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Abstract

Artificial intelligence (AI) registers and inventories are intended
to make governmental Al visible, but their institutional scope,
schemas, and reporting practices construct different representa-
tions of public-sector AL. We compare 8,368 records from country-
specific and transnational inventories covering 72 countries. Across
23 harmonized fields, registers shared a descriptive core but rarely
requested information about appeals, risks, legal bases, or external
evaluation. We found that broad schemas often contained substan-
tial missingness, schema similarity showed no significant patterned
convergence, and multiple sources covering the same jurisdictions
overlapped only selectively. Based on these findings, we synthe-
size a layered visibility framework that shows how register records
reflect disclosure arrangements and why interoperability requires
shared concepts, clear definitions, and preserved provenance.
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1 Introduction

While Al is used in at least one area of government in 35 of 36 coun-
tries surveyed by the Organization for Economic Co-operation and
Development, only three reported mandatory Al-use-case reposito-
ries, while another ten maintained repositories based on optional
agency contributions [50]. This disparity is increasingly consequen-
tial as governments use Al to transform public services, internal op-
erations, policymaking, and administrative decision-making, while
its capabilities advance faster than the evidence and institutional
safeguards needed to govern them [28]. Thus, governments face a
fundamental digital-transformation problem: they are deploying Al
faster than they are building shared infrastructure to identify, doc-
ument, and scrutinize it. Public Al inventories and registers have
emerged in response, but their institutional mandates, schemas,
reporting units, and collection processes differ substantially. We
refer to these collectively as Al-inventorying instruments. This
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paper compares how these instruments are designed and what
representations of governmental Al they produce.

Al registers extend structured disclosure from individual systems
to portfolios used across public institutions. Although initiatives
have emerged at municipal [25, 47], national [11], and transna-
tional [52] levels, prior research has generally examined them indi-
vidually. Consequently, we know comparatively little about how
their schemas and reporting practices differ or whether sources
covering the same jurisdiction enumerate the same systems. Rather
than treating registers as interchangeable databases or censuses of
governmental Al, we compare them as policy instruments whose
reporting authorities, inclusion rules, schemas, classifications, and
collection procedures shape what becomes publicly visible and
governable [39]. Because policy models can circulate through learn-
ing, emulation, and transnational networks while being adapted
to local conditions [16, 42, 59], we also examine whether schema
similarities exhibit temporal or geographic clustering. We ask:

e RQ1. How do Al-inventorying instruments differ in schema
breadth and field completion, and do their schemas exhibit tem-
poral convergence or geographic clustering?

e RQ2.How do the portfolios represented by different Al-inventorying

instruments vary in lifecycle composition and organizational con-

centration?

e RQ3. To what extent do country-specific and transnational in-
struments covering the same jurisdiction report the same Al
systems?

We conducted a comparative quantitative study of 8,368 records
from 17 country-specific and transnational instruments covering
72 countries, along with the European Union (EU)-level and global
records. The instruments shared a descriptive core but showed
no evidence of temporal convergence or clear geographic cluster-
ing. Broader schemas were not necessarily more complete, repre-
sented portfolios differed in lifecycle composition and organiza-
tional concentration, and sources covering the same jurisdictions
overlapped only selectively. These findings show that Al registers
do not directly mirror governmental Al activity but construct vis-
ibility through institutional scope, schema design, and reporting
realization. We synthesize these relationships in a layered visibil-
ity framework explaining why similarly labeled instruments can
produce different yet complementary representations of the same
governmental Al landscape.

2 Literature Review

We situate Al registers within research on digital transformation
and public-sector governance, documentation infrastructures, and
policy diffusion, convergence, and interoperability. Together, these
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perspectives explain how institutional conditions, schemas, and
reporting practices shape the public visibility of governmental AL

2.1 Al Governance in Digital Transformation

Digital transformation involves more than adopting new technolo-
gies or converting existing information into digital formats. It en-
tails broader changes to organizational structures, institutional
relationships, and processes of value creation [63]. Within govern-
ment, it similarly involves redesigning administrative processes and
public services to pursue objectives such as efficiency, interoper-
ability, transparency, and citizen responsiveness [44]. Public-sector
AT adoption is one component of this transformation: as agencies
introduce computational systems to automate tasks, it also reorga-
nizes how information is collected, decisions are supported, services
are delivered, and responsibilities are distributed among officials,
technical systems, and external providers [57].

Public-sector Al governance is commonly articulated through
principles such as transparency, accountability, fairness, safety, pri-
vacy, and trustworthiness [14, 21, 30]. However, these principles
must be operationalized by bureaucratic organizations with differ-
ent missions, legal responsibilities, resources, procurement arrange-
ments, and technical capacities [22, 57, 61]. Algorithmic account-
ability is therefore not solely a property of system design but an
institutional practice shaped by governing rules, professional judg-
ment, organizational incentives, and relationships among agencies,
technology providers, workers, and affected publics [3, 31, 46, 67].
It depends partly on whether institutions identify the systems they
use, document their roles in administrative processes, trace the ac-
tors involved, and disclose this information to relevant publics [37].

Even when information is public, transparency does not neces-
sarily produce accountability or make a system understandable,
actionable, or contestable [1, 35]. Transparency is better understood
as a situated communicative arrangement in which the content,
format, audience, and institutional conditions of disclosure shape
what recipients can know and do [20, 49]. From this perspective,
public Al inventories are not merely websites or datasets but admin-
istrative mechanisms that determine which systems are reported,
how they are classified, who maintains their records, and which
aspects of public-sector Al become externally visible.

2.2 Al Registers as Disclosure Infrastructures

Documentation frameworks translate abstract commitments to
transparency and accountability into standardized, inspectable arti-
facts. Datasheets [23], model cards [45], audit reports [55], impact
assessments [65], data statements [43], and other reporting stan-
dards structure disclosures about provenance, intended use, limita-
tions, risks, performance, and responsible actors. These artifacts can
support coordination among developers, deploying organizations,
regulators, auditors, and affected communities [10, 46, 62]. At the
same time, documentation practices reflect institutional norms and
assumptions about what information is relevant, which audiences
matter, and what forms of responsibility should be recorded [4, 13,
54]. Therefore, documentation instruments such as Al inventories
shape which system properties become legible, which actors are
rendered responsible, and which accountability claims can subse-
quently be made [38, 53].
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Critical data studies scholarship has shown how claims of scale,
neutrality, completeness, and representativeness can obscure the
social and organizational conditions under which datasets and sys-
tems are produced [12, 34]. Standardized documentation can simi-
larly reduce complex concerns about fairness and accountability to
questions of data sufficiency or technical performance while mak-
ing data labor, contextual knowledge, and organizational practice
less visible [2, 24, 66]. Thus, documentation can enable scrutiny
while simultaneously delimiting its scope.

Al registers and inventories extend documentation from individ-
ual datasets or models to portfolios of algorithmic systems used
across organizations. Municipal governments such as Amsterdam
and Helsinki were among the earliest adopters of public algorithm
registers, publishing structured information about systems used
in public services [25, 47, 58]. Similar initiatives subsequently ap-
peared in Nantes, Antibes, Lyon, and other municipalities, as well
as at national and transnational levels across North America and
Europe [32, 51]. Registers also function as institutional ontological
design [11]: their categories define which systems and properties
become administratively legible. Producing them depends on often-
invisible work, including identifying relevant systems, interpret-
ing inclusion rules, coordinating reporting across organizations,
translating local practices into standardized fields, validating sub-
missions, and updating records as systems move through their
lifecycles [6, 54].

Hence, it is important to distinguish between the information an
instrument is structurally capable of representing and the extent
to which organizations populate its available fields. For example,
a register that requests information about procurement, human
involvement, or appeal mechanisms creates different possibilities
for accountability than one limited to system names and short
descriptions. Disclosure templates, reporting thresholds, machine-
readable categories, and organizational incentives and interpreta-
tions shape both what institutions report and what remains difficult
to disclose [26, 32, 48]. Transparency databases can consequently
standardize reporting while still providing limited contextual expla-
nation or falling short of their regulatory purposes [17, 24, 54, 60].

Because instruments differ in institutional coverage, reporting
obligations, and treatment of planned, operational, and retired sys-
tems, the portfolios they disclose may also differ in lifecycle compo-
sition and organizational concentration. These distributions should
be interpreted as properties of particular disclosure arrangements
rather than as direct measures of governmental AI adoption. A
public search interface or database-like inventory can be under-
stood as the visible outcome of broader coordination among policy
requirements, administrative labor, data schemas, and public com-
munication [48, 68].

2.3 Policy Diffusion and Interoperability

Al registers can also be understood as policy instruments. Policy
scholarship defines instruments as technical and social devices that
organize relationships between governing institutions and those
they seek to govern [39]. Because of their sociopolitical embed-
dedness, public Al registers and inventories should not be treated
as neutral. Their reporting authorities, inclusion criteria, schemas,
submission and update procedures, and public interfaces privilege
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particular forms of knowledge, assign responsibilities, and struc-
ture administrative behavior. As a result, instruments that share the
general objective of making governmental Al visible may embody
substantially different models of accountability.

The growing adoption of Al registers worldwide also raises ques-
tions of diffusion and transfer: how policy spreads through learn-
ing, competition, coercion, and the construction of shared norms
by professional and transnational communities [16]. International
organizations, professional networks, civil-society initiatives, con-
sultants, and other non-state actors can serve as transfer agents by
circulating policy knowledge and facilitating the uptake of ideas,
administrative arrangements, formal instruments, and informal
norms of appropriate governance across various settings [42, 59].

However, diffusion does not necessarily produce uniformity. Ju-
risdictions may copy an existing template, emulate selected features,
combine elements from several models, or reinterpret a shared idea
in light of local administrative arrangements [29]. For example, sim-
ilar labels such as “Al register," “algorithm dashboard,’ or “use-case
inventory" can consequently refer to instruments with different
reporting units, legal statuses, collection procedures, or public func-
tions [52]. This makes schema interoperability—the capacity to rep-
resent and interpret corresponding concepts across heterogeneous
instruments—a central concern. Instruments developed indepen-
dently may nevertheless converge around a descriptive core as they
confront similar administrative problems. Temporal proximity and
participation in the same institutional networks may facilitate such
convergence [18, 41], though particular diffusion mechanisms can
vary. Observed similarity may also arise from common technical
requirements, widely circulating governance norms, or the limited
set of categories readily available for describing Al systems [15, 27].

Prior work has largely examined individual municipal, national,
or jurisdictional initiatives, particularly in Western and Global
North contexts [5, 11, 33, 47]. We know comparatively less about
how schemas and reporting completion vary across instruments,
whether schema similarities exhibit temporal, geographic, or in-
stitutional patterns, and how the portfolios represented by differ-
ent instruments vary in composition. For jurisdictions covered
by both country-specific and transnational repositories, it also re-
mains unclear whether these sources identify the same systems
or construct different representations of governmental Al Cross-
jurisdictional comparison therefore requires sufficient conceptual
agreement about what fields represent and how their categories are
defined, while preserving differences in provenance and context.

Such comparison requires distinguishing three analytical units.
An instrument is a sociotechnical device with its own institutional
purpose and reporting process [39]. In this study, an instrument
may be a register, inventory, or transnational repository. A schema
specifies the concepts, attributes, and relationships through which
information can be represented [7]. A source record is an individual
structured entry containing values for the fields defined by that
schema [8], which was produced through a particular instrument’s
collection process. These distinctions allow us to compare schema
breadth separately from record-level completion.
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3 Methods

Our analysis proceeded across three levels corresponding to the re-
search questions. First, we compared instruments’ schema breadth
and field completion and examined temporal and geographic pat-
terns in schema similarity. Second, we compared the lifecycle com-
position and organizational concentration of the portfolios rep-
resented by each instrument. Third, for jurisdictions covered by
both country-specific and transnational sources, we identified cor-
responding records and compared their overlap, disclosure comple-
tion, and lifecycle composition.

3.1 Source Identification and Eligibility

Using the Dux Distributed Global Search Python package!, we
searched combinations of each country’s name? and terms, such as
Al register, Al inventory, algorithm register, and automated decision
system inventory, between June 26, 2026 and July 11, 2026. We in-
cluded resources that (1) operated at the national or federal level,
sought countrywide coverage, or cataloged multiple jurisdictions
through a common transnational framework; (2) enumerated iden-
tifiable Al systems, algorithms, projects, or use cases; and (3) were
publicly accessible or publicly documented. We excluded city- or
agency-specific registers, general Al policy documents, and reports
containing only aggregate adoption statistics. Countrywide and
transnational sources could nevertheless include records from local
or agency-level institutions.

3.2 Data Provenance and Corpus Construction

Our provenance audit identified two principal source families. We
identified 17 country-specific sources from Argentina, Australia,
Brazil, Canada, Chile, China, Colombia, Costa Rica, France, India,
Mexico, the Netherlands, Norway, Singapore, the United Kingdom
(UK), the United States (US), and Uruguay. Australia’s use case
library® requires special membership, and China’s Beian* and In-
dia’s AlKosh® provided public lookup interfaces, but we could not
identify an official release of their underlying datasets or APIs and
therefore excluded these three as standalone sources. For several
other countries without directly downloadable datasets, including
Argentina, Brazil, and Norway, we converted publicly available
RSS® or Omeka feeds and HTML pages into tabular form. The
second family consisted of repositories compiled by the Public Sec-
tor Tech Watch (PSTW), the Policy Innovation Lab (PIL), and the
US Agency for International Development (USAID)’. From these
repositories, we extracted records covering 65 countries, along with
EU-level and global records, where Al was identified as the primary
technology. Across both source families, the corpus contained infor-
mation about Al use in 72 countries, along with EU-level and global
records (Figure 1). Some countries, including France, Mexico, and
the US, appeared in both families. Although AIKosh was excluded
as a standalone source, we retained records about Indian AT ap-
plications found in the transnational repositories. Following prior
work [56, 64], we used GPT-5 to translate non-English documents
into English.

https://pypi.org/project/ddgs/ 2 https://www.un.org/en/about-us/member-states
https://www.govai.gov.au/explore/use-cases

1
3
4 https://beian.miit.gov.cn/Integrated/index

5 https://aikosh.indiaai.gov.in/home/use- cases/all 6 Really Simple Syndi-
cation: an automated XML web feed for content distribution. 7 The PIL and USAID

inventories were retrieved from the same source and treated as combined.
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Figure 1: Geographic coverage of Al register sources. Diago-
nal stripes indicate countries covered by multiple sources.

Because the sources varied in both schema and reporting unit—
describing systems, use cases, projects, algorithms, or applications—
we treated each row as an observation produced by a particular
inventorying process rather than as a directly comparable mea-
sure of AI adoption. We retained the original source fields and
constructed a harmonized analytical layer containing 23 conceptu-
ally comparable fields. These fields covered provenance and iden-
tification; system description, responsible organization, lifecycle,
administrative function, and technology; intended users and de-
velopment responsibility; data, procurement, and human involve-
ment; legal basis, risk, and evaluation; source-code availability;
and public contact mechanisms. Fields were mapped at the con-
ceptual rather than literal-name level. For example, “human review
required”, “human intervention”, and “human involved in the final
decision” were mapped to a shared human-involvement field while
preserving their source-specific wording and definitions. We har-
monized administrative-function and technology categories only
when correspondence between source categories was sufficiently
direct. We similarly mapped lifecycle values, where possible, into
planned, in development, pilot, operational, completed or retired,
and unknown. We did not impute absent information, retained
ambiguous values in their original form and excluded from cross-
source comparisons.

The resulting corpus contained 8,368 records, which did not nec-
essarily represent unique systems because the same system could
appear in multiple sources. Each record therefore received a prove-
nance key combining its source instrument, original identifier, and
reporting unit. To analyze missingness, we distinguished structural
omission, where an instrument did not request a field, from report-
ing omission, where the field existed but was unpopulated. This
distinction separated structural visibility, the fields a register made
available for disclosure, from reporting realization, the extent to
which those fields were completed in individual records.

3.3 Comparative Data Analysis

3.3.1 Register Design and Disclosure. We represented each instru-
ment as a 23-field binary vector indicating whether each harmo-
nized field was present in its schema. We calculated pairwise Jac-
card similarity and used average-linkage agglomerative clustering
based on Jaccard distance to order an exploratory register-by-field
heatmap. We included adoption date and geographic region as
annotations to aid interpretation.
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To examine diffusion-consistent convergence, we used node-
label permutation tests [36], which preserve the dependence struc-
ture created by instrument pairs sharing the same nodes. The tem-
poral test compared mean Jaccard similarity between pairs adopted
within two years of one another and pairs adopted more than two
years apart. For each test, we permuted the corresponding adoption
year across instrument nodes, recalculated the difference in group
means, and used a one-sided test of whether temporally proximate
exhibited greater schema similarity.

For each field present in an instrument’s schema, we calculated
completion as the proportion of eligible records containing a re-
ported value. We visualized schema presence and field comple-
tion as separate register-by-field matrices, distinguishing narrow
schemas, broad and consistently populated schemas, and broad
schemas with substantial reporting omission.

3.3.2  Lifecycle Composition and Organizational Concentration. Be-
cause governmental level, institutional sector, administrative func-
tion, and technology type were represented using highly source-
specific vocabularies, cross-instrument portfolio analysis focused
on the harmonized lifecycle variable and within-instrument orga-
nizational concentration. We calculated record-weighted lifecycle
totals to describe the assembled corpus. We then compared the life-
cycle distributions of instruments with usable harmonized lifecycle
information using pairwise Jensen—-Shannon divergence (JSD) [40].
JSD ranges from zero for identical distributions to one for distribu-
tions with no overlap.

To examine whether disclosed records were broadly distributed
or concentrated among a small number of reporting organizations,
we calculated the normalized Herfindahl-Hirschman Index (HHI)
for each instrument [9]. The normalized HHI measure ranges from
zero for an equal distribution to one for complete concentration.
We also reported the shares contributed by the largest and five
largest organizations to aid interpretation.

3.3.3 Cross-Source Representation. For jurisdictions represented in
both country-specific and transnational sources, we generated po-
tentially corresponding record pairs using normalized system titles,
responsible-organization names, URLs, dates, and semantic simi-
larity between descriptions. This candidate-generation procedure
produced 490 pairs, which we manually reviewed and confirmed 81
one-to-one matches. We accepted a candidate only when compari-
son of the available identifying fields indicated that both records
described the same underlying system or use case; ambiguous can-
didates were not treated as matches. Records without a verified
counterpart were classified as source-unique for that particular
source pair, which does not establish that the underlying system
was absent from the other source. For each source pair, we cal-
culated the number of verified shared records, the number and
proportion of records unique to each source, Jaccard overlap, and
directional coverage. Then, we compared disclosure completion and
lifecycle composition between shared and source-unique records.

4 Results

We present the results in three parts. First, we compare schema
breadth, field completion, and patterns of schema similarity. Second,
we examine differences in lifecycle composition and organizational
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concentration across instruments. Third, we assess the overlap
between country-specific and transnational sources and compare
the records they share with those unique to each source.

4.1 Register Design and Schema Similarity

Across all instruments, we identified 23 distinct disclosure fields.
The schemas shared a basic descriptive core: every instrument
disclosed a system name and responsible organization, 15 identified
the technology type, and 14 included a description and lifecycle
status. Fields related to contestability and external accountability
were considerably less common. Only one instrument (the US)
included an appeal mechanism, while two instruments included
risks (the Netherlands and the US), legal basis (France and the
Netherlands), and external evaluation (France and the US). Schema
breadth ranged from five fields in Argentina to 21 in the US.

Across the 120 unique instrument pairs, Jaccard schema similar-
ity ranged from 0.21 to 0.85 (mean J = 0.53). The most similar pair,
Chile and Colombia, represented two Latin American countries.
However, the second-most similar pair, Mexico-PSTW (J = 0.83),
crossed geographic regions and source types. Hierarchical ordering
revealed no clear geographic groupings (Figure 2).

Schema presence did not necessarily mean that the correspond-
ing information was consistently reported. Across 187 eligible
schema-field combinations, 115 (61.5%) were complete for every
eligible record, whereas 24 (12.8%) had completion rates below 50%.
Mean completion across available fields ranged from 54.9% in the US
inventory to 100% in the Argentina, Colombia, Mexico, and Singa-
pore inventories. These comparisons must be considered alongside
schema breadth: the US inventory contained 21 disclosure fields,
whereas the Argentina and Singapore inventories contained only
five and eight, respectively. Thus, broad schemas did not necessarily
produce more complete disclosure.

The 82 instrument pairs adopted within two years of one another
had a mean similarity of 0.540, compared with 0.504 among the
38 pairs adopted more than two years apart. This difference was
small and not statistically significant (mean difference = 0.036, one-
sided permutation p = 0.184), providing no evidence that temporal
proximity was associated with greater schema similarity.

4.2 Lifecycle Divergence and Organizational
Concentration

Across instruments, responsible organization and lifecycle stage
were reported for 98.06% and 88.85% of records, respectively. Among
records with a reported lifecycle stage, operational systems con-
stituted the largest category (49.5%), followed by systems in devel-
opment (26.9%), pilots (16.6%), retired systems (6.5%), and planned
systems (0.3%). Lifecycle distributions varied sharply across instru-
ments. Operational systems constituted all 10 usable records in
Costa Rica, 97.5% of records in Mexico, and 91% in the Netherlands.
In the second source family, 79% and 42.56% of systems reported
by PIL/USAID and PSTW, respectively, were in use. Colombia pre-
sented a contrasting pattern, with 65.5% of its records classified as
in development. Systems in development also constituted 50% of
Uruguay’s, 44% of Canada’s, and 44.6% of the US inventory. Pilots
were especially prominent in PSTW (40.9%).
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Across 14 eligible instruments and 91 instrument pairs, lifecycle
JSD ranged from 0.013 between Costa Rica and Mexico to 0.845
between Colombia and Costa Rica, with a mean of 0.250. These
two comparisons should be interpreted cautiously because Costa
Rica contributed only 10 usable lifecycle records. Other large di-
vergences involved Colombia’s development-heavy portfolio, in-
cluding Colombia-Mexico (0.798), Colombia—Chile (0.711), and
Colombia—Netherlands (0.698). Among the most similar larger port-
folios were France and the UK (0.025) and the UK and PSTW (0.038).

Organizational concentration also varied substantially. Normal-
ized HHI values ranged from 0 to 0.17 (median = 0.018). Singa-
pore’s technology-offer portfolio had the highest concentration
(HHI = 0.17): the National University of Singapore accounted for
46.7% of its records, and the five most represented organizations
collectively accounted for 93.3%. Uruguay (0.07), PIL/USAID (0.06),
and the US (0.05) exhibited the next-highest values. In the US inven-
tory, the largest organization, the National Aeronautics and Space
Administration, contributed 14.6% of records, while the five largest
organizations collectively accounted for 58.2%. In contrast, PSTW
contained records from 1,415 organizations in the EU region and
had a normalized HHI of 0.0006. Its largest organization, the Por-
tuguese Agency for Administrative Modernization, accounted for
only 1.1% of records, and its five largest organizations together ac-
counted for 4.2%. Mexico (0.002), Chile (0.003), and the Netherlands
(0.008) also exhibited comparatively dispersed portfolios.

4.3 Cross-Source Representation and Overlap

Cross-source comparison was possible for eight pairs across seven

countries and the two transnational repositories, PSTW and PIL/USAID.

Norway exhibited the greatest overlap with PSTW: 48 records ap-
peared in both sources (Jaccard overlap = 0.245). Although 73.8%
of PSTW’s Norwegian records also appeared in Norway’s country-
specific inventory, PSTW contained counterparts for only 26.8%
of the larger Norwegian inventory. France exhibited more modest
overlap with PSTW: its 17 verified matches produced a Jaccard
overlap of 0.093 and represented 14.2% of the French inventory and
21.3% of PSTW’s France records. Overlap was substantially lower
for the Netherlands and the UK. PIL/USAID exhibited almost no
overlap with the corresponding country-specific inventories: only
one of its 10 US records matched the federal inventory, and no
matches were verified for Mexico, the UK, or Uruguay. The latter
country subsets contained only two to four PIL/USAID records, so
these null overlaps should be interpreted in light of their limited
size. Appendix Table 1 reports the results for every source pair.
Shared records were not consistently more complete than source-
unique records. Within the French inventory, shared records had
a mean disclosure-completion rate of 87.1%, compared with 82.3%
among source-unique records. A similar difference appeared in Nor-
way (70.8% vs 62.3%). In the Netherlands, however, shared records
were less complete than source-unique records (77.8% vs 84.3%),
while the difference in the UK was negligible (100.0% vs 99.6%). On
the PSTW side of these comparisons, shared and source-unique
records generally differed by no more than two percentage points.
Lifecycle composition also differed in some source pairs. In the
Netherlands register, six of the nine shared records (66.7%) were
post-development, compared with 3.8% of source-unique records;
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Figure 2: Schema similarity and record-level completion across Al inventories. Blank cells indicate fields’ absence from schema.

91.5% of source-unique Dutch records were operational. Within
PSTW’s Norway subset, 68.8% of shared records were classified
as pilots, compared with 35.3% of source-unique records. Overall,
country-specific and transnational sources intersected selectively
rather than reproducing the same portfolios.

5 Discussion

While most Al registers shared a descriptive core, they differed in
scope, schema, field completion, and the organizations and systems
represented. Schema breadth did not necessarily produce greater
transparency: broad schemas often contained substantial missing-
ness, whereas narrower schemas could achieve higher completion
by requesting less information. The lack of strong evidence for
temporal or regional groupings in the hierarchical ordering com-
plicates straightforward accounts of policy diffusion. As local ad-
ministrative settings translate and adapt policy scope, terminology,
and implementation [42], schema similarity alone cannot establish
borrowing, and the diffusion of a common policy form, such as reg-
ister schema, need not produce convergence in operational design.
Our cross-source comparisons further demonstrate that visibility is
distributed across a source ecology, as country-specific and transna-
tional sources frequently disclosed different systems within the
same jurisdiction. Low overlap between such sources may reflect
different definitions or institutional reach rather than inaccuracy.
Here, neither source type should be treated automatically as ground
truth, but together be considered as evidence of representational
complementarity. In such cases, rather than simply aggregating Al
registers, triangulation can expand visibility when provenance and
source-specific definitions are preserved. Hence, Al registers should
be understood not as censuses, but as institutionally produced and
complementary representations of public-sector Al. Drawing on
infrastructure and policy instrumentation scholarship, we propose
the Layered Visibility Framework, which conceptualizes how this
representation is produced through four interconnected layers.
The first layer, institutional scope, determines which entities and
activities enter a register. Since reporting entities may decide dif-
ferently to include pilot or retired systems and use mandatory,

voluntary, centrally compiled, or independently assembled report-
ing arrangements, differences in reporting mandates, participation,
institutional coverage, collection model, or units of observation
may shape organizational concentration and lifecycle composition
independent of underlying patterns of governmental AL

The second layer, schema affordances—the possibilities for disclo-
sure enabled and constrained by its design [19]-determines what
an instrument can represent. Most schemas included names, respon-
sible organizations, descriptions, technology types, and lifecycle
statuses, suggesting a shared descriptive core. In contrast, only a
few registers’ schemas explicitly requested information about risks,
legal bases, external evaluations, and appeal processes. Because in-
formation absent from a schema cannot be disclosed systematically,
schema design establishes the boundaries of accountable knowl-
edge [38, 53]. The observed variation in the number of fields shows
that instruments identically labeled as Al registers may enable
substantially different forms of scrutiny.

The third layer, reporting realization, concerns whether these
possibilities are realized in individual records. Schema presence
and record-level disclosure were not equivalent. For example, the
US had the broadest schema but many fields (e.g., appeal process)
had a low completion rate, whereas several narrower instruments
fully populated their eligible fields. Thus, registers can be broad
but thin or narrow but dense, while the expectation is that they be
broad and consistently populated. Counting fields alone overstates
the visibility afforded by broad but incomplete schemas, while
completion rates alone favor schemas that request less information.

These layers produce the fourth: the public representation of
governmental Al Lifecycle composition and organizational concen-
tration show that register records constitute portfolios produced
through particular disclosure arrangements. Selective cross-source
overlap also demonstrates that different instruments can produce
different representations of the same jurisdiction. Hence, register
records are not unmediated representations of governmental AL

The framework extends the evaluation of registers beyond trans-
parency to representational quality and interoperability. Instead of
imposing a universal template, registers could combine a clearly
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defined core-such as system ID, responsible organization, lifecy-
cle stage, and last-updated date—with modules covering procure-
ment, data use, human involvement, risk, evaluation, and contesta-
bility. Distinguishing structural absence from missing reporting,
publishing category definitions, describing coordination processes,
documenting schema changes, and preserving source links would
support comparison without erasing institutional differences.

6 Future Work and Conclusion

Al registers are becoming part of the administrative infrastructure
through which governments render digital transformation know-
able and governable. However, similarly labeled instruments can
produce distinct and potentially complementary representations
of governmental Al Besides being necessarily partial, the publicly
accessible instruments we studied capture particular points in time,
which limited our record linkage capacity and our ability to map
source-specific vocabularies. Future work should track how regis-
ters and schemas change over time to accommodate mappings for
heterogeneous categories while preserving corresponding institu-
tional meanings. Interoperability among these instruments depends
on shared concepts, clear definitions, preserved provenance, and
traceable differences for accountable digital transformation.
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A Appendix

Table 1: Overlap between country-specific and transnational
sources

Records Coverage (%)
Country-specific Transnational source | (C/T) |Shared |Jaccard (C/T)
France PSTW 120/80 17| 0.093 14.2/21.3
Mexico PIL/USAID 119/4 0| 0.000 0.0/0.0
Netherlands PSTW 1507/168 9| 0.005 0.6/5.4
Norway PSTW 179/65 48 0.245 26.8/73.8
UK PIL/USAID 133/3 0 0.000 0.0/0.0
UK PSTW 133/135 6 0.023 4.5/4.4
us PIL/USAID 3611/10 1| 0.0003 0.03/10.0
Uruguay PIL/USAID 28/2 0| 0.000 0.0/0.0

Notes: C/T denotes country-specific/transnational. Coverage is the percentage of
records in each source with a verified counterpart. Jaccard overlap is the number
of shared records divided by the total distinct records across the source pair.
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