Input from the CSTD Gender Advisory Board
Data Symmetries: representational, distributive, temporal,

procedural

Submission to the Working Group on Data Governance at All Levels as Relevant for
Development, for incorporation in the progress report

1. Purpose

The zero draft already contains the components of a position on data equity: equity among the
fundamental principles (Chapter 2), the weak position of upstream data contributors in benefit-
sharing (Chapter 3), inclusive standard-setting (Chapter 4), and disaggregated data as the
instrument for identifying inequality (Chapters 3 and 5). This submission proposes that the
report consolidate these components under a single operational concept, data symmetry, and
that it register a finding from the recent scientific literature which changes the timeline on which
the underlying problem must be addressed: under current Al training practices, asymmetries in
data compound across model generations. The data gap is not a static deficit awaiting gradual
correction. It is a closing window.

This submission is offered in support of commitments Member States have already made. The
Global Digital Compact (General Assembly resolution 79/1, annex |) establishes gender equality
and the empowerment of all women and girls as a cross-cutting principle of digital cooperation
and sets, as its fourth objective, the advancement of responsible, equitable and interoperable
data governance. Under that objective States acknowledged that data divides, including gender
data gaps, produce inequitable distribution of benefits and biased results, and committed to
develop data and metadata standards designed to prevent and address bias throughout the
data life cycle, including through regular data auditing. The mandate of the Working Group on
Data Governance, set out in the same objective, extends expressly to considerations of sharing
the benefits of data. The WSIS+20 outcome document (General Assembly resolution 80/173)
reaffirms that the full, equal, safe and meaningful participation of women in the digital space is
essential to closing the gender digital divide, commits to catalysing women's economic agency,
and calls for the further development of internationally agreed targets, indicators and metrics for
digital development. What follows is therefore not a new normative claim. It is the measurement
and implementation architecture without which the existing commitments cannot be verified, the
scaffolding without which the commitments cannot be certified as fulfilled, and which, for the
reasons set out in section 4, cannot be built later if it is not begun now.

2. The empirical baseline

The asymmetry is documented, not asserted. Women average 37% of participants in
randomised clinical trials, and roughly three quarters of studies report no sex-stratified
outcomes; the clinical record on which health Al trains describes a male default body. The
consequences are measurable at the output layer: clinical Al trained on sex-misrepresentative
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data has been found to reduce diagnostic accuracy for women by 11.3 percentage points
(Jabour, 2023), and large language models return different clinical assessments from identical
case notes depending only on the patient's sex label. In the economic domain, the ILO values
unpaid care work, roughly three quarters of it performed by women, at approximately 16.4 billion
hours per day, on the order of US$11 trillion annually. Almost none of this activity appears in the
statistical record from which financial and planning models learn. In language, the disparity
between speaker populations and web representation means women in low-resource language
communities are absent twice over: by language, and by gender within the language data that
exists.

In the economic and credit domains, systemic data asymmetries are similarly codified into
automated scoring and resource allocation systems, creating structural disadvantages at the
point of evaluation. Personal financial models, increasingly driven by algorithmic credit scoring,
reproduce historical gender inequalities under the guise of mathematical objectivity; in East
Africa, for instance, a widely deployed digital lending algorithm in Kenya was documented to
offer female applicants credit limits that were over a third, greater than 33%, lower than those
offered to male applicants, despite the women demonstrating superior loan repayment
performance (Canavesio, 2026). At the gateway of the formal labor market, automated hiring
systems reinforce these allocative disparities by penalizing non-linear career trajectories and
female-coded credentials. Empirical testing of resume-screening algorithms reveals a
systematic preference for female-associated names in only 11.1 per cent,male-associated
names in 51.9% of evaluations and white-associated names in 85.1% of cases, actively
penalizing caregiving-related career gaps and docking scores for female-typed extracurricular
markers, such as listing 'softball' rather than 'baseball' (University of Washington, 2024). These
discriminatory outcomes are further entrenched by the introduction of gamified and standardized
Al 'fit' assessments, which, as documented in field research, hard-code uniform thresholds that
actively override the context-sensitive, human managerial discretion required to adapt
evaluation criteria to localized labor markets and diverse applicant needs (Harvard Business
Review, 2023).

Beyond these allocative consequences, representational and linguistic asymmetries in large
language models (LLMs) demonstrate how deficits in upstream training data compound into
biased model outputs and deployment choices. At the data layer, major LLMs reflect decades of
unequal textual representation by associating women with 'home' and 'family' four times more
frequently than men in model output (UNESCO, 2024). At the algorithmic output layer, these
representational gaps actively reinforce male identity as the default benchmark of authority;
interaction audits of conversational models demonstrate that the default holder of power is
frequently imagined as male. When queried regarding a generic political figure (such as how a
mayor’s son should address the mayor), LLMs demonstrably default to paternal titles like 'Dad'
or 'Father' and explicitly rationalize that female political authority represents an 'exceptional
case' requiring unique sentence constraints or explicit linguistic annotations (Chen, 2026). This
pattern is mirrored in pronoun assignment, where models inject gender bias into ambiguous
scenarios without user prompting, associating prestigious professional roles (such as 'physicist')
with male pronouns and supporting roles (such as 'secretary') with female pronouns (Ho et al.,
2025). Finally, at the downstream deployment layer, this representational asymmetry is further
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physicalized in product design, where companies deploy submissive, compliant female identities
for default virtual voice assistants while reserving authoritative, decision-making tasks for male-
coded systems—a commercial design choice that commodifies female digital labor and
solidifies patriarchal expectations of compliance among users (West et al., 2019; Browne et al.,
2023).

Where the deficit concerns the body, the operative variable is sex; where it concerns labour,
roles and participation, it is gender. Both are in play across the record.

These are not gaps at the periphery of the data economy the zero draft describes. They concern
half of every population that data-driven systems in health, credit, social protection and justice
now serve.

3. The concept: four symmetries

Data symmetry names a relation, not an aspiration. A data system is symmetric with respect
to a population when that population's presence in the record, its standing in the decisions that
govern the record, its share of the value the record generates, and the durability of all three
across successive uses are equal to those of any other population the system serves. Whereas
data justice describes an ethical horizon and data equity a distributional goal, and data fairness
is a property of outputs tested after deployment, symmetry specifies a measurable and
quantifiable relationship between populations at four identifiable points in the data life cycle. The
distinction is operational rather than terminological. Fairness asks whether a deployed system
treats people equally, and can be satisfied by correction at the output layer. Symmetry asks
whether the record and the foundational infrastructure — both system-related and policy-related
— around the record were built such that equal treatment is achievable at all. A system can be
adjusted to appear fair on a record that remains asymmetric. It cannot be made valid on one.

Procedural symmetry. The populations a data system describes hold authority over its
governance, not only their presence within it. The condition concerns who defines the problem a
dataset is built to answer, who sets the categories it records, who determines what counts as
adequate coverage, and who has standing to contest a system in deployment. Presence and
agency are not interchangeable: a consultative seat in a standard-setting body confers voice
without conferring power to determine an outcome, and the distinction is decisive for developing
economies, which participate in technical standard-setting as rule-takers while the specifications
that will govern their data are settled elsewhere. Chapter 4's treatment of inclusive standard-
setting supplies the institutional site for this condition. What is missing is the recognition that it
sits upstream of the others: the room that defines adequate coverage, sets metadata
requirements and writes terms of use is the room in which representation and benefit are
decided, before any data is collected.

Representational symmetry. The populations a system will affect are present in the data that
builds and evaluates it, at levels sufficient for equal performance. This is a condition of scientific
validity, not a courtesy. A model trained on a record that documents one sex is not a general
model with a fairness deficit; it is a model of that sex, misspecified. The zero draft's references
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to disaggregated data supply the measurement basis for this condition; what is missing is its
recognition as a validity requirement rather than a desirable feature.

Distributive symmetry. Value returns to those who generate data. Chapter 3 correctly
observes that returns concentrate downstream while upstream contributors receive limited or
indirect benefit, compounding adverse consequences for digitally invisible populations who are
non-participants in the data generation and curation activity. Distributive symmetry converts that
observation into a design requirement: guaranteed payment to data collectors and contributors
at the point of work, plus a proportional share of downstream commercial value. This is no
longer a novel legal claim. Under the Convention on Biological Diversity, COP16 established the
Cali Fund (2024, launched 2025), under which commercial users of digital sequence information
are expected to contribute to a multilateral fund reserving at least half its proceeds for the
indigenous peoples and local communities who steward the underlying resource. The Nagoya
Protocol supplies the treaty foundation. The principle that commercial use of a digitized,
community-derived resource triggers an enforceable benefit-sharing obligation has been agreed
by 196 governments for genetic data. Its extension to human-generated data is a matter of
application, not invention.

Temporal symmetry. The record improves, or at minimum does not degrade, across
successive uses. Temporal symmetry requires intentional and vigilant attention from frontier
model inception to every new release to measure the improvement or degradation. This
condition is new to the governance discussion and calls for urgency in data inspection and
quantification of the harm.

4. Why the problem compounds

Peer-reviewed research demonstrates that when models train on data generated by earlier
models, degradation follows a predictable sequence: the sparse regions of the data distribution
are lost first, while embedded biases amplify across generations (Shumailov et al., Nature,
2024, and subsequent literature). Fluency is preserved while rare and underrepresented
patterns quietly vanish.

The claim should be stated at its evidenced strength. Collapse dynamics are demonstrated
most cleanly under pure or near-pure recursion; production pipelines still mix fresh human data
with synthetic, and the rate of degradation in deployed systems is not yet established. What the
literature does establish is the direction and the asymmetry: recursion thins sparse regions
rather than filling them, and the identified remedy, continued infusion of fresh, provenanced
human data, works only where such data exists. For women's health beyond the male clinical
default, women's informal and unpaid economic activity, and women's voices in low-resource
languages, it largely does not exist in machine-usable form. It was never written down. Each
training generation built on the thinned record raises the cost of correction, until correction
becomes a re-foundation problem rather than a data problem. A related concern is the
compounding of bias as humans interact with biased Al systems (Glickman and Sharot, 2025),
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learning the “built-in” bias and incorporating it into their decisions — setting in motion a vicious
feedback loop when these decisions become the training data for the next model iteration.

Two measurement gaps follow, and both are governance gaps. No institution has ever
measured what share of a frontier training corpus that documents female physiology or records
women's economic activity, because no such audit has been performed; the baseline number
does not exist. And no institution measures how representational coverage moves across
successive model generations and the extent of harm amplification that occurs when human
agents internalize Al bias. Action is guided by data and becomes increasingly inequitable with
every interaction. Any assurance that current systems are safe to deploy for the populations in
guestion rests on evidence that has not been gathered.

An acute manifestation of these systemic asymmetries appears in the digital safety sphere,
where the asymmetric burden of Al-facilitated violence, image-based abuse, and targeted
disinformation is weaponized to silence women in public life. The rapid consumerization of
deepfake technology has created a highly gendered vehicle for digital abuse; non-consensual
deepfake pornography now accounts for a striking 98% of all deepfake videos online, with 99%
of all targeted individuals being women (Bentzen & EPRS, 2026). This technological
weaponization is disproportionately directed at women occupying public and professional
spaces, with nearly 25% of surveyed female journalists, activists, and human rights defenders
reporting exposure to Al-assisted online violence and non-consensual image manipulation (UN
Women, 2026). Furthermore, the geopolitical utility of these digital harms is increasingly
recognized by authoritarian regimes, which systematically weaponize gendered Al-driven
disinformation campaigns and synthetic media to degrade, humiliate, and discredit independent
female political leadership, thereby enforcing digital transnational repression and driving women
out of democratic debate entirely (Chenoweth & Marks, 2022; Bentzen & EPRS, 2026). From a
data governance perspective, mitigating these harms requires establishing mandatory
provenance documentation, robust digital watermarking, and clear traceability standards to
distinguish human-generated media from synthetic outputs in public and political discourse.

5. Proposed insertions, by chapter

Chapter 2 (Principles). Recognise representativeness in training and evaluation data as a
scientific validity condition for Al systems, giving the equity principle measurable content. In
Section V (Connection to Al Governance), add two requirements to the existing list: documented
demographic coverage of training and evaluation data, and provenance documentation
distinguishing human-generated from synthetic data. The chapter's closing reference to
generative and agentic systems makes this the natural location.

Chapter 3 (Benefit-sharing). In Section IV, cite the Cali Fund and Nagoya Protocol as operating
treaty precedent for revenue-sharing between commercial data users and source communities;
the draft's existing bullet on revenue-sharing currently lacks any reference to the mechanism
through which the principle has already been agreed. In Section V (Areas for further work), add
certified community data stewardship: training, certifying and paying community-level
organisations, including women's rights organisations, as professional data collectors and
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custodians, with ownership retained at origin through trusts or cooperatives governed under the
CARE principles, which the draft already cites in Chapter 2. This addresses the draft's own
finding that practical, scalable benefit-sharing models remain underdeveloped, and it builds
collection capacity precisely where the gaps are widest. Community-level collection is not
untested; participatory models for low-resource language data and paid community data work
have demonstrated that dignified, well-compensated collection produces high-quality corpora.

Chapter 4 (Interoperability). Extend the semantic and metadata capacities listed in Section VI
(ontologies, provenance registries, validation tools) to include demographic coverage fields, so
that symmetry becomes auditable across systems. This aligns with the chapter's position that
interoperability claims should be verified through conformity assessment rather than self-
declaration, and with Section VII's call for a working typology distinguishing human-generated,
synthetic and intermediate data.

Chapter 5 (Data flows). Provide that cross-border transfer mechanisms preserve provenance
and disaggregation metadata. Flows that strip this information make asymmetry invisible at
exactly the point where Section |.E says disaggregated data is needed to identify it.

6. Recommendations

1. Recognise data symmetry, in its procedural, representational, distributive and temporal
dimensions, as an organising concept of development-oriented data governance.

2. Recognise representativeness as a condition of scientific validity for Al systems
deployed in public functions, operationalised through minimum demographic
performance thresholds before high-stakes deployment.

3. Establish independent, longitudinal measurement of representational coverage across
successive model generations as a public statistical function, beginning with a corpus
composition baseline that does not currently exist anywhere.

4. Require provenance documentation distinguishing human-generated from synthetic data
in systems used for public purposes.

5. Support certified community data stewardship as development infrastructure, with equal
opportunity for all populations to participate, guaranteed payment at the point of
collection, ownership retained at origin, and proportional benefit-sharing on downstream
commercial use, applying the benefit-sharing architecture agreed at CBD COP16 to
human-generated data.

6. Distinguish foundational measures (data commons, collection infrastructure) from
permanent safety infrastructure (performance floors, longitudinal measurement) and
from interim remediation (post-training adjustment), and direct international cooperation
toward the foundational layer while correction remains a data problem rather than a re-
foundation problem.

7. Engage frontier and large-scale Al developers as required parties to measurement
rather than voluntary partners. Member States and United Nations bodies should
establish a common reporting specification covering demographic corpus composition,
representational coverage across successive model generations, and the ratio of
human-generated to synthetic data in training pipelines, together with an institutional
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venue in which developers report against it. Developers whose systems are deployed in
public functions should integrate the four symmetries across the development life cycle,
from data acquisition and evaluation design through post-deployment monitoring, and
should be enabled and expected to participate in the standard-setting through which the
specification is agreed.
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