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Abstract: As public sector institutions increasingly adopt Artificial Intelligence (Al) to enhance policy-
making and operational efficiency, the need for flexible and adaptive system architectures has become critical.
This review examines the emerging role of composable architectures in supporting Al-augmented decision
support systems (Al-DSS) across public domains such as health, infrastructure, and urban governance. By
synthesizing insights from academic literature, international case studies, and experimental deployments, we
highlight how modular and policy-aligned Al systems outperform traditional monolithic models in speed,
transparency, scalability, and trustworthiness. We also discuss challenges related to interoperability, ethics,
human oversight, and cybersecurity. The review concludes by proposing a set of future research directions
aimed at standardizing, securing, and ethically embedding Al into the dynamic fabric of public decision-
making.

Index Terms - Artificial Intelligence (Al), Composable Architectures, Decision Support Systems (DSS),
Human-in-the-Loop (HITL),Explainable Al (XAl),Interoperability.

Introduction

In the face of growing complexity, uncertainty, and demand for greater transparency, public sector institutions
are under increasing pressure to modernize their decision-making processes. The integration of Artificial
Intelligence (Al) into decision support systems (DSS) offers a promising pathway to achieve more responsive,
data-driven governance. Recent advances in machine learning, natural language processing, and data analytics
have positioned Al as a transformative force across numerous sectors—including healthcare, public safety,
environmental management, and urban planning—where timely and accurate decisions are critical [1], [2].

However, the challenge lies not only in applying Al algorithms but in designing system architectures that are
flexible, scalable, and context-aware. This is where the concept of composable architectures—a paradigm
that promotes modular, interchangeable, and interoperable software components—emerges as a critical
enabler. Composable architectures allow organizations to rapidly assemble and reconfigure systems based on
evolving policy goals, technological advancements, and citizen needs [3]. When paired with Al, they
empower public sector bodies to develop Al-augmented decision support systems (Al-DSS) that are both
adaptive and sustainable.

The relevance of this topic is further underscored by the rapidly changing nature of public governance.
Government agencies now manage vast, heterogeneous data sources and must make decisions that are not
only evidence-based but also ethically grounded and context-sensitive. In this environment, static and
monolithic IT systems are ill-suited to support agile, multi-dimensional decision-making. Composable Al
architectures enable systems to be built from reusable services that can incorporate real-time analytics, ethical
reasoning, and human feedback, thereby enhancing transparency and accountability in public governance [4].
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Despite these advancements, several critical challenges and research gaps persist. First, there is a lack of
standardized frameworks for integrating composable design principles into Al-driven public systems. Many
implementations remain experimental or domain-specific, making it difficult to scale solutions across
different government functions or jurisdictions [5]. Second, public sector organizations often struggle with
legacy systems, data silos, and institutional inertia, which hinder the adoption of composable, Al-enhanced
architectures. Third, while Al methods are being rapidly developed in academic and commercial contexts,
their adaptation for public policy use—particularly in ethical and socially responsible ways—remains
underexplored [6].

Additionally, questions about trust, explainability, and human oversight continue to complicate the adoption
of Al in decision-making. Public institutions must ensure that decisions supported by Al systems are
interpretable and auditable, especially when they affect citizens' rights, services, and livelihoods. Designing
composable architectures that support human-in-the-loop or human-centered Al paradigms is therefore a
pressing need [7].

Given these challenges, there is a strong imperative to synthesize current knowledge, identify best practices,
and explore future directions. This review aims to address this need by examining the state of the art in
composable architectures for Al-augmented decision support within public sector systems. Specifically, the
review will:

Survey various Al techniques currently deployed in public sector decision-making,

Analyze how composable architectures have been utilized to support flexibility and scalability,
Identify barriers to implementation and propose design principles for future development,
Evaluate the ethical, technical, and organizational implications of integrating these technologies.

By drawing from interdisciplinary literature in computer science, public administration, and systems
engineering, this review seeks to bridge the gap between theoretical development and real-world application.
In doing so, it contributes to an emerging body of work that reimagines how governments can make smarter,
fairer, and more responsive decisions in the digital age.

Table 1: Summary of Key Research on Al-Augmented Decision Support and Composable
Architectures in the Public Sector

Year Title Focus Findings (Key
Results and
Conclusions)

2019 Guidelines for | Human-centered Al | Proposed 18
Human-Al design principles guidelines to
Interaction [7] improve usability

and trust in Al
systems; emphasized
the importance of
user control,
explainability, and
adaptability in Al-
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enabled decision
systems.

2020 Towards Al- | Ethical and | Highlighted
Augmented  Public | organizational governance
Decision ~ Making: | implications of Al in | challenges such as
Challenges and | government transparency and
Opportunities [8] accountability;

proposed a socio-
technical framework
for Al deployment in
policy decisions.

2021 Composable Composability and | Argued that
Government: modularity in public | composable
Modular Public | service delivery architectures enhance
Services for adaptability; called
Complex Public for standardization in
Needs [9] data and service

models across
agencies.

2022 Al for the Public | Barriers to Al |Found institutional
Sector: Opportunities | adoption in public | resistance, lack of Al
and Barriers [10] institutions expertise, - and data

quality = as' major
barriers;
recommended
upskilling and co-
development  with
private sector.

2021 Explainable Al in [ Explainability in Al- | Synthesized
Public Decision | supported public | techniques like
Support: A | decisions SHAP, LIME, and
Systematic Review decision trees for
[11] explainability;

emphasized legal and
ethical  obligations
for transparency.
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2020 Digital Government | Role of Al in modern | Discussed use cases
and  Al:  Policy | digital governance in tax, welfare, and
Design in the Age of health; warned
Machine  Learning against algorithmic
[12] bias without
governance and
monitoring
structures.
2021 Modular Al Systems: | Software design for | Provided a blueprint
Design Principles for | composable Al in | for building modular
Public Sector | public systems Al using
Applications [13] microservices  and
APIs; stressed
interoperability and
scalability.
2019 Human-in-the-Loop [ Incorporating human | Demonstrated  that
Decision Making for | judgment in Al | human oversight
Public Health Al | systems improves the
Systems [14] accuracy and fairness
of Al in pandemic
response modeling.
2023 Agile Al Governance | Smart  governance | Identified . success
for Smart Cities [15] | with agile, | factors including
composable Al | civic  engagement,
platforms flexible
infrastructure,  and
transparent data
flows; introduced a
“governance
sandbox’ model.
2022 Federated Learning | Data privacy and | Introduced federated
and Al Ethics in [ decentralization in | learning as a means
Government [16] public Al systems to preserve privacy in
Al deployments;
discussed its
alignment with
GDPR and public
trust concerns.
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Proposed Theoretical Model and Block Diagram

1. Overview of the Proposed Model

The proposed theoretical model for Al-augmented decision support in the public sector is based on a
Composable Modular Architecture that integrates Al services, data governance mechanisms, human-in-
the-loop (HITL) interfaces, and policy-driven orchestration. This model ensures interoperability,
scalability, and ethical compliance in high-stakes public sector decisions [17].

The architecture is designed to support a wide range of use cases including public health response systems,
smart urban governance, and environmental regulation.

2. Block Diagram: Composable Al-Augmented Decision Support System
Here is a conceptual block diagram to illustrate the proposed model:

Figure 1: Composable Architecture for Al-Augmented Public Sector Decision Support
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3. Theoretical Framework Explanation

A. Policy-Oriented Orchestration Layer

This layer governs how decisions are made by defining constraints, rules, and policy parameters that align
with public interest and legal frameworks. It allows decision flows to be tailored dynamically depending
on governance requirements. This helps integrate legal and ethical frameworks with algorithmic decision-
making [17].

B. Human Interaction Layer

The front-end layer provides transparency and explainability through dashboards, visualization, and natural
language outputs. Importantly, it enables human-in-the-loop (HITL) intervention, ensuring oversight over
critical decisions and allowing for override or redirection of algorithmic recommendations [18].

C. Al Services Pool

This layer contains plug-and-play Al modules for classification, forecasting, optimization, and language
processing. Using microservices architecture, these models can be composed as needed per application,
ensuring reusability and scalability [19].

e Examples: Predictive modeling in healthcare, real-time traffic optimization, or document
summarization for legislation analysis.

D. Decision Engine

Acts as the central coordinator that binds Al insights with human judgment and policy objectives. It
interprets Al outputs, invokes policy rules, and supports multi-criteria decision analysis (MCDA). The
decision engine uses tools such as Bayesian networks, Markov models, and rule-based logic [20].

E. Data Integration and Governance Layer

Handles ingestion from structured and unstructured sources, enforces semantic data standards, federated
learning, and privacy-preserving techniques. This ensures that data used in decisions is accurate, up-to-
date, and handled in compliance with public sector data governance frameworks [21].

F. Legacy Systems & External Sources

This is the bottom tier that connects the composable architecture to existing databases, 10T sensors, open
government APIs, and even citizen-generated data (e.g., feedback apps). The model is designed to be
backward-compatible to facilitate gradual integration of legacy systems.

4. Innovative Aspects of the Model

e Composability: Each service/module can be deployed independently and recomposed based on
changing needs, supporting agile governance [17].

e Ethical Guardrails: Integration of legal/policy constraints and human oversight ensures that
decisions are fair, transparent, and auditable [18].

e Scalability: Microservices and containerized deployment enable fast scaling across domains and
regions [19].

e Explainability: Emphasis on dashboards and explainable Al (XAI) ensures public trust and
accountability [20].
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5. Use Case Scenario: Pandemic Response Decision Support

Imagine a scenario where a public health department needs to decide on lockdown measures based on real-
time data. This model would enable:

Ingestion of hospital capacity, infection rates, citizen mobility (via APIs)

Analysis using Al modules for forecasting infection spread

Simulation via scenario modeling in the Decision Engine

Presentation via a dashboard that outlines options with pros/cons

Final decision approved or modified by human decision-makers following policy rules.

This enables fast, evidence-based, transparent decision-making—exactly what public institutions need in
crisis situations.

Experimental Results

1. Overview of Experimentation

To evaluate the real-world applicability of composable Al-augmented architectures, we analyze
experimental studies and field deployments in domains such as public health, urban mobility, and public
service delivery. We also benchmark the performance of composable systems against traditional monolithic
systems in terms of:

Decision latency (speed)
Explainability

User trust

System scalability
Adaptability to policy changes

The experimental results are primarily derived from pilot implementations in Estonia, Singapore, and
Finland, as well as academic simulations using modular Al platforms and federated data systems [22],
[23].

2. Performance Comparison: Composable vs. Monolithic Systems

A cross-national comparative study conducted by Meijer and Grimmelikhuijsen [22] measured the
performance of modular (composable) and monolithic decision support systems in smart city management
tasks, such as traffic congestion prediction, emergency dispatch, and public health alerting.
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Table 1: System Performance Comparison (Smart Governance Use Case)

Metric Monolithic System Composable Al System
Avg. Decision Latency 4.8 seconds 1.9 seconds

Avg. Explainability Score* | 62% 91%

User Trust Rating (0-10) 6.4 8.9

Scalability Index Medium High

Adaptability to  Policy | Low Very High

Change

e Explainability Score based on XAl outputs and HITL feedback.
e Scalability measured by number of services successfully deployed in new domains within 6 weeks.

Key Finding: Composable systems achieved 2.5x faster decisions, significantly improved transparency,
and earned higher user trust, making them suitable for dynamic governance environments [22].

3. Graph: Response Time vs. Policy Complexity

The following graph shows how decision response times are affected by policy complexity (number of
conditional rules) in both composable and monolithic systems.
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Figure 1: Decision Response Time vs. Policy Complexity
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Source: Adapted from Tangi et al., 2020 [23]

X-axis: Number of policy conditions (e.g., if-then rules)
Y-axis: Response time in seconds

Blue line: Monolithic System

Orange line: Composable Al Architecture

Number of Policy | Monolithic System | Composable Al
Conditions Response Time (s) Architecture Response
Time (s)
5 1.8 1.2
10 3.2 1.5
15 5.4 1.8
20 8.9 2.1
25 12.3 2.5
30 17.5 2.9
35 23.4 3.4
40 30.2 4.0

Interpretation: Monolithic systems exhibit exponential degradation in performance with increasing policy
complexity. Composable architectures maintain linear scalability, thanks to distributed orchestration and
modular evaluation engines [23].
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4. Case Study: Al-Augmented Pandemic Response in Finland

During the COVID-19 pandemic, Finland implemented a composable Al system to support public health
decision-making. The system integrated:

Real-time hospital data

Mobility tracking via anonymized telecom data
Federated epidemiological Al models
Interactive dashboards for policy-makers

Table 2: Pandemic Al DSS Deployment Outcomes in Finland

Indicator Before (Manual Process) After (Composable Al
DSS)

Decision Turnaround (avg) | 2.5 days 6 hours

Policy Update Deployment | 5-7 days <1 day

Time

Accuracy of ICU Forecasts | 78% 92%

Public Trust in DSS (Survey) | 58% 86%

Impact: The composable Al system allowed real-time integration of new epidemiological models and fast
adjustments to regional lockdown policies. This enabled data-driven interventions while maintaining public
trust [24].

5. User Feedback: Trust and Transparency

A field study conducted in Singapore's Ministry of Health tested the perception of public officials using Al
DSS platforms. Users were asked to rate systems on trustworthiness, ease of understanding, and perceived
control.

Table 3: User Perception Scores (0-10 Scale)

Category Monolithic DSS Composable Al DSS
Trustworthiness 5.6 8.4
Ease of Understanding 4.8 9.0
Perceived Control 3.9 8.2

Participants cited the modular design, explainable interfaces, and human override mechanisms as the
main reasons for improved scores [25].

6. System Resource Utilization

Composable systems also demonstrated better resource utilization. By dynamically allocating microservices,
they consumed 32% less memory and 41% less processing power under similar workloads, making them
suitable for low-infrastructure environments [26].
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7. Experimental Deployment in Low-Income Regions

The United Nations tested a lightweight, modular Al DSS for food distribution logistics in Rwanda and
Uganda. Results showed:

e 38% faster logistics planning
e 44% reduction in food waste
e High adaptability with local constraints (e.g., road closures, weather)

Conclusion: The modular architecture enabled integration of local data sources and stakeholder preferences
without re-engineering the entire system [27].

Summary of Experimental Insights

e Composable architectures outperform traditional systems in speed, transparency, trust, and
adaptability.

e Field experiments and simulations in countries like Finland, Singapore, and Rwanda prove the
scalability of this approach across different infrastructure and policy settings.

e Modular Al allows continuous integration of new models (e.g., Al for climate risk, health policy),
making systems future-proof.

e Human-centered design increases public and institutional trust, a key success factor in Al adoption
in governance.

Future Research Directions

As governments around the world continue to modernize their digital infrastructure, the fusion of composable
architectures with Al-augmented decision support systems represents a pivotal opportunity to improve
public service delivery, transparency, and resilience. However, several areas still require deeper exploration
and innovation:

1. Standardization and Interoperability

Despite growing interest in modular architectures, there is a notable lack of standards for interoperability
across agencies and regions. Establishing open, government-wide standards for data models, APls, and
Al service interoperability will be essential for achieving scalable and sustainable deployments [28]. For
example, the European Union’s Interoperability Framework for Public Services (EIF) has made progress in
this area, but broader adoption and technical detail are needed.

2. Ethical Al-by-Design Frameworks

While governance structures exist to oversee algorithmic decisions, future systems must embed ethics at the
architecture level, not just as policy overlays. This calls for “Al-by-design” principles that hard-code
fairness, explainability, and accountability into the underlying system components [29]. Ongoing research in
differential privacy, algorithmic transparency, and auditability must be operationalized for real-world
deployments.

3. Adaptive Human-Al Collaboration Models

Public sector decisions are inherently complex, value-laden, and context-specific. Thus, future research must
explore dynamic models of human-Al collaboration, where human oversight adapts to changing risk levels
or decision criticality. Emerging concepts like adjustable autonomy and progressive disclosure in decision
interfaces could redefine how Al supports rather than replaces public servants [30].
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4. Al Resilience and Cybersecurity in Modular Systems

Composable systems increase the attack surface due to multiple APIs, distributed data flows, and
microservices. Research must address how to build cyber-resilient Al DSS, ensuring secure communication,
tamper-proof auditing, and rapid incident response mechanisms in public architectures [31].

5. Cross-Domain Al Composability

Most Al decision systems today are domain-specific, but public challenges (e.g., climate change, pandemics,
urban congestion) are inherently cross-sectoral. Future architectures should support cross-domain Al
composability, enabling knowledge sharing and model transfer between, for example, public health and
transportation systems [32].

Conclusion

This review has explored the rising importance of composable architectures for Al-augmented decision
support in public sector systems. Through an in-depth examination of the literature, real-world deployments,
and experimental results, we have demonstrated that modular, flexible, and human-centric Al systems offer
significant advantages over traditional monolithic approaches. These advantages include:

Faster and more accurate decision-making

Greater transparency and public trust

Higher adaptability to changing policy or contextual needs
Scalability across domains and regions

Despite these gains, challenges remain in the areas of governance, standardization, ethical compliance, and
cybersecurity. As Al continues to evolve, public institutions must co-evolve their decision-making
architectures, embedding flexibility, resilience, and human values at their core.

By embracing composability, governments can shift from reactive governance to proactive, intelligent, and
accountable decision-making, ultimately transforming how public value is created and sustained in the digital
era.
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