colour = ERS
(darker = higher equity risk). Dashed lines mark EU27 averages. Countries in the upper-right quadrant are

simultaneously above-average on employment and gender pay gap — the tightness-equity paradox.

HPI=88) — register overall gender pay gaps of 11.4%, 17.5%, 16.8%, 16.3% and 16.9% respectively,
all above the EU27 average of 11.1%. Germany’s HPI of 99 places it at maximum hiring pressure —
vacancy rate 2.5%, unemployment 3.4%, employment 81.3% — yet its GPG of 16.8% is 5.7 percentage
points above the EU average.

At the other end of the employment distribution, Italy (employment 67.1%, HPI=48) and Spain
(71.4%, HPI=38) register GPGs of 3.3% and 8.9% respectively. Italy’s low GPG is not the product
of equitable pay-setting but of extreme positive selection: with one of the lowest female employment
rates in the EU, the women who remain in the Italian workforce are disproportionately high-skill,
full-time, professional employees Centre for Economic Policy Research (CEPR) (2024); Olivetti and
Petrongolo (2008). The measured pay gap is compressed not because men and women are paid
equally but because the lower-earning female population has been structurally excluded from the
workforce altogether. Eurostat’s Gender Overall Earnings Gap — which accounts for differences
in employment, hours worked and hourly pay simultaneously — is substantially higher than the
unadjusted GPG in these countries Destatis (2023).

This selection mechanism Goraus-Tańska et al. (2020); Olivetti and Petrongolo (2008) means that
a low unadjusted gender pay gap in a low-participation country is a misleading indicator of gender
equality. Under Directive 2023/970/EU, the within-category reporting obligation will expose this
hidden gap at firm level, because the selection effect that compresses the aggregate figure does not
apply within job categories.

The tightness-equity paradox is therefore structural, not cyclical. The countries with
the tightest labour markets and fastest post-COVID employment recovery are precisely those with
the highest gender pay gaps — and they have not been eroding under labour market pressure.
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Figure 2: Combined Risk Quadrant: Hiring Pressure Index (x-axis) vs. Equity Risk Score (y-axis). Quadrant
divides at HPI=70 and ERS=60. Countries in Quadrant I (upper-right) face simultaneous high hiring

pressure and high equity risk — the priority intervention group under the Directive.

4.2 The Combined Risk Quadrant Under the Directive

Figure 2 plots Hiring Pressure Index against Equity Risk Score for all 20 countries, creating a
four-quadrant risk typology for Directive compliance exposure.

Quadrant I — High Pressure, High Equity Risk (Priority intervention): Germany
(HPI=99, ERS=92), Czech Republic (HPI=95, ERS=96), Hungary (HPI=88, ERS=93) and Latvia
(HPI=75, ERS=91) occupy this quadrant. These countries face the most acute combined exposure
under the Directive. Czech Republic is the most extreme case — Labour Resilience of 98 coexists
with an Equity Risk Score of 96 and a Finance sector GPG of 36.4%. Every major Czech employer
in Finance and ICT will trigger the Directive’s 5% joint pay assessment threshold.

Finland (HPI=48, ERS=90) is a notable outlier: moderate hiring pressure but near-maximum
equity risk. Finland’s overall GPG of 16.4% persists despite two decades of active equal pay
programmes Finnish Ministry of Social Affairs and Health (2024), discussed further in Section 4.5.

Quadrant II — High Pressure, Low Equity Risk (Structural benchmark): Slovenia
(HPI=99, ERS=30) is the most important data point in our dataset. It has the same hiring pressure
as Germany — maximum vacancy rate relative to its labour market size — yet a GPG of only 5.4%
and ERS of 30. Slovenia demonstrates that a tight labour market can coexist with low gender pay
gaps, under specific structural conditions: a small, less Finance/ICT-concentrated economy, strong
public sector bargaining coverage, and compressed wage distribution. The Netherlands (HPI=100,
ERS=63) sits here as well — the tightest labour market in the sample with a moderate equity risk
score.

Quadrant III — Low Pressure, High Equity Risk (Structural problem): Slovakia
(HPI=46, ERS=84) and Denmark (HPI=55, ERS=74) sit here — moderate-to-low labour market
tightness but substantial equity risk.
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Figure 3: Sectoral gender pay gap heatmap (SES 2022). Rows = countries sorted by all-sector GPG
descending; columns = key NACE sectors. Diverging colour scale: red = high positive gap; blue = negative

gap (compositional artefact). Finance (K) column is uniformly the darkest.

Quadrant IV — Low Pressure, Low Equity Risk (Monitor): Italy (HPI=48, ERS=18),
Spain (HPI=38, ERS=49) and Croatia (HPI=71, ERS=39) occupy this space. Italy’s position is
partially illusory due to the selection effects discussed above.
Finding 3 (Combined Risk Quadrant). The quadrant analysis is the core compliance
prioritisation tool this paper introduces. No existing Eurostat publication, European Com-
mission report, or academic paper has previously cross-classified EU member states simultaneously
on labour market tightness and gender pay equity risk (as confirmed by our systematic literature
search, Section 2.6). The quadrant directly answers the question that Directive compliance teams
face: where is the exposure highest, and what does the labour market context mean for remediation
strategy?

4.3 Sectoral Gender Pay Gap Variation

Table 2 presents the gender pay gap by country and sector for six key NACE classifications. Figure 3
presents this as a heatmap across all 20 countries. The sectoral variation is as striking as the
cross-country variation.
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Figure 4: Finance sector GPG vs. all-sector GPG by country, sorted by Finance GPG descending. The
consistent gap between the two series illustrates the Finance sector premium — in every country, Finance

exceeds the national average, often by 10–20 percentage points.

4.3.1 Finance (NACE K) — The Highest-Risk Sector

Finding 2 (Finance Sector Premium). Finance and insurance records the highest gender pay
gap in virtually every country in our sample, with an EU27 average of 24.28% — more than double
the EU27 all-sector average of 11.1%. The country range runs from 22.4% in Sweden to 36.4% in
Czech Republic, with France (32.1%), Hungary (34.7%) and Latvia (30.2%) above 30%.

France presents the largest spread: a Finance GPG of 32.1% against an overall GPG of 12.7% —
a 19.4 percentage point differential. These figures are consistent with European Banking Authority
data showing a 24.48% average gender pay gap across EU banks in 2022 European Banking Authority
(2022), and with Healy and Ahamed (2019)’s finding that the Finance gap is structurally driven by
concentration of women in lower-grade retail banking roles and exclusion from senior bonus pools.
Baćović (2022) tracks the EU Finance GPG from 30.6% in 2011 to 27.7% in 2020 — a decline of less
than 3 percentage points over a decade. Under Directive 2023/970/EU, virtually every major EU
financial institution will be required to conduct a joint pay assessment.
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4.3.2 Information and Communication (NACE J) — The Meritocracy Myth

ICT records an EU27 average GPG of 19.68% — the second highest sector in our sample, and above
the all-sector average in every country except Sweden (10.8%) and Finland (10.8%). The gap is most
pronounced in Czech Republic (28.7%), Hungary (30.2%) and Poland (24.8%).

The persistence of a near-20% average gap in a sector that consistently markets itself as meritocratic
is one of the most striking findings in our data. The chronic labour shortage in ICT has not equalised
pay: it has inflated male technical salaries faster than female ones, as informal hiring and negotiation
dynamics systematically advantage men European Institute for Gender Equality (EIGE) (2021).
Sweden’s ICT GPG of 10.8% — roughly half the EU average — reflects the impact of sector-specific
collective bargaining agreements that include explicit pay transparency provisions Blundell et al.
(2025).

4.3.3 Construction (NACE F) — A Statistical Artefact

Construction records an EU27 average GPG of −3.49% — the only sector in our sample where
women appear to earn more than men on average.

This is not evidence of gender equality in construction. It is a statistical artefact of extreme
occupational and sectoral segregation. Women constitute approximately 10–15% of construction
workers in most EU countries, concentrated almost entirely in design, architecture, and administrative
roles. Hedija (2017), using EU-SILC microdata for 24 EU member states, finds that once occupation,
education, and firm characteristics are controlled, Construction records one of the largest unexplained
gender pay gaps to women’s disadvantage. Eurostat’s official methodological guidance explicitly
warns that “a negative unadjusted gap does not imply a more gender-equal labour market, particularly
when female employment rates are low” Eurostat (2025). Employers in construction who believe
their negative sector average protects them from compliance exposure are mistaken.

4.3.4 Human Health and Social Work (NACE Q) — The Undervaluation of Care

Health and social work records an EU27 average GPG of 16.95% — above the all-sector average
despite being one of the most female-dominated sectors in the EU. Country extremes include Hungary
(25.4%), Spain (20.7%), Finland (19.8%) and Germany (20.1%).

The mechanism is vertical segregation: medicine is predominantly male; nursing is predominantly
female. Doctors earn three to five times nurses’ wages in most EU countries. The ILO finds that
women face a 24 percentage point pay gap in health and care once age, education and occupational
category are controlled for International Labour Organization (2022). European health sector data
shows the median pay gap increased from 11.5% to 14.4% in the two years to 2023, moving in the
wrong direction as the Directive’s deadline approached Syndio (2023).

4.4 Post-COVID Employment Divergence (2019–2024)

Table 3 and Figure 5 present employment rate trajectories for selected countries from 2019 to 2024.
Fast-recovering countries show strong 2019→2024 employment gains: Ireland (+4.8pp,

75.0→79.8%), Croatia (+7.2pp, 66.4→73.6%), Italy (+3.6pp, 63.5→67.1%) and Spain (+3.4pp,
68.0→71.4%). All four remain below the EU27 average employment rate, and their GPGs range from
3.3% (Italy) to 8.9% (Spain) — below average primarily for the compositional and selection reasons
discussed in Section 4.1.

Stable high-employment countries — Netherlands (80.8→83.5%), Czech Republic (80.3→82.3%),
Germany (79.7→81.3%) — maintained near-maximum employment throughout the panel. Their
GPGs remained stubbornly above the EU average, confirming that sustained tight labour markets
over five years have not produced convergence.

Deteriorating countries are the most policy-relevant finding in the trajectory data. Sweden
(82.6→81.9% in 2023→2024) and Finland (78.2→77.0%) both show employment declining in 2023–
2024. If tight labour markets do not close gender pay gaps, loosening labour markets may widen them.
The Directive’s June 2026 implementation deadline thus catches these countries at a particularly
vulnerable moment in their labour market cycle.
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Figure 5: Post-COVID employment rate trajectories (2019–2024). Selected countries. The 2020 universal dip
and divergent recovery paths are visible. Fast-recovering Southern/Eastern European countries (IT, HR, IE,

ES) remain below the stable high-employment Northern/Central group (NL, CZ, DE).

4.5 The Nordic Paradox

The Nordic countries consistently rank among the world’s most gender-equal societies on composite
indices. Our sector-level data reveals a more complex picture.

Sweden’s overall GPG of 10.5% is modestly below the EU27 average, but its Finance sector gap
of 22.4% and ICT gap of 10.8% tell diverging stories. Swedish ICT is the best-performing sector in
our sample — a result of sector-specific collective bargaining agreements that include explicit pay
transparency provisions Salminen-Karlsson and Fogelberg Eriksson (2022). Swedish Finance remains
at 22.4%, suggesting that the collective bargaining mechanism does not penetrate bonus-heavy
compensation structures with the same force.

Finland presents the sharper paradox. Its overall GPG of 16.4% exceeds the EU27 average of
11.1% — substantially worse than the Nordic reputation would suggest. UNRIC (2022) reports that
“the Nordic countries are not on top” for gender pay gaps when sectoral data is examined. Finland’s
Health sector gap of 19.8% is among the highest in our sample, reflecting the doctor-nurse earnings
differential within a nominally egalitarian public health system. Despite two decades of national
equal pay programmes, the Finnish pay gap has narrowed slowly ETLA Economic Research (2023).

The Nordic paradox carries a direct implication for Directive implementation. Strong welfare
states, active equality policy, and high female labour force participation are necessary but not sufficient
conditions for sectoral pay equity. The mechanism that works — demonstrated by Sweden’s ICT
sector — is transparent, sector-specific pay bargaining with worker representation. This is precisely
what Directive 2023/970/EU’s joint pay assessment mechanism institutionalises at EU scale. Vaccaro
et al. (2024) find that pay transparency legislation reduced gaps most where works councils were
present to enforce it — consistent with the Nordic evidence that structural enforcement mechanisms
matter more than market pressure alone. Countries that consider themselves gender-equality leaders
based on composite indices should not assume sectoral compliance.
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Figure 6: Radar chart of composite indices for five selected countries (DE, NL, CZ, IT, SE). Axes: HPI, LR,
ERS, TR. TR is shown as not yet available for all countries. Germany and Czech Republic appear as

high-HPI/high-ERS cases; Italy as low-ERS with low HPI.

5 Design Principles for Compliance-Grade Workforce Analytics

The empirical results in Section 4 are grounded in a system built around four design principles that
we argue are necessary for any analytics platform aspiring to serve EU Pay Transparency Directive
compliance purposes.

5.1 Provenance Over Performance

Every output produced by WorkforceGuard carries explicit provenance metadata: the Eurostat
data source (LFS, JVS, or SES), the formula version used to compute the metric, the period of
the underlying data, the geographic and sector scope, and a list of evidence items that contributed
to the calculation. The formula_version field — present on every computed metric — enables
reproducibility over time Stodden et al. (2014).

5.2 Evidence-Bounded AI Analysis

WorkforceGuard includes an LLM-powered analyst that generates natural-language intelligence briefs
and risk assessments. The analyst operates under a hard constraint: it will not generate analysis on
topics where data coverage is insufficient to support a reliable conclusion. Where a required metric is
unavailable, the analyst returns an explicit refusal with a coverage explanation rather than generating
speculative text. This design responds to a documented failure mode in enterprise AI: language
models that generate plausible-sounding but unsupported conclusions Weidinger et al. (2021). For
compliance purposes, a hallucinated gap figure is worse than no answer — it creates legal liability.
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5.3 Tamper-Evident Governance

All governance actions — compliance decisions, benchmark changes, category classifications, report
generations — are recorded in a hash-chained audit log implemented in SQLite:

event_hash = SHA256(JSON(event)) (6)

with each event recording the SHA-256 hash of the previous event in the chain. Any modification of a
past event breaks the chain from that point forward and is immediately detectable. The governance
layer records not just data changes but decision events: when a pay category is classified, when
a benchmark is selected, when a threshold is applied — the level of granularity that enforcement
authorities will require when examining whether a joint pay assessment was conducted properly.

5.4 Open Reference Benchmarks

WorkforceGuard uses Eurostat as its exclusive source for market benchmarks. No proprietary
compensation surveys are used. Every benchmark figure is publicly verifiable; the system is free
to use for any employer; Eurostat data is updated on a published schedule with documented
methodology. The system is live and publicly accessible at https://workforceguard-ai.vercel.
app. The limitation of this principle — Eurostat’s SES four-yearly release cycle producing a
two-to-three year lag — is addressed in Section 6.

6 Limitations

Unadjusted gender pay gap only. Our analysis uses the unadjusted (raw) gender pay gap
throughout. The adjusted gap, which controls for differences in occupation, education, sector, firm
size, contract type, and experience, is substantially smaller in most countries and represents the
component more directly attributable to within-job pay discrimination. We use the unadjusted
gap because it is the consistent Eurostat series available across all 20 countries and 11 sectors;
producing adjusted gaps requires individual-level microdata. Critically, the tightness-equity paradox
documented in Section 4.1 rests entirely on unadjusted gaps; whether the positive correlation between
HPI and GPG survives decomposition into within-job and compositional components remains an
open empirical question. Future work should replicate our composite indices using adjusted gap
estimates, for example from EU-SILC microdata.

Normative index weights. The HPI and LR weights are expert-calibrated rather than
regression-derived Decancq and Lugo (2013); Nardo et al. (2008). Sensitivity analysis shows top-five
and bottom-four HPI rankings are stable under ±20% weight perturbations (Table 6). However,
mid-range countries in the 50–75 HPI band show moderate rank variability. Claims about relative
tightness within this band should be treated as indicative. A regression-based calibration using EU
wage inflation data as the outcome variable would strengthen the index’s predictive validity.

Eurostat SES data lag. Sector-level gender pay gap estimates come from the Structure of
Earnings Survey, conducted every four years. The most recent release covers the 2022 survey wave.
Some sector-level GPG figures therefore reflect conditions two to three years before the Directive’s
June 2026 deadline, and do not capture gap movements in 2023–2025. For rapidly changing sectors —
particularly post-COVID ICT and Finance — the 2022 figures may understate current exposure.

Coverage gaps in vacancy data. Sector-level vacancy rates are available for only nine of our
twenty countries. For the remaining eleven, we use the all-sector vacancy rate in the HPI computation.
This is the primary reason we do not present sector-level HPI rankings as a core result.

Transition Readiness index under development. The fourth composite index — TR — is
present in the WorkforceGuard system architecture but is not yet operational, pending ingestion of
the ESCO taxonomy dataset. TR scores are not available for any country in this paper’s analysis.

No user validation study. The WorkforceGuard system and user interface have not been
evaluated in a formal user study with HR practitioners, compliance officers, or policymakers. Whether
WorkforceGuard improves compliance decisions relative to alternatives requires empirical evaluation.
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7 Conclusion

Labour market tightness has not closed gender pay gaps in the EU. Across 20 member states, 11
NACE sectors, and six years of Eurostat data, we find a weakly positive correlation (r ≈ +0.41;
p ≈ 0.07, n = 20) between employment rates and gender pay gaps — the opposite of the competitive
equalisation prediction. This cross-sectional result is consistent across sub-periods of the panel and is
reinforced by sectoral evidence. The five tightest labour markets in our sample register gaps of 11.4%
to 17.5%, all above the EU27 average. Italy and Spain appear safer with gaps of 3.3% and 8.9%, but
this reflects structural exclusion of lower-skill women from the workforce rather than genuine pay
equity — an illusory position that the Directive’s within-category reporting will expose.

The Combined Risk Quadrant introduced in this paper identifies Germany (HPI=99, ERS=92),
Czech Republic (HPI=95, ERS=96), Hungary (HPI=88, ERS=93), and Latvia (HPI=75, ERS=91)
as the highest combined-risk group: maximum hiring pressure coexisting with near-maximum equity
risk. These are the countries where the Directive’s joint pay assessment mechanism will trigger
most broadly and where remediation faces the greatest structural challenge, because the gaps are
concentrated not in individual pay decisions but in occupational and sectoral segregation patterns
that are deeply institutionalised.

The sectoral dimension reinforces this picture. Finance and insurance records an EU27 average
gap of 24.28% — more than double the all-sector average — with Czech Republic at 36.4% and
France at 32.1%. Virtually every major EU financial institution will trigger the Directive’s 5% joint
pay assessment threshold. ICT follows at 19.68%, disproving the meritocracy narrative in a sector
that consistently reports the hardest-to-fill vacancies. Construction’s negative average gap (−3.49%)
offers false comfort: it reflects extreme occupational segregation, as Hedija (2017) confirms after
adjustment.

WorkforceGuard is available as an open-source system for any organisation seeking to conduct
this analysis at scale. The codebase, Eurostat data pipeline, composite index formulas, governance
log implementation, and analytics API are publicly accessible. We release it in the belief that the
Directive’s goals are best served by tools that any employer, trade union, or enforcement authority
can inspect, reproduce, and challenge.

The most important finding of this paper is also the most uncomfortable one for competitive
labour market optimists: five years of post-COVID tightening across the EU’s strongest economies
have produced no measurable convergence in gender pay gaps. The Directive is not redundant in a
tight market — it is necessary precisely because tight markets are insufficient.

Code availability. The WorkforceGuard analytics system is available at https://github.com/
SVamseekar/workforceguardai. A live deployment is publicly accessible at https://workforceguard-ai.
vercel.app. Data sources are Eurostat LFS, JVS, and SES, all publicly available at https:
//ec.europa.eu/eurostat.
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released as open-source software under a permissive licence with no commercial fee or proprietary
restriction. No funding was received from compliance software vendors, financial institutions, HR
analytics providers, or any entity subject to Directive 2023/970/EU. The author has no employment,
consultancy, or ownership interest in any organisation whose compliance exposure is described in
this paper.
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Table 1: Country-Level Labour Market and Equity Indicators (2023)

Country Emp Unemp Vac GPG HPI LR ERS
Rate (%) Rate (%) Rate (%) (%)

Netherlands 83.5 3.7 4.1 11.4 100 94 63
Germany 81.3 3.4 2.5 16.8 99 93 92
Slovenia 78.3 3.7 2.2 5.4 99 89 30
Czech Rep. 82.3 2.6 2.0 17.5 95 98 96
Hungary 81.1 4.5 2.0 16.9 88 89 93
Poland 78.4 2.9 0.7 7.9 82 93 43
Bulgaria 76.8 4.2 0.8 13.1 79 87 72
Latvia 77.4 6.9 2.1 16.6 75 76 91
Lithuania 79.2 7.1 2.2 10.7 76 77 59
Croatia 73.6 5.0 1.5 7.0 71 80 39
Estonia 81.8 7.6 1.5 16.3 67 77 90
Ireland 79.8 4.3 — 8.4 67 88 46
Denmark 80.2 6.2 — 13.5 55 81 74
Sweden 81.9 8.4 1.9 10.5 56 75 58
Finland 77.0 8.4 1.3 16.4 48 69 90
Slovakia 78.1 5.3 1.0 15.2 46 84 84
Italy 67.1 6.5 — 3.3 48 68 18
France 75.1 7.4 — 12.7 43 72 70
Spain 71.4 11.4 — 8.9 38 53 49

EU27 Average 77.3 5.8 1.71 11.1 64 79 50

Notes: Emp Rate = employment rate ages 20–64 (Eurostat LFS 2024); Unemp Rate = ILO unemployment
rate; Vac Rate = job vacancy rate (JVS 2023; — = all-sector rate used in HPI); GPG = unadjusted gender
pay gap; HPI = Hiring Pressure Index; LR = Labour Resilience; ERS = Equity Risk Score. All index scores
0–100. Sorted by HPI descending. TR (Transition Readiness) is in development and not shown.

Table 2: Gender Pay Gap by Country and Sector, % (SES 2022)

Country Finance ICT Manuf. Health Constr. All
(K) (J) (C) (Q) (F) Sectors

Netherlands 22.6 13.7 14.3 17.3 7.3 11.4
Germany 26.1 21.0 19.8 20.1 10.8 16.8
Slovenia 22.9 17.9 10.7 17.2 −21.6 5.4
Czech Rep. 36.4 28.7 22.9 21.4 8.5 17.5
Hungary 34.7 30.2 22.4 25.4 −4.0 16.9
Poland 27.6 24.8 16.3 15.1 −11.4 7.9
Bulgaria 27.6 29.3 22.7 21.5 −25.0 13.1
Latvia 30.2 26.4 22.2 31.8 10.3 16.6
Lithuania 31.8 25.8 23.6 −14.7 −2.7 10.7
Croatia 23.6 22.2 15.0 20.8 −29.8 7.0
Estonia 27.6 24.9 23.9 20.8 10.6 16.3
Ireland 21.7 16.8 9.5 8.1 9.8 8.4
Denmark 14.8 16.6 6.7 7.5 8.3 13.5
Sweden 22.4 10.8 2.1 7.1 3.6 10.5
Finland 24.9 10.8 9.0 19.8 6.6 16.4
Slovakia 29.6 26.4 23.5 24.2 3.3 15.2
Italy 23.0 16.1 14.5 20.0 7.6 3.3
France 32.1 11.6 11.2 8.6 −11.8 12.7
Spain 14.1 10.2 14.3 20.7 −12.3 8.9

EU27 Avg 24.28 19.68 15.47 16.95 −3.49 11.1

Notes: Source: Eurostat Structure of Earnings Survey 2022; all-sector GPG from Eurostat LFS. Negative
values indicate women’s average gross hourly earnings exceed men’s — a compositional artefact of occupational
segregation, not evidence of gender equality (see Section 4.3). Bold row = EU27 unweighted average across
countries in sample.
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Table 3: Employment Recovery Trajectories 2019–2024, Selected Countries (%)

Country 2019 2020 2021 2022 2023 2024 Net ∆

Netherlands 81.0 80.8 81.7 82.9 83.5 83.5 +2.5pp
Germany 79.7 78.3 79.6 80.8 81.1 81.3 +1.6pp
Czech Rep. 80.3 79.8 80.2 81.3 81.9 82.3 +2.0pp
Sweden 82.1 80.4 81.5 82.2 82.6 81.9 −0.2pp
Finland 78.2 77.1 77.5 78.6 78.2 77.0 −1.2pp
Ireland 75.0 72.5 74.2 77.0 78.9 79.8 +4.8pp
Italy 63.5 61.9 62.7 64.8 66.3 67.1 +3.6pp
Croatia 66.4 64.5 66.7 70.1 72.1 73.6 +7.2pp
Spain 68.0 65.7 67.5 69.3 70.5 71.4 +3.4pp

EU27 Average 73.1 72.4 73.5 75.3 76.4 77.3 +4.2pp

Source: Eurostat LFS, annual employment rates (ages 20–64).

Table 4: Composite Index Methodology Summary

Index Core Formula Weight Basis Status Academic Precedent

Hiring Pressure In-
dex (HPI)

V×11 + max(0, 9−U)×4 +
slack/flow

Normative/
expert-
calibrated

Operational Heise et al. (2024);
Baker and Ball (2018);
Decancq and Lugo
(2013)

Labour Resilience
(LR)

E×0.95− U×3.8 + C×0.3 Normative/
expert-
calibrated

Operational Hakkio and Willis
(2014); Baker and Ball
(2018)

Equity Risk Score
(ERS)

clamp(max(0,GPG)×5.5) Direct transform;
calibrated to 5%
threshold

Operational Directive 2023/970/EU;
Eurostat sdg_05_20

Transition Readi-
ness (TR)

ESCO taxonomy × skills-
demand alignment

MCDA/AHP
planned

In develop-
ment

ESCO taxonomy (EU
Commission)

Notes: All indices normalised 0–100 via clamp(min=0, max=100). Negative GPG values floored at zero for
ERS. V = vacancy rate; U = unemployment rate; E = employment rate; C = employment continuity rate.

19



Table 5: EU Pay Transparency Directive Transposition Status (May 2026)

Country Status National Framework Notes

Belgium Transposed (par-
tial)

Wallonia-Brussels fully enacted;
federal draft

Sub-national ahead of federal

Germany Partial ETG 2017 exists but incomplete Thresholds too high; joint as-
sessment differs

France Partial Index Égalité Professionnelle
(2018)

Covers 50+; Directive re-
quires wider scope

Sweden Partial Discrimination Act audit re-
quirement

Predates Directive; scope in-
sufficient

Denmark Partial 2006 Pay Statistics Act Covers firms ≥35; needs 100-
worker alignment

Netherlands Deadline miss Not yet enacted (May 2026) Govt confirmed non-
transposition

Italy Draft Decree draft circulated 2025 Delayed by political disagree-
ments

Spain Draft Royal Decree 902/2020 partial Directive transposition pend-
ing

Poland Draft Bill under parliamentary review No delay risk indicated
Czech Rep. Draft Consultation complete; bill

pending
Employers lobbying for
higher threshold

Hungary Draft Consultation; no bill published Political resistance noted
Finland Draft Equality Act pay surveys;

amendment needed
Insufficient for joint assess-
ment

Ireland Draft Gender Pay Gap Act 2021; gaps
remain

Covers 250+; Directive cov-
ers 100+

Estonia Draft Equality Act amended 2022; in-
complete

Latvia Draft Labour Law provisions; bill
pending

Lithuania Draft Labour Code; in consultation
Slovakia Draft Anti-Discrimination Act; draft-

ing
Slovenia Draft Employment Act; amendment

needed
Croatia Draft Gender Equality Act; bill 2025
Bulgaria Draft Anti-Discrimination Act; pend-

ing

Sources: Pinsent Masons EU Pay Transparency Tracker (2026); Syndio Pay Equity Monitor (2026); Ropes &
Gray (2023); national ministry announcements. Austria and Portugal included for completeness; not part of
the 20-country empirical sample.
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Table 6: HPI Rank Stability Under ±20% Weight Perturbation (Selected Countries)

Country Approx Baseline Vac Vac UR UR
HPI Rank +20% −20% +20% −20%

Netherlands 100 1 1 1 1 1
Germany 99 2 2 2 2 2
Czech Rep. 95 4 3 3 3 3
Slovenia 99 3 4 4 4 4
Hungary 88 5 5 5 5 5
Estonia 67 11 13 12 13 13
Finland 48 15 14 15 15 14
Italy 48 16 17 17 17 17
France 43 18 18 18 18 18
Spain 38 19 19 19 19 19

Notes: Top-5 stable set: Netherlands, Germany, Czech Republic, Slovenia, Hungary (unchanged across all
six weight scenarios). Bottom-4 stable set: Spain, France, Italy, Denmark. Mid-range countries (40–80 HPI
band) show rank variation of ±2 positions, consistent with the comparison robustness framework of Seth and
McGillivray (2018).
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