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Abstract

Public institutions are experiencing increased dynamism due to rapid technological de-
velopment and digitalization, which are creating novel opportunities for innovation. This
reality is particularly prevalent in high-accountability contexts, such as financial regula-
tion, where the adoption of Artificial Intelligence (AI) drives new forms of governance.
Orchestrating this technological shift can offer a path to enhanced effectiveness; however,
it requires new capabilities to sense, seize, and reconfigure opportunities in a complex
public-interest environment. However, prior findings lack insights into the specific dynamic
capabilities and routines required for responsible AI adoption in the public sector. There-
fore, this study investigates how a government institution develops dynamic capabilities to
govern AI innovation. Through a single, in-depth case study of a national financial regula-
tor, this study offers insights into the specific micro-routines that underlie the regulator’s
sensing, seizing, and reconfiguring capabilities. We develop a capability-based framework
that demonstrates that responsible adoption depends on a dual set of capabilities operating
at both an internal (organizational) and an ecosystem (market-facing) level. This study’s
findings carry implications for the literature on public sector innovation, dynamic capa-
bilities, and platform governance, as well as for leaders managing technological change
in governments.

Keywords: dynamic capabilities; artificial intelligence (AI); public sector innovation;
governance; regulatory technology (RegTech); case study; micro-routines; platforms

1. Introduction
In digitalization, the innovativeness of the public sector becomes a key issue that

transcends the walls of a single agency [1]. Instead, it expands into a myriad of partnerships,
commonly known as innovation ecosystems and collaborative networks [2]. Government
organizations face mounting pressure to modernize as rapid technological advancements
create both new opportunities for service delivery and new governing risks [3]. When
oversight comes after the deployment of new technology, it results in fragmented pilots,
unclear ownership, duplicated vendor spends, slower risk detection, and legitimacy risks.
These frictions increase total technology costs (due to duplication/rework), extend the
pilot-to-scale cycle times, and delay the detection of emerging risks for both supervisors
and supervised firms. For example, a multi-stakeholder market-surveillance database,
run in collaboration with exchanges and vendors, faced ballooning costs, unclear cost
ownership, legal setbacks, and delays due to poor governance and cost allocation issues [4].
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The longer reforms are deferred, the more complex legacy constraints become, skill
gaps widen, and public trust erodes. Notably, Artificial Intelligence (AI) exhibits signifi-
cant potential for enhancing government effectiveness, such as lowering costs, allowing
access to services, and improving efficiency [5,6]. However, it also presents profound
challenges to government entities regarding oversight activities, ethics, and public trust [7].
In addition, the current knowledge about how public organizations, especially those in
high-accountability contexts, can effectively orchestrate this technological transformation
is limited [8].

A pivotal challenge is that public agencies often lack established routines and capabili-
ties for managing disruptive innovation in a way that aligns with their core mandates of
stability and public trust [9]. The literature in the field of dynamic capabilities (DCs), which
discusses how an organization purposefully adapts to changing environments, provides a
compelling lens for exploring these challenges [10]. According to the DC view [10], sustain-
able adaptation depends on being able to sense opportunities and threats, and exploiting
them through timely action, while realigning organizational resources to remain effective.
Arguably, such capabilities act as the backbone of successful public sector transformation.
Nevertheless, insights into the formation and use of dynamic capabilities in a public sector
context are hitherto lacking.

First, there is a need to understand the specific “distinct skills, processes, procedures,
organizational structures, decision rules, and disciplines” [10] that underlie dynamic ca-
pabilities in a non-market, high-accountability environment. While prior studies have
described the barriers to GovTech adoption [11–14], there is a need to understand the
micro-foundational routines that enable public agencies to build the innovation capacity.

Second, an interesting domain for further inquiry is how these institutions utilize
dynamic capabilities to govern not only their own transformation but also that of the
broader ecosystem they oversee. It would be beneficial to investigate how they use sensing,
seizing, and reconfiguring in combination to manage relationships with diverse actors, i.e.,
from technology vendors to regulated firms and civil society.

This study examines the “XYZ Government Financial Regulator” to address the limited
empirical evidence on dynamic capabilities in high-stakes public settings [9]. The guiding
research question inquires about how internal routines and governance arrangements
facilitate AI adoption and how they align with sensing, seizing, and reconfiguring dynamic
capabilities. Building on this guiding question, this study states two research questions:
RQ1—How do internal routines and governance arrangements in a high-accountability
financial regulator enable responsible AI adoption from intake to scale? and RQ2—How
do these routines and arrangements operationalize the dynamic capabilities of sensing,
seizing, and reconfiguring?

Against this background, this study examines how dynamic capabilities support the
adoption of responsible AI by a national financial regulator (anonymized as the “XYZ Gov-
ernment Financial Regulator”). To move beyond ad hoc trials, the regulator implemented
three design moves: a governed sandbox, a formal use-case intake/triage, and model risk
co-governance, creating gated decisions that balance learning with accountability. Specifi-
cally, the purpose of this study is to investigate how a high-accountability public agency
develops the dynamic capabilities to govern the adoption of AI. This case study relies on
in-depth documentary and archival data from a national financial regulator. The findings
indicate that dynamic capabilities—specifically, sensing, seizing, and reconfiguring—are
crucial for orchestrating both internal- and ecosystem-level adaptation. This study proposes
a framework for these capabilities and their microfoundations, illustrating how they enable
a balance between innovation and governance. This study also illustrates how platform
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governance—shared data services, standardized interfaces, and gatekeeping rules—enables
repeatable, accountable scale-up of AI solutions in public institutions [15,16].

The aims of this study are as follows: (i) to identify micro-routines for sensing (readi-
ness auditing; intake/triage), (ii) to explain seizing mechanisms (governed sandboxes;
iterative feedback; common interfaces/contracts), and (iii) to specify reconfiguring rou-
tines (roles, policies, metrics, multi-party governance; open artifacts) that institutionalize
learning and scale.

The remainder of this paper is organized as follows: Section 2 outlines the literature on
dynamic capabilities and the specific challenges of AI adoption in the public sector. Section 3
presents our research methods. Section 4 presents the study results, detailing the internal
and ecosystem capabilities. Section 5 presents a discussion of the study results. Section 6
concludes this paper with a discussion of the theoretical and managerial implications.

2. Literature Review
2.1. Dynamic Capabilities in the Public Sector Context

Organizations can remain effective in an era of increased dynamism and changes by
developing “dynamic capabilities” [17,18]. The dynamic capabilities perspective focuses
on how firms adapt to changing environments by purposefully creating, extending, or
modifying their resource base. In a few words, it means “the firm’s processes that use
resources, specifically the process to integrate, reconfigure, gain, and release resources, to
match and even create market change” [18].

For analytical purposes, Teece [10] classifies dynamic capabilities into three core clus-
ters of routines. First, sensing capabilities involve scanning, interpreting, and learning
about the external environment to identify opportunities and threats. Second, seizing
capabilities consists of mobilizing resources to address an identified opportunity, including
making investment decisions and designing business models. Finally, reconfiguring capa-
bilities involve the continuous renewal of the organization through redesigning structures,
processes, and assets to maintain relevance over time.

Although this framework is designed for competitive markets, it remains a strong
framework for examining public sector adaptation. The primary distinction lies in con-
text. Public institutions do not seek profit but seek to maintain the trust of the people
using legal mandates and political oversight [19,20]. This scenario of high accountability
is accompanied by unique limitations that shape the development and deployment of
capabilities [1,21]. In the case of a public agency, sensing is limited not only to market
trends but also to emerging social risks. Seizing is governed by procurement rules and a
low risk of tolerance; changes to reconfigure needs must meet the principles of transparency
and due process.

2.2. AI Adoption in Organizations

Artificial Intelligence (AI) is a technology that simulates cognitive skills in humans,
such as learning, reasoning, and decision-making [22]. It encompasses machine learning,
natural language processing, and robotics to automate tasks that require human knowl-
edge and skills. AI has numerous applications, including process automation, predictive
analytics, customer service, and compliance [23,24].

AI can help transform organizations by analyzing data in real-time, identifying anoma-
lies, and making informed decisions [25,26]. Interestingly, AI technologies have the poten-
tial to automate reporting and facilitate the classification of compliance filings [27,28]. In
fact, AI can handle the operational and strategic tasks of modern companies, including
complex operations, problematic datasets, and decision-making [29].
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Large Language Models (LLMs) and Generative Artificial Intelligence (GenAI) systems
have opened new horizons in content generation and strategic decision-making [30]. The
application of AI to organizations is endless, efficient, and effective in decision-making,
providing accurate results. The fact that AI systems can process large amounts of data in
real-time, unearth patterns, and present actionable information is one of these advantages.
Frauds and market risks could be identified and evaluated with the help of AI-driven
predictive analytics, irrespective of the industry [31].

To a significant extent, AI has enhanced various operations, primarily through machine
learning (ML) and natural language processing (NLP). Bostrom [32] describes how AI
may simplify the decision-making process, lower expenses, and streamline processes for
authorities to detect and respond to market changes. Indeed, machine learning tools help
compare various financial documents and identify potential suspicious activity associated
with fraudulent activities and criminal operations [33].

Another advantage of AI is automation, which reduces the amount of repetitive
work and enables employees to focus on tasks that are more valuable and meaningful.
For instance, AI-based chatbots for customer service reduce response times and operate
24/7 [34,35]. In addition, AI applications can prevent non-compliance and risk management
issues by monitoring, reporting, and detecting irregularities in financial transactions [36].
Governmental agencies have also been interested in these developments and have found
them to be helpful in creating efficiency and control, as well as responding to emerging
risks in dynamic economies.

2.3. AI as a Governance Challenge for Public Institutions

The rise of Artificial Intelligence (AI) provides a critical test for public sector dynamic
capabilities. On the one hand, AI can be revolutionary in terms of improving efficiency
and delivering services in the public sector [37,38], as digital infrastructures or platforms
facilitate AI tools to control resources in dynamic settings [39]. On the other hand, AI
presents major control issues that jeopardize all public administration principles [40,41].
These include risks of algorithmic discrimination perpetuating social disparities [42]; insuf-
ficient transparency and explainability [43], which is incompatible with the requirement to
justify decisions [44]; and a lack of data privacy associated with citizens’ sensitive data [45].

Such challenges are difficult to overcome particularly in the case of financial regulatory
and supervisory institutions [46]. For these institutions, adopting AI is not merely a
technical upgrade, but an intricate attempt to balance the possibilities of better market
regulations with the risk of undermining systemic stability or public confidence [30,47–49].
These challenges have been addressed in the literature, and in many cases, existing sources
present rich descriptive or normative accounts of AI pilots or what governments ought
to do [50,51]. However, the academic literature still lacks insight into the underlying
organizational processes required to navigate this landscape. Consequently, new insights
are required to understand the dynamic capabilities that enable a public institution to
manage the dual challenge of AI innovation and governance.

3. Materials and Methods
This study employs an exploratory, single-case study approach to gain insights into

how a regulatory institution develops dynamic capabilities to govern AI innovation. The
case study method is suitable for addressing “how” questions and building theory from
complex, real-world phenomena [52,53].
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3.1. Case Selection

This case involves a national government entity, anonymized as the “XYZ Government
Financial Regulator”. We used convenience and theoretical sampling to select a setting with
(i) high accountability, (ii) explicit AI governance structures (model risk co-governance;
DPIA pre-screen), (iii) a formal experimentation and intake apparatus (governed sand-
box; use-case intake/triage), and (iv) comprehensive, traceable documentation spanning
planning, execution, and assurance (PP, TS/DAS, MIN, PRG, ER, MRC/POL/GOV, LOG).
The organization’s active AI program and document trail (March–July 2024) provided a
transparent view of routines that instantiate sensing, seizing, and reconfiguring under
real-world public sector constraints. We selected an information-rich regulator with explicit
AI governance and a governed sandbox, allowing for the observation of capability routines
under real-world constraints—an instance suitable for theory elaboration [52,53].

3.2. Data Collection

Data were gathered through an unobtrusive review of internal archival documents
generated by the “XYZ Government Financial Regulator” between March and July 2024,
facilitating a close analysis of formal processes, decisions, and outcomes within the regula-
tory entity. A case study protocol and database cataloged project plans (PP, n = 5), techni-
cal specifications/data architecture documents (TS/DAS, n = 5), meeting minutes (MIN,
n = 20), progress reports (PRG, n = 10), evaluation reports (ER, n = 5), system logs (LOG,
≈300 entries), and end-user feedback forms (UX-Eval, n = 40). To strengthen reliability and
triangulate findings, we incorporated organization-wide assessment—CultureSurvey-2024,
IT-Assessment-2024, and TNA-2024-05—together with policies and governance artifacts
(MRC-2024-05; POL-2024-06; GOV-2024-05) and ecosystem-facing signals (RFI-2024-04;
TechSprint-Call-2024; CSC-2024-06; CAR-2024-03). The design choices we observed, stan-
dardized APIs, shared data layers, and interface conventions mirror the platform gover-
nance patterns in which the management of interfaces reduces rework and accelerates
integration, as seen in public digital platforms [54]. Artifact tags (e.g., PP-2024-04, MIN-
2024-05-22) are used consistently in the Results and tables for verbatim traceability. Tagged
artifacts are cited in the Results and evidence tables when used in the coded analysis; back-
ground materials are logged as context. All tagged sources are cataloged in Appendix A:
Source Log.

3.3. Data Analysis

The data were subjected to thematic analysis to understand how the regulator de-
velops dynamic capabilities. A strength of this method is that it allows for the practical
identification of patterns and analytical themes within a large and complex dataset [55,56].
The process was iterative and followed a theory-guided logic. Initially, we drew on insights
from the prior literature to inform the development of theoretically grounded, overarching
themes. To help us understand the process of adaptation, we adopted Teece’s [10] division
of dynamic capabilities—i.e., sensing, seizing, and reconfiguring—as synthesizing concepts
to create three overarching analytical themes.

We employed a theory-building single-case, embedded design. As detailed in §2.2
and Table 1, we analyzed PP, TS/DAS, MIN, PRG, ER, LOG, and UX-Eval, supplemented
by CultureSurvey-2024, IT-Assessment-2024, TNA-2024-05, policy/governance artifacts
(MRC/POL/GOV), and ecosystem signals (RFI/TechSprint-Call/CSC/CAR). We con-
ducted iterative, theory-guided thematic coding (open → axial), with a preregistered
coding protocol. Two coders independently applied open codes to a 20% stratified sample
(by source type), reconciled discrepancies, and refined the codebook (version 1 to version 3).
Inter-rater reliability of the confirmation sample (n = 60 excerpts) yielded Cohen’s κ = 0.78
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(substantial). We maintained an audit trail of code changes and decision memos and
triangulated document coding with meeting-minute context checks and pattern-matched
codes for sensing, seizing, and reconfiguring. We enhanced credibility through temporal
bracketing of events and rival-explanation testing (e.g., staffing changes, policy deadlines),
and we triangulated interpretations across all tagged sources. This study analyzed existing,
non-identifiable records only; per institutional policy, it qualifies as secondary research,
and it does not involve human subjects (IRB determination on file). The aim of this study is
analytic generalization, i.e., proposing internal- and ecosystem-level micro-routines that
extend the dynamic capabilities theory in high-accountability public settings.

Table 1. Case study context and corpus summary.

Item/Category Description/Tag Prefix Count Notes

Panel A: Case and Period Case
XYZ Government Financial Regulator—national public institution overseeing
financial markets;
actively integrating AI.

Period covered March–July 2024

Panel B: Corpus Summary

Project plans PP-YYYY-MM (e.g., PP-2024-04) 5 Program scope, milestones

Technical specs/data architecture TS/DAS-YYYY-MM (e.g.,
DAS-2024-06) 5 Schemas, APIs, data flows

Meeting minutes MIN-YYYY-MM-DD 20 Steering, intake, governance
Progress reports PRG-YYYY-MM 10 Sandbox/pilot status
Evaluation reports ER-YYYY-MM 5 Usability, outcomes
System logs LOG-YYYY-MM, §. . . ≈300 Model QA, latency, errors
End-user feedback/UX UX-Eval-YYYY-MM, p. . . 40 Forms, focus notes

Surveys and assessments CultureSurvey-2024;
IT-Assessment-2024; TNA-2024-05 3 (1 each) Org readiness baselines

Policy/governance artifacts MRC-2024-05; POL-2024-06;
GOV-2024-05 3 (1 each) Charters, SOP updates

Ecosystem signals RFI-2024-04; TechSprint-Call-2024;
CSC-2024-06; CAR-2024-03 4 (1 each) Market/civil society inputs

To maintain traceability, we use the artifact tags above in the Results and evidence tables; the full catalog appears
in Appendix A: Source Log.

We then followed an inductive process to identify the specific micro-routines within
each theme. Facilitated by DELVE, every document was read several times, and phrases
related to the research purpose were coded. The software’s choice of DELVE aligns with
recent research advocating the use of AI as an aid for reflexive thematic analysis, expanding
the scope and details of this study [57].

Through a series of iterations, we were able to discover links and patterns within
the codes, which enabled us to group them into the specific internal- and ecosystem-level
routines presented in the findings. During the analysis process, the authors discussed pre-
liminary findings to arrive at valid results. These steps enabled us to develop an empirically
driven theoretical framework linking capabilities and their underlying micro-routines.

4. Results: The Dynamic Capabilities for Responsible AI Adoption
The analysis revealed that the effective integration of AI in a government institution,

such as the XYZ Government Financial Regulator, is underpinned by a dual set of dy-
namic capabilities. These capabilities operate at both the internal level, focusing on the
organization’s processes and resources, and the external or ecosystem level, involving
the strategic orchestration of external partners, regulated entities, and the public, each
expressed through sensing, seizing, and reconfiguring routines. The analysis identified a se-
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ries of micro-routines supported by direct documentary evidence (as shown in Tables 2–4),
and Figure 1 collates these results into a framework that emphasizes vertical maturation
(sensing → seizing → reconfiguring) and horizontal alignment between the internal and
ecosystem levels at each stage.

Table 2. Observable activities and evidence/quotations for sensing.

Sensing

Internal or
Ecosystem Micro-Routines Observable Activities Representative Evidence/Quotation

Internal

Readiness
Auditing

Assessing legacy
systems and skills

“Only 60% of core systems support real-time
data integration.”
[IT-Assessment-2024, p. 3]

Analyzing employee
culture surveys

“82% of respondents feel confident adopting AI
with training.”
[CultureSurvey-2024, Q14]

Use-Case Intake
and Triage

Triaging use-cases
for ethics and legality

“We are awaiting the updates to the XYZ
Government Financial Regulator’s code of
ethics and integrity so that the aspects of ethics
and transparency in Artificial Intelligence (AI)
can be integrated. . .”—DPIA Pre-Screen
Checklist/Minutes
[DPIA-2024-05, Checklist]; [MIN-2024-05-22]

Ecosystem

Convening
Stakeholder

Meetings

Hosting cross-agency
workshops

“Workshop agreed on a shared roadmap for
data sharing and model audits.” [CAR-2024-03,
Slide 9]

Public Problem
Signaling

Issuing public RFIs
for tech solutions

“migrating all its data to a secure cloud
environment in partnership with a recognized
technological company.”—Meeting
Minutes/Public RFI [MIN-2024-03-12, Item 4]
“RFI seeks proposals for secure cloud migration
and auditability.”
[RFI-2024-04]

Soliciting input from
stakeholders

“Shared challenges collaboratively.”
[CSC-2024-06, p. 1]

Table 3. Observable activities and evidence/quotations for seizing.

Seizing

Internal or
Ecosystem Micro-Routines Observable Activities Representative Evidence/Quotation

Internal

Governed Sandbox
Environments

Using sandboxes with
anonymized data

“The secure and flexible sandbox platform allowed
for the testing of solutions using anonymized and
synthetic data, ensuring data protection while
fostering public-private collaboration and
innovation.”—Progress Report [PRG-2024-06, p. 4]

Iterative Feedback
and Refinement

Tracking model
performance metrics

“updating performance metrics to include measures
of trust and efficiency.” [MLOps-Metrics-2024-05,
Table S3]

Systematically
collecting
user feedback

“Redesigning the legal assistance interface improved
its usability rate from 40% to 80% across the
organization.”—Evaluation
Report [UX-Eval-2024-07, p. 2]
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Table 3. Cont.

Seizing

Internal or
Ecosystem Micro-Routines Observable Activities Representative Evidence/Quotation

Ecosystem

Establishing
Common
Interfaces

Defining standard
API specifications

“including structured data. . . unstructured data. . .
and real-time data captured via application
programming interfaces (APIs).”—Defining Standard
API and Technical Specifications [DAS-2024-06, §3.1;
TS-2024-06, §2.2]

Standardizing
Collaboration

Contracts

Creating shared
reference datasets

“To develop shared datasets under collaboration
contracts. . .”
Reference Dataset Guide [RDG-2024-06, v1.2]

Drafting data use and
audit agreements

“The Authority retains audit rights over training data,
code artifacts, and logs.” Collaboration Contract
Template [CCT-2024-06, §4–§7]
“promoting public-private
collaboration.”—Evaluation Report [ER-2024-07, p. 6]

Table 4. Observable activities and evidence/quotations for reconfiguring.

Reconfiguring

Internal or
Ecosystem Micro-Routines Observable Activities Representative Evidence/Quotation

Internal

Embedding New
Governance Roles

Appointing new
roles (e.g., AI
Product Owner)

“establishing new governance roles and
responsibilities.” Org. Announcement and Model
Risk Charter Committee
[ORG-2024-04, p. 1]; [MRC-2024-05, Charter]

Updating Policies
and Metrics

Updating SOPs
and policies

“The organization established centers of innovation
and excellence, where the staff is free to experiment
with AI technologies. . . [to empower] staff to
experiment with advanced technologies and
methodologies.”—Policies [POL-2024-06, §5];
[ORG-2024-04, p. 1]

Creating new
performance
dashboards

“Key performance metrics, including accuracy,
precision rate, recall rate, and F1 scores, were utilized
to benchmark the effectiveness of AI tools. . . the F1
score averaged 92% across tested
applications.”—[KPI-2024-06, Dashboard;
MLOps-Metrics-2024-05, Table S3]

Ecosystem
Creating

Multi-Party
Governance

Chartering
multi-party
governance boards

“signing [of] collaboration agreements between the. . .
Regulator and other public sector agencies, advanced
learning institutions, and local
industries. . .”—Governance Charter and Project Plan
[GOV-2024-05, p. 2; PP-2024-04, §1.1]

Ecosystem Publishing Open
Artifacts

Publishing open
templates and
checklists

“releasing templates and codifying learning within
the industry.”—Open Artifacts, Handbooks, and
Progress Report
[OAR-2024-07, Index]
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Table 4. Cont.

Reconfiguring

Internal or
Ecosystem Micro-Routines Observable Activities Representative Evidence/Quotation

Codifying learnings
into handbooks

“collaboration with multilateral organizations to
benchmark practices and align with international
standards.” Supervisory Handbook Draft
[HBK-2024-07, Draft §3; Multilateral Benchmark Note
MLT-2024-07, p. 1]

 

Figure 1. A dynamic capabilities framework for AI integration in the public sector. Note: Dynamic
capabilities for regulatory AI orchestration. Each band represents a capability stage—sensing, seizing,
and reconfiguring—and is split into internal routines (left) and ecosystem routines (right). The
vertical solid arrows show the maturation path of sensing → seizing → reconfiguring. The horizontal
double-headed arrows indicate required alignment between internal and ecosystem routines at each
stage. “DPIA pre-screen” refers to a Data Protection Impact Assessment pre-screen, a preliminary
checklist used to determine if a complete privacy risk assessment is required.

4.1. Sensing: Identifying Opportunities in a Regulatory Environment

For a financial regulator, the “sensing” capability extends beyond merely identify-
ing market or technological opportunities. It depends on the mandate to manage sys-
temic risk, maintain public trust, and uphold legal and ethical standards. This context
reframes the sensing capability as a risk- and legitimacy-driven process rather than a
profit-seeking activity.
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4.1.1. Internal Routines: Internal Readiness Auditing and Use-Case Intake and Triage

The regulator developed two primary internal routines to sense and prepare for
AI integration.

The first routine was a systematic process of internal readiness auditing, which in-
volved a holistic assessment of technology, skills, and culture to create a baseline for AI
adoption. The analysis of the culture survey revealed a supportive culture, with 82% of
employees expressing confidence in implementing AI [CultureSurvey-2024]. However, this
routine also presented critical gaps. A technological review highlighted that only 60% of
legacy systems were ready for real-time data integration [IT-Assessment-2024], prompting
a project plan that noted the need to “map the current digital and technological structure...
[and] propose a clear structure for the development and maintenance of analytical prod-
ucts” [PP-2024-04]. Similarly, skills assessments revealed that fewer than 30% of staff were
proficient in AI tools [TNA-2024-05], leading one employee to emphasize that “this training
is essential for developing skills and updating knowledge” [UX-Eval-2024-07].

The second routine was a formalized use-case intake and triage process. Rather than
ad hoc adoption, the regulator established a collaborative process with 80 participants
to identify and prioritize AI applications [MIN-2024-05-22]. Meeting minutes show this
process evaluated use cases against strategic objectives, such as optimizing “the detection of
irregularities in financial transactions” [STRAT-2024] and considering “money laundering
and terrorism financing risks” [AML-2024-05]. Crucially, this triage included ethical pre-
screening initiatives checking against the organization’s integrity framework [DPIA-2024-
05]. As one respondent noted, this ethical alignment was a prerequisite for action: “We
are awaiting the updates to the XYZ Government Financial Regulator’s code of ethics and
integrity so that the aspects of ethics and transparency in Artificial Intelligence (AI) can be
integrated” [HR-EthicsMemo-2024-05].

The internal audit of skills, culture, and technology is critical, as it enables organiza-
tions to identify and address hidden gaps before they derail implementation.

4.1.2. Ecosystem Routines: Convening Stakeholder Meetings and Public Problem Signaling

The regulator’s sensing capability extended beyond its walls through routines de-
signed to engage the broader ecosystem, involving convening cross-agency and industry
meetings to map technological roadmaps and identify shared challenges collaboratively
[CAR-2024-03]. Furthermore, the regulator established a routine of public problem signal-
ing, using Requests for Information (RFIs) and tech sprints to signal its priorities to the
market, thereby inviting innovative solutions from vendors and academia [RFI-2024-04];
[TechSprint-Call-2024]. The April 2024 RFI drew diverse responses across open-source
groups, COTS vendors, hybrid providers, and civil society/academic actors, illustrating
the benefits and trade-offs of cross-sector collaborations in digital governments [1]. The
ecosystem-level sensing also included proactively mapping citizen risks and equity con-
cerns by soliciting input from civil society organizations, ensuring that the opportunities
being “sensed” aligned with broader public values [CSC-2024-06]; [CFS-2024-06]. Indeed,
entities should proactively convene ecosystem partners (industry, academia, other agencies)
to build a shared understanding of technological trends and risks, rather than relying
exclusively on their internal knowledge. Table 2 presents the sensing capability, linking
observable activities to representative evidence/quotations.

4.2. Seizing: Mobilizing Resources Through Controlled Experimentation

In the public sector, the “seizing” capability does not depend on the “fail fast” mantra
of private industry but on a more cautious principle of “safe-to-fail” experimentation. The
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regulator’s routines sought to mobilize resources and test AI solutions in a manner that
maximized learning while minimizing public risk and protecting institutional legitimacy.

4.2.1. Internal Routines: Governed Sandbox Environments and Iterative Feedback
and Refinement

The central seizing routine used governed sandbox environments. These were not
merely technical testbeds but formalized governance structures. Progress reports described
them as “secure and flexible platforms that allow for testing solutions while safeguarding
sensitive data,” often using “anonymized and synthetic data” [PRG-2024-06]. This routine
enabled the controlled testing of selected use cases, from AI-powered chatbots to risk
assessment models, before any exposure to live operational environments. The value of this
routine was evident in system logs that stated the following: “Detected anomalies during
sandbox testing reduced data discrepancies by 15% and improved response times for AI
model outputs by 25%, ensuring readiness for production deployment” [LOG-2024-06].

In parallel, the regulator institutionalized routines for iterative feedback and refine-
ment. The public regulator entity collected user feedback from focus groups and structured
forms to improve AI algorithms and interfaces. For instance, an evaluation report noted
that feedback on one tool led to a redesign that “improved its usability rate from 40% to
80% across the organization” [UX-Eval-2024-07]. The continuous loop ensured that the
solutions were both technically sound and operationally relevant and user-centric. Distinct
organizations should acknowledge the importance of governed sandboxes with precise
entry/exit criteria to de-risk innovation and build the institutional confidence needed for
full-scale deployment.

4.2.2. Ecosystem Routines: Establishing Common Interfaces and Standardizing
Collaboration Contracts

Seizing at the ecosystem level involved creating the shared infrastructure necessary
for collaborative innovation. A key routine was the establishment of standard interfaces
and shared datasets. Technical specifications indicate that the regulator collaborated with
partners to establish API standards and schemas, enabling secure data exchange among
the involved parties [DAS-2024-06]. It also developed shared reference datasets to enable
partners to test solutions against a standard benchmark [RDG-2024-06].

Furthermore, the regulator developed standardized collaboration contracts. These
legal instruments went beyond typical procurement to include specific clauses on data use,
transparency, reproducibility, and audit rights, ensuring alignment with public account-
ability standards [CCT-2024-06]. The ongoing routine established a trusted framework for
public–private collaboration, which is essential for mobilizing resources from technology
providers and academic institutions to the public regulator. Creating standardized collab-
oration contracts and shared technical interfaces (APIs) reduces friction and accelerates
secure co-innovation between entities and external partners.

Table 3 summarizes seizing routines by mapping observable activities to representative
evidence/quotations.

4.3. Reconfiguring: Institutionalizing Innovation for Enduring Governance

The final capability, “reconfiguring,” involves embedding successful AI initiatives
into the organization’s structure, policies, and culture to ensure lasting change. For the
regulator, this meant reconfiguring not just for efficiency, but for enhanced governance and
institutional legitimacy.
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4.3.1. Internal Routines: Embedding New Governance Roles and Updating Policies
and Metrics

A primary reconfiguring routine involved the establishment of new governance roles
and forums. The organization appointed formal roles such as an “AI Product Owner” and
“Data Steward” and established a Model Risk Committee to provide ongoing oversight
[ORG-2024-04]; [MRC-2024-05]. This structural change embedded accountability for AI
systems within the organization.

Another routine involved updating policies and performance metrics. The regulator
moved beyond measuring only model accuracy. Evaluation reports show the adoption
of a broader set of metrics, including “decision cycle time, explainability acceptance by
end-users, [and] complaint rate.” Performance on these metrics, such as achieving an “F1
score [that] averaged 92% across tested applications,” was used to determine readiness for
full-scale deployment [MLOps-Metrics-2024-05].

Finally, the organization developed an AI implementation roadmap. The strategic
document, detailed in project plans, outlined a long-term vision, including workforce
development targets (e.g., “90% of employees trained within two years”) and plans for
continuous investment [AIR-2024-07]; [TRN-2024-07]. The implemented routine ensured
that AI adoption was not a one-off project, but a sustained and strategic commitment to
the public entity. AI accountability is paramount, and organizations can enhance these
practices by creating new roles (e.g., AI Product Owner) and updating performance metrics
to include measures of trust and efficiency, in addition to technical accuracy.

4.3.2. Ecosystem Routines: Creating Multi-Party Governance and Publishing
Open Artifacts

The “XYZ Government Financial Regulator” has implemented the most advanced
reconfiguration routines, aiming to shape the entire ecosystem by establishing multi-party
governance boards that include representatives from other agencies, the industry, and the
public, thereby providing ongoing strategic direction [GOV-2024-05].

A second powerful routine was the publication of open artifacts. By releasing tem-
plates, checklists, and model cards, the regulator worked to stabilize market expectations
and promote best practices across the financial sector [OAR-2024-07]. The ultimate recon-
figuring routine involved creating pathways to codify learnings, where successful practices
from AI pilots were formalized in supervisory handbooks and, where appropriate, new
regulations [HBK-2024-07]; [MLT-2024-07]. This final step closes the loop, using the “XYZ
Government Financial Regulator” innovation to evolve the very rules of the ecosystem
it governs.

Table 4 maps the reconfiguration of routines from observable activities to representa-
tive evidence/quotations.

The interplay of these internal- and ecosystem-level capabilities forms a comprehen-
sive framework for responsible AI integration in the public sector, as depicted in Figure 1.

Based on the inductive analysis of this case study, we propose a capability frame-
work (Figure 1) to explain how a high-accountability public institution applies dynamic
capabilities to govern the adoption of Artificial Intelligence (AI) and achieve benefits in
public value. The proposed framework is grounded in the micro-routines identified in the
empirical analysis. It draws on the three core components of dynamic capabilities—sensing,
seizing, and reconfiguring [10]—and illuminates the specifics of these components in a
public sector regulatory context.

Crucially, the framework depicts the relationships among capabilities operating at
two distinct but interdependent levels: internal (within the regulator itself) and ecosystem
(engaging with external market and civil society actors). Each capability exercises a critical
function in ensuring the successful and responsible integration of AI.
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The internal sensing involved the “XYZ Government Financial Regulator” conducting
internal readiness auditing (technology, skills, and culture) and running a use-case intake
and triage process to filter proposals through strategic fit and ethical pre-screening. Regard-
ing ecosystem sensing, the “XYZ Government Financial Regulator” convened stakeholder
meetings to present shared risks and opportunities, as well as public problem signaling
(e.g., RFIs/tech sprints), to attract fit-for-purpose solutions from the market.

Through internal seizing, the “XYZ Government Financial Regulator” identified oppor-
tunities in governed sandbox environments, where it tested ingenious solutions. Moreover,
the “XYZ Government Financial Regulator” also developed iterative feedback and refine-
ment, incorporating structured input from users and supervisors to enhance models and
interfaces prior to the production phase. With ecosystem seizing, the “XYZ Government
Financial Regulator” enabled joint execution by establishing common interfaces—standard
APIs, schemas, and shared reference datasets—and by standardizing collaboration contracts
that outlined data use, transparency, auditability, and risk allocation, thereby lowering
transaction costs and enabling secure co-innovation.

Finally, internal reconfiguration enabled the “XYZ Government Financial Regulator”
to consolidate gains by embedding new governance roles, such as AI product ownership,
data stewardship, and model risk oversight, and by updating policies and metrics to
include performance tracking of explainability acceptance, complaint rates, and decision
cycle time alongside accuracy. During ecosystem reconfiguring, the regulator maintained
alignment by establishing multi-party governance with peer agencies, industry, and civil
society, and by publishing open artifacts, templates, checklists, model cards, and guidance
to codify lessons and stabilize expectations across the market.

A key insight from the analysis, visualized by the connections in the framework, is
that achieving the full benefits of responsible AI adoption requires these two streams of
capabilities to be developed in concert. The arrows illustrate two types of relationships:

1. Sequential Flow (vertical solid arrows): The down-pointing arrows show the matu-
ration path (sensing → seizing → reconfiguring). The “XYZ Government Financial
Regulator” must first sense and then seize an opportunity before it can successfully
reconfigure its operations around a new solution.

2. Cross Boundary Alignment (horizontal double-headed arrows): The two-way arrows
between the internal and ecosystem panels at each stage indicate required, concurrent
coordination (e.g., internal sensing ↔ ecosystem sensing). Effective internal sensing
(e.g., identifying a use case) must align with ecosystem sensing (e.g., understanding
citizen input in that use case). Successful internal seizing (e.g., running a sandbox)
is dependent on robust ecosystem seizing (e.g., having clear collaboration contracts
with partners).

When these dynamic capabilities are present and aligned, they enable the “XYZ Gov-
ernment Financial Regulator” to achieve two overarching governance objectives: first, to
drive responsible internal innovation by safely and effectively deploying new technolo-
gies; and second, to exercise proactive ecosystem governance by shaping the standards
and collaborative structures that ensure AI is used ethically and safely across the market
it oversees.

Unlike the prior dynamic capabilities work centered on private firms, this framework
treats the ecosystem as co-equal with internal routines for a public regulator, detailing the
linking mechanisms needed to govern AI with respect to safety, ethics, and legitimacy.

5. Discussion
This study aimed to investigate how a high-accountability public institution develops

the dynamic capabilities necessary to govern the adoption of transformative technologies,
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such as AI. Our findings, which reveal a dual framework of capabilities operating at both
an internal and ecosystem level, offer several important contributions to the literature on
dynamic capabilities and public sector innovation.

5.1. Answer to the Research Question/Objective

AI adoption advanced when three capability-aligned routine sets operated in concert.
Sensing routines synthesized cultural, technical, and skill baselines through internal readi-
ness auditing and a formal intake and triage of use cases (see §2.2; Table 1; Appendix A).
Moreover, the institutionalized routines for seizing data enabled lightweight, gated ex-
periments with defined data privileges and model risk co-governance, allowing for value
checks before scale decisions (see Results §§3.1–3.3 and Tables 2–4). Additionally, the
reconfiguring routines aided in consolidating shared data services, clarifying product
ownership, and delivering targeted upskilling, ultimately reshaping workflows within the
“XYZ Government Financial Regulator,” avoiding the need for large, monolithic programs
(see Results §§3.1–3.3 and Tables 2–4). Acting together, these routines shortened cycle times
and increased the proportion of proposals that progressed beyond pilots, while maintaining
the accountability expected of a public regulator.

5.2. Positioning Relative to the Literature

Our results align with research that links dynamic capabilities to digital transfor-
mation [10,58]. Capability-aligned routines sense, seize, and reconfigure advanced AI
initiatives from intake to gated pilots and, where warranted, to scaled institutional use. In
public settings, the portfolio-style intake and staged experimentation documented in these
accounts align with those of agile public innovation and data-driven supervision [1,46,59].
The progression through formal gates also resonates with stage-model perspectives on
government transformation [60]. Governance moves that pair product ownership with
model risk oversight align with digital innovation guidance that stresses role clarity and
platform thinking [46,59].

At the same time, our findings diverge from those of studies that portray innovation
labs as struggling to scale beyond pilots [61]. In this case, scale decisions were taken
by permanent committees using value- and risk-based criteria embedded in model risk
governance and product ownership, shifting authority from peripheral lab enthusiasm to
durable, institutional forums. Prior research also highlights ethics and accountability as
barriers to deployment [50,61]. Here, co-governance reduced delay by integrating model
risk review into the seizing gates, turning ethics into a concurrent constraint rather than
an ex-post veto, and enabling earlier value checks and predictable escalation paths. At
the same time, equity risks remain central in public sector AI, as shared datasets can
encode historical disparities unless they are audited for representativeness and disparate
impact—a concern emphasized in algorithmic governance and AI ethics work [62,63].
Our findings, therefore, complement this literature by situating fairness review inside the
gates rather than after deployment. Finally, while some public sector accounts emphasize
skill shortages and procurement frictions as dominant bottlenecks [64] and private sector
research often ties dynamic capabilities to performance through firm resources rather than
institutionalization under governance [65–68], this case shows that targeted training, shared
components, and reusable integration patterns mitigate these frictions. Platformization (e.g.,
investments in shared platform services) and clear ownership reduced one-off integration
costs [54]. They created repeatable paths to scale, suggesting that capability investments
at the platform/governance level can convert hard constraints into manageable ones in
regulatory contexts.
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5.3. Theoretical Contribution

This study refines dynamic capabilities theory for public regulators by specifying
actionable micro-routines and governance gates that operationalize the processes of sens-
ing, seizing, and reconfiguring. Readiness auditing converts diffuse cultural, technical,
and skill conditions into investment-grade sensing signals. An explicit intake and triage
process, with scoring links, involves sequencing options and balancing expected value
against change effort and risk, progressing from sensing to seizing. Meanwhile, model
risk co-governance embeds accountability within seizing, reducing delay, and rework.
Finally, shared data services and clear product ownership enable reconfiguring without
large, monolithic programs. Mechanistically, this cyclical readiness auditing incorporates
data provenance and representativeness checks, contributing to sensing through structured
environmental scanning and adaptive learning routines, intake/triage with scoring links,
and sensing to seizing via selection and prioritization rules. Model risk gates instantiate
seizing by codifying decision and risk-mitigation rules for bias, drift, and explainability.
Shared data services and clarified ownership support reconfiguration through asset or-
chestration, auditable reuse, and co-specialization [10], which in turn inform the next cycle
of sensing.

These refinements elaborate on the microfoundations emphasized in foundational
dynamic capabilities work and adapt them to the procedural and accountability constraints
of public organizations [9,10,69]. They also situate assurance within delivery, aligning with
public innovation and algorithmic governance arguments for embedded oversight rather
than post hoc review [70–72], and with government-focused accounts that connect capabili-
ties to staged transformation and IT governance by showing how gates function as design
features that coordinate roles and decisions across the portfolio [29,31,60,73]. Finally, we re-
spond to recent calls to specify how public bodies mobilize and assess dynamic capabilities
for digital/AI programs by linking governance arrangements and platform choices [15]
to observable institutionalization outcomes, not just performance correlations [74]. Taken
together, these refinements recast governance as an enabling architecture that integrates
accountability into delivery and accelerates responsible scale-up in regulatory contexts.

5.4. Practical Contribution

Managers can translate these insights into concrete actions. At the strategic tier,
regulatory executives should establish a Model Risk Committee with defined gates and
pair it with product ownership to clarify decisions, providing leadership with a repeatable
path from pilot to scale, thereby maintaining accountability. In portfolio management,
program and product leads should conduct quarterly use-case triage, scoring value, data
readiness, and change effort, and then publish a ranked pipeline so that operational teams
can focus their scarce capacity on the highest-value, most-ready opportunities. On the
platform side, data and IT leaders should prioritize shared data services, access controls,
and representativeness checks, as well as document reusable integration patterns to reduce
pilot-to-production rework and shorten cycle times. To build capacity, HR and training
units should deliver targeted, role-based upskilling tied to the pipeline, tracking capability
growth over time to ensure skills advance in line with portfolio needs. Policy, legal, and
compliance teams should mandate and supervise ongoing drift/fairness monitoring with
audit trails accessible to oversight bodies. They should also update AI standard operating
procedures (SOPs) and model risk policies early and iteratively, aligning criteria with the
gating process to prevent late-stage stalls and increase predictability for delivery teams.
Finally, at the policy layer, model risk co-governance should be formalized through inter-
agency MOUs, standardized DPIA templates, and gate criteria harmonized with risk-tiered
provisions in emerging AI regulation (e.g., EU AI Act risk classes). Following staged
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governance [60], codifying the gates, piloting to limited production, and then scaling up to
full production, with role-specific accountabilities, requires evidence and auditable decision
trails to create a durable, repeatable path from pilot to scale.

6. Conclusions
6.1. Summary

Public agencies face rapid technological change under the constraints of accountability.
Fragmented pilots and late oversight raise costs and erode trust; a governed capability
sequence helps reverse these effects. This study aimed to explain how a national finan-
cial regulator (anonymized as the “XYZ Government Financial Regulator”) organized
the responsible adoption of AI. This study’s objective was to identify the micro-routines
and governance gates that enable adoption and to demonstrate how they align with the
dynamic capabilities of sensing, seizing, and reconfiguring. Accordingly, this study posed
the following research questions: RQ1—How do internal routines and governance ar-
rangements in a high-accountability financial regulator enable responsible AI adoption
from intake to scale? RQ2—How do these routines and arrangements operationalize the
dynamic capabilities of sensing, seizing, and reconfiguring?

Through an in-depth case study of a national financial regulator’s adoption of AI,
this study found that success hinges on a dual set of sensing, seizing, and reconfiguring
capabilities operating at both an internal and an ecosystem level. It also identified the
specific micro-routines that underpin these capabilities and proposed a framework that
illustrates how they work in concert to balance innovation with governance. The combined
approach shortens cycle time while preserving prudential goals.

This study adapts the dynamic capability theory for the public sector by unpacking
the micro-mechanisms that underpin such capabilities and by underlining the essential
function of ecosystem orchestration. For public managers and policymakers, the results
offer a practical framework for developing the organizational capacity necessary to navigate
technological disruption effectively. Practitioners can stage the work as follows: triage and
readiness auditing; safe-to-learn pilots under joint model risk review; and scale through
shared services, standardized contracts, and clear product ownership.

6.2. Limitations

While this study offers rich, context-specific insights into the dynamic capabilities
underpinning responsible AI adoption in the public sector, several limitations should be ac-
knowledged. First, as a single case, external validity is constrained; we emphasize analytic
generalization to mechanisms and specify boundary conditions (prudential mandate, risk
appetite, platform maturity, governance structure). The routines and capabilities identified
may reflect institutional or national characteristics that differ in other governance settings.
Second, as with most qualitative research, the analysis is interpretive and may be influenced
by researcher bias, despite efforts to ensure rigor through triangulation and transparency.
Finally, this study captures a specific moment in an evolving technological and regulatory
landscape; future research could adopt comparative or longitudinal designs to explore how
these capabilities develop across different institutions and over time. Transferability is the
strongest for regulators with similar mandates and platform maturity; primary data and
interviews with role-holders (e.g., product owners, model risk reviewers) are a priority for
future research.

6.3. Future Research

First, to address the single-case limitation, multi-case and comparative designs across
regulators and jurisdictions should be considered to examine whether the same micro-
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routines and governance gates are applicable beyond this setting. Studies could purposely
offer sample agencies that differ in statutory mandates, risk appetites, resources, and
platform maturity to identify boundary conditions. Additionally, triangulation through
interviews or primary data could improve methodological robustness and the possibility
of theoretical generalization.

Second, longitudinal studies should track how sensing, seizing, and reconfiguring
capabilities evolve and how shifts in routines or gate criteria impact outcomes. Panels com-
bining administrative logs (minutes, progress reports, model risk memos) with governance
records can estimate maturation trajectories; event history models can analyze time to scale.

Third, to move from association to stronger causal inference, quasi-experimental
and experimental designs, such as policy changes that alter gate thresholds or reviewer
composition, can be used to identify which governance choices yield the most significant
improvements in cycle time, escalation predictability, or quality.

Fourth, building on this study, future research should refine and validate public-
value metrics beyond cycle time and progression rates, operationalizing the predictability
of escalation, rework cost, and audit outcomes, and link these indicators to qualitative
evidence through mixed-methods designs.
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Appendix A. Source Log
• [IT-Assessment-2024, p. 3]—IT & Legacy Systems Assessment (April 2024), p. 3;
• [IT-Assessment-2024, p. 6]—same doc, p. 6;
• [CultureSurvey-2024, Q14]—Employee Culture Survey (July 2024), item Q14;
• [TNA-2024-05, p. 2]—Training Needs Assessment (May 2024), p. 2;
• [HR-EthicsMemo-2024-05, p. 2]—HR/Ethics Memo on AI & Transparency (May 2024), p. 2;
• [MIN-2024-05-22]—Use-Case Intake Workshop Minutes (22 May 2024);
• [STRAT-2024, §2.3]—Supervisory Strategy 2024–2026, §2.3 (Analytics Priorities);
• [AML-2024-05, §1.2]—AML/CFT Risk Memo (May 2024), §1.2;
• [DPIA-2024-05, Checklist]—DPIA Pre-Screen Checklist (May 2024);
• [CAR-2024-03, Slide 9]—Cross-Agency AI Roadmap Deck (Mar 2024), slide 9;
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• [RFI-2024-04]—Public RFI: AI for Supervisory Risk Signals (April 2024);
• [TechSprint-Call-2024]—Tech Sprint Call for Participation (March 2024);
• [CSC-2024-06, p. 1]—Civil Society Consultation Summary (June 2024), p.1;
• [PRG-2024-06, p. 4]—AI Sandbox Progress Report (June 2024), p.4;
• [LOG-2024-06, §4.1]—System Logs & Model QA Summary (June 2024), §4.1;
• [UX-Eval-2024-07, p. 2]—UX Evaluation Report (July 2024), p. 2;
• [DAS-2024-06, §3.1]—Data Architecture Spec (APIs/Schemas) (June 2024), §3.1;
• [RDG-2024-06, v1.2]—Reference Dataset Guide v1.2 (June 2024);
• [CCT-2024-06, §4–§7]—Collaboration Contract Template (Data/Audit/Transparency)

(Jun 2024), §§4–7;
• [ORG-2024-04, p. 1]—Org Announcement: AI Roles & Committees (April 2024), p. 1;
• [MRC-2024-05, Charter]—Model Risk Committee Charter (May 2024);
• [POL-2024-06, §5]—Policy Update: AI Use & SOPs (June 2024), §5;
• [MLOps-Metrics-2024-05, Table S3]—MLOps Metrics Compendium (May 2024), Table S3;
• [KPI-2024-06, Dashboard]—AI KPI Dashboard (June 2024);
• [AIR-2024-07, p. 5]—AI Implementation Roadmap (July 2024), p. 5;
• [TRN-2024-07, p. 3]—Workforce Training Plan (July 2024), p. 3;
• [GOV-2024-05, p. 2]—Multi-Party Governance Board Charter (May 2024), p. 2;
• [OAR-2024-07, Index]—Open Artifacts Repository Index (Jul 2024);
• [HBK-2024-07, Draft §3]—Supervisory Handbook Draft (Jul 2024), §3;
• [PP-2024-04, §1.1]—AI Program Project Plan (Apr 2024), §1.1;
• [MIN-2024-03-12, Item 4]—Steering Committee Minutes (12 March 2024), Item 4;
• [TS-2024-06, §2.2]—Technical Specifications: Data Types & Flows (June 2024), §2.2;
• [ER-2024-07, p. 6]—Evaluation Report: AI Pilots (July 2024), p. 6;
• [MLT-2024-07, p. 1]—Multilateral Benchmark Note (July 2024), p. 1;
• [PROC-2024-06, p. 2]—Procurement Pattern Analysis (June 2024), p. 2;
• [LEG-2024-07, p. 4]—Legacy System Retirement Plan (July 2024), p. 4;
• [VPQ-2024-04, p. 1]—Vendor Pre-Qualification List (April 2024), p. 1;
• [EX-2024-07, p. 3]—Incident Exercise Playbook (July 2024), p. 3;
• [CFS-2024-06, p. 2]—Citizen Feedback Summary (June 2024), p. 2.
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