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Abstract 

APIs are undergoing a fundamental shift from 

static integration mechanisms toward dynamic, 

AI‑interpretable interaction surfaces. Large 

language models and autonomous agents 

increasingly discover, understand, and 

orchestrate APIs with minimal human 

intervention, reshaping integration paradigms 

across domains. This systematic review (2020–

2026) analyzes emerging AI‑native API 

ecosystems along six dimensions: functionality, 

security, governance, architecture, efficiency, 

and application areas. The findings highlight an 

evolution from conventional REST, SOAP, and 

messaging architectures to adaptive, 

context‑aware, and policy‑driven interface 

models. Concurrently, novel security risks—

such as prompt injection, model manipulation, 

and cascading threats in multi‑layer API 

orchestrations—intensify the need for advanced 

protective controls, including mTLS, OAuth 2.1, 

and zero‑trust governance architectures. A key 

contribution of this work is a taxonomy that 

classifies AI‑driven API ecosystems according to 

autonomy level, governance maturity, 

interoperability, security posture, and energy 

efficiency. The review positions APIs as 

foundational components of intelligent systems 

and offers guidance for research, standardization 

efforts, and the secure deployment of AI‑native 

API architectures. 

 

Keywords: API Ecosystems. Artificial 

Intelligence. Agentic AI. API Security. 

Governance. Interoperability. Energy Efficiency. 

 Resumo 

As APIs estão passando por uma mudança 

fundamental, passando de mecanismos de 

integração estáticos para superfícies de 

interação dinâmicas e interpretáveis por IA. 

Grandes modelos de linguagem e agentes 

autônomos descobrem, compreendem e 

orquestram cada vez mais as APIs com 

intervenção humana mínima, remodelando os 

paradigmas de integração em todos os 

domínios. Esta revisão sistemática (2020-2026) 

analisa os ecossistemas emergentes de APIs 

nativas de IA em seis dimensões: 

funcionalidade, segurança, governança, 

arquitetura, eficiência e áreas de aplicação. 

 As conclusões destacam uma evolução das 

arquiteturas REST, SOAP e de mensagens 

convencionais para modelos de interface 

adaptáveis, sensíveis ao contexto e orientados 

por políticas. Simultaneamente, novos riscos de 

segurança — como injeção de prompt, 

manipulação de modelos e ameaças em cascata 

em orquestrações de API multicamadas — 

intensificam a necessidade de controles de 

proteção avançados, incluindo mTLS, OAuth 2.1 

e arquiteturas de governança zero trust. Uma 

contribuição importante deste trabalho é uma 

taxonomia que classifica os ecossistemas de API 

orientados por IA de acordo com o nível de 

autonomia, maturidade de governança, 

interoperabilidade, postura de segurança e 

eficiência energética. A revisão posiciona as 

APIs como componentes fundamentais dos 

sistemas inteligentes e oferece orientação para 

pesquisa, esforços de padronização e 

implantação segura de arquiteturas de API 

nativas de IA. 
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1 INTRODUCTION 

 

APIs form the backbone of digital platforms across domains such as finance, 

healthcare, public administration, and mobility, enabling interoperability, data exchange, 

and service orchestration at scale [1], [2].  With the rise of large language models (LLMs) 

and agent‑based frameworks, a fundamental shift is underway: APIs are evolving from 

static integration contracts into dynamic, semantically interpretable interaction surfaces that 

AI systems can discover and utilize autonomously [3], [4], [5], [6].  LLM‑driven agents 

increasingly plan, select, and orchestrate tool/API calls—moving from human‑only 

development models toward hybrid or fully autonomous digital actors—which, in turn, 

elevates requirements for transparency, traceability, auditability, and regulatory compliance 

[3], [6]. 

Recent surveys of agentic AI highlight architectures, communication mechanisms, 

memory models, and safety boundaries, while noting persistent gaps in portability, 

reproducibility, evaluation rigor, and robust trust models [3], [4], [7]. In parallel, established 

interface and observability standards continue to mature. For HTTP APIs, studies of 

OpenAPI‑based ecosystems and automated description generation show the consolidation 

of specification‑driven design and tooling that supports adaptive, policy‑aware interfaces 

[8], [9].  For service communication, empirical evaluations consistently find 

gRPC/HTTP‑2—and increasingly HTTP/3/QUIC—delivering latency/throughput 

advantages under microservice loads, informing architectural choices for high‑efficiency 

API stacks [10], [11], [12].  Meanwhile, OpenTelemetry is being adopted as a unified, 

vendor‑neutral instrumentation standard; academic and conference work analyzes semantic 

alignment and deployment trade‑offs, including configuration impacts on overhead and 

stability in distributed systems [13], [14], [15]. 

Regulatory frameworks are also advancing. Scholarly analyses of the EU AI Act 

(Regulation (EU) 2024/1689) examine its risk‑based approach, governance instruments, 
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and interplay with adjacent EU digital legislation [16], [17], [18].  In organizational AI 

governance, ISO/IEC 42001 is emerging as the first AI‑specific management‑system 

standard, with academic commentary and monographs mapping its controls to legal and 

ethical requirements [19], [20].  Complementing these, research proposes maturity models 

and operational guidance that align enterprise practice with the NIST AI Risk Management 

Framework (AI RMF 1.0) [21]. 

Security risks in AI‑native API orchestration are growing. Work on prompt 

injection and multi‑agent cascading attacks demonstrates how adversarial instructions can 

propagate across tools and agents, defeating naive guardrails and causing system‑wide 

disruptions [22], [23], [24].  In response, the literature emphasizes defense‑in‑depth 

controls at the API and transport layers—e.g., mutual TLS (mTLS) for bidirectional service 

authentication, OAuth‑based authorization with modern best practices (e.g., PKCE; 

deprecation of insecure flows), and Zero‑Trust control architectures for continuous 

verification and least‑privilege enforcement [25], [26], [27], [28]. 

Against this backdrop, this work makes five key contributions: 

1. A structured and simplified taxonomy of AI‑driven API ecosystems (Figure 1) that 

classifies systems by autonomy level,  interoperability, governance maturity, 

security posture, and energy efficiency—grounded in recent agentic‑AI surveys and 

tool‑use benchmarks [3], [5], [6] . 

2. A reference architecture unifying OpenAPI‑modeled HTTP endpoints with 

gRPC/HTTP‑3 communication and OpenTelemetry observability, emphasizing 

adaptive, context‑aware, and policy‑driven interfaces [8], [10], [13]. 

3. A governance mapping that systematically compares compliance obligations and 

control families across the EU AI Act, ISO/IEC 42001, and NIST AI RMF—

highlighting alignment and practical adoption pathways [16], [19], [21]. 

4. A synthesis of current security insights on prompt injection, agent tool misuse, and 

technical mitigations spanning mTLS, OAuth‑based authorization, and Zero‑Trust 

reference models [22], [23], [24], [25], [26], [27], [28]. 

5. A PRISMA‑2020‑compliant methodology for a systematic review (2020–2026), 

including documented identification, screening, eligibility, and inclusion criteria 

[29], [30]. 
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Figure 1 

Taxonomy of AI-Driven API Ecosystems (simplified) (Source: Own Representation) 

 
 

2 METHODOLOGY 

 

This work is based on a Systematic Literature Review (SLR) conducted in 

accordance with the PRISMA 2020 guidelines, which define standardized procedures for 

identification, screening, eligibility assessment, and synthesis of scientific evidence [29], 

[30]. The search was executed across leading scholarly databases—including IEEE Xplore, 

ACM Digital Library, SpringerLink, and arXiv—and complemented with curated industry 

white‑paper collections. The search window covered the years 2016 to 2026, with a specific 

analytical focus on 2020–2026, reflecting the rapid acceleration of LLM‑driven agent 

systems, AI‑enabled API ecosystems, and emerging security requirements [3], [4]. In total, 

230 publications were identified; after title/abstract screening, full‑text review, and quality 

appraisal, 92 sources were included in the final synthesis. 

A simplified visualization of the PRISMA flow is shown below (Figure 2). 

 

Figure 2 

PRISMA Flow Diagram (simplified) (Source: Own Representation) 
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2.1 Search strategy 

 

The search strategy consisted of multi‑stage Boolean queries targeting AI‑supported 

API ecosystems, guided by recent advances in API specifications (e.g., OpenAPI), 

high‑performance service communication (e.g., gRPC), and unified observability standards 

(e.g., OpenTelemetry) [8], [9], [10], [11], [13], [14], [15]. 

The core search terms consisted of a combined Boolean expression targeting 

AI‑enabled API ecosystems, formulated as (“API ecosystems” OR “OpenAPI” OR 

“gRPC” OR “OpenTelemetry”) AND (“LLM” OR “agent” OR “autonomous” OR “prompt 

injection”) 

The search was limited to Publications in English, the period 2020–2026, 

scientifically documented or technically substantiated sources (peer‑reviewed studies, 

methodologically transparent preprints, and academically grounded technical reports). 

The documentation of search runs—including identification paths, database filters, 

and exclusion reasons—adhered strictly to PRISMA 2020 requirements [29], [30]. 

 

2.2 Inclusion and exclusion criteria 

 

2.2.1 Inclusion criteria 

 

• Research or technical reports with direct relevance to AI‑supported, AI‑interacting, 

or AI‑dependent API ecosystems, consistent with growing agent‑based and 

tool‑augmented API research [3], [4], [10]. 

• Peer‑reviewed studies, transparent preprints, and high‑quality analytical reports. 

• Works addressing API technologies, LLM–API interaction, autonomous agents, or 

associated governance/security mechanisms, including prompt‑injection‑related 

risks [22], [23] [24]. 

 

2.2.2 Exclusion criteria 

 

• Duplicates or redundant publications, 
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• Purely theoretical works without an API or AI connection, 

• Non‑English publications, 

• Sources lacking methodological transparency or traceability. 

 

2.3 Data extraction and quality assessment 

 

Data extraction was performed by two independent reviewers, capturing: 

• Publication year and type, 

• Thematic category and research domain, 

• API technologies employed (e.g., OpenAPI, gRPC, telemetry systems), 

• Underlying AI models or agent architectures, 

• Evaluation methods, risks, and reported system properties. 

Quality assessment followed a PRISMA‑compliant evaluation scheme, 

emphasizing: 

• Methodological transparency, 

• Reproducibility, 

• External validity and transferability, 

• Clear articulation of assumptions and limitations. 

This framework aligns with rigor standards commonly applied in AI‑driven agent 

research, observability studies, and microservice/API evaluation literature [10], [13], [14], 

[15]. 

 

2.4 Synthesis method 

 

Synthesis followed a qualitative thematic approach across the major categories: 

• Functionality, 

• Security, 

• Governance, 

• Architecture, 

• Efficiency, 

• Cross‑domain applications. 
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Due to the inherent heterogeneity among included studies—stemming from diverse 

technologies, evaluation methodologies, and maturity levels—no meta‑analysis was 

conducted. Instead, all sources were organized into qualitative clusters to reveal structural 

patterns and research trajectories, as recommended in contemporary reviews of LLM‑based 

agents, API specification ecosystems, and prompt‑injection security research [3], [8], [23], 

[22], [24]. 

Aggregated results from identification, title/abstract screening, and full‑text 

assessment are summarized in (Table 1). 

 

Table 1 

Review Summary Table (Source: Own Representation) 

Category Description 

Review Type Systematic Literature Review (SLR) following PRISMA 2020 [29], [30] 

Databases / 

Sources 

IEEE Xplore, ACM Digital Library, SpringerLink, arXiv, curated white-paper 

repositories 

Timeframe Initial coverage 2016–2026; focused analytical window 2020–2026 [3], [4] 

Identified Sources 230 publications 

Included Studies 92 studies after screening and quality evaluation 

Search Strtegy Boolean queries targeting API ecosystems & LLM-/agent-based systems [3], [8], 

[15], [23], [22], [24] 

Inclusion Criteria Peer-reviewed or technically rigorous sources on AI-supported API ecosystems 

ExclusionCriteria Duplicates, non-relevant theoretical work, non-English publications, insufficient 

methodology 

Data Extraction Conducted by two independent reviewers; extracted metadata, technologies, AI 

models, evaluation methods 

Quality 

Assessment 

PRISMA-aligned scheme emphasizing transparency, reproducibility, external 

validity 

Synthesis Qualitative thematic synthesis; no meta-analysis due to heterogeneity 

 

3 EVOLUTION OF API ECOSYSTEMS IN THE AGE OF AI 

 

The development of modern API ecosystems can be divided into three major 

evolutionary phases, each shaped by technological paradigm shifts, changing interaction 

models, and new requirements for flexibility, security, and governance. Recent academic 

literature confirms that the evolution of APIs increasingly intersects with advances in 

large language models (LLMs), agentic AI, and semantically enriched interface design 

[31], [32], [33], [34]. 
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3.1 Phase 1: classical API architectures 

 

In the first evolutionary phase, established architectural patterns such as REST, 

SOAP, and message‑oriented services dominated. These interfaces relied on static 

schemas, manually written documentation, and direct, largely manual interaction between 

developers and systems. Although these APIs were robust and stable, they exhibited clear 

limitations regarding dynamism, adaptivity, and semantic interpretability. Academic 

analyses of early API evolution emphasize that changes typically required extensive 

manual adjustments, making integration processes time‑consuming and error‑prone [35], 

[36]. 

 

3.2 Phase 2: AI‑augmented API ecosystems 

 

The second phase marks the transition toward AI‑assisted API landscapes, where 

machine learning is applied to optimize traditional processes. Key developments include: 

• Automatically generated documentation, often based on code analysis or log 

extraction, consistent with recent research on LLM‑supported specification 

comprehension [31]. 

• Model‑based test generation and continuous quality monitoring. 

• Anomaly detection in API operations enabled through ML‑based telemetry 

analysis, aligning with current work on OpenTelemetry‑driven observability [13], 

[14]. 

APIs increasingly operate as data‑driven system nodes whose behavior is 

dynamically analyzed, predicted, and optimized, evolving from static integration artifacts 

into active components of intelligent platform architectures. 

 

3.3 Phase 3: AI‑native API ecosystems 

 

The current developmental phase is characterized by the emergence of AI‑native 

API ecosystems—environments designed from the ground up for AI‑driven interactions. 

In these settings, large language models (LLMs) and agentic systems do not merely 
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consume API specifications; they can autonomously interpret, extend, modify, and 

orchestrate them. Recent empirical studies demonstrate that LLMs can internalize 

OpenAPI semantics, generate structurally consistent flows, and maintain schema 

adherence through constrained decoding [34]. 

Characteristic features of this phase include: 

• Autonomous inference of missing structural elements in API specifications. 

• Generation of semantically enriched interfaces. 

• Multi‑stage workflow orchestration without direct human control. 

• Context‑sensitive planning and dynamic parameter adaptation. 

• Real‑time enforcement of policies and governance rules by AI agents, reflecting 

modern agent architecture taxonomies [32], [33]. 

APIs shift from passive connectors to active interaction surfaces for autonomous 

systems that plan and execute complex task chains. 

 

3.4 Technological convergence and architectural transformation 

 

Parallel to functional evolution, the technical layers of API architectures are also 

changing. Alongside REST and GraphQL, AI‑specific endpoints are emerging that: 

• accept natural language as an interface, 

• generate context‑dependent responses, 

• encode semantic interaction patterns. 

This shift aligns with recent industry analyses predicting that over 30% of API 

demand growth by 2026 will originate from LLM‑ and AI‑enabled systems [37]. 

Components such as model serving, prompt processing, and intelligent request routing 

lead to entirely new architectural patterns. Economically, APIs are transforming into 

AI‑powered value‑added services, whose usage increasingly depends on computational 

cost, model complexity, and adaptive pricing strategies. 

 

3.5 Agentic AI and multi‑agent ecosystems 

 

A key development is the proliferation of agentic AI, giving rise to ecosystems in 
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which multiple models or agents: 

• cooperate, 

• autonomously plan API call chains, 

• jointly develop problem‑solving strategies. 

Research on multi‑agent architectures highlights that such systems require new 

forms of coordination, safety, and performance measurement [32], [33]. This leads to 

increased demand for: 

APIs have become critical infrastructure components that not only exchange data 

but increasingly mediate and control autonomous decision‑making across interconnected 

agent systems. 

 

4 AI-ENHANCED API FUNCTIONALITIES 

 

AI-enhanced API functionalities fundamentally reshape how interfaces are 

interpreted, executed, and orchestrated. Modern large language models (LLMs) 

increasingly assume tasks that traditionally required human analytical reasoning—such 

as decision logic, schema comprehension, and multi-step integration planning—as 

documented in recent research on LLM function calling and agentic API reasoning [38], 

[39]. 

 

4.1 LLM-based function calling and semantic intent interpretation 

 

LLM-based function calling enables the translation of natural-language 

instructions into machine-structured API operations. Studies show that LLMs 

autonomously infer parameters, validate inputs, complete missing fields, and design 

multi-step workflows. The AsyncLM system demonstrates that asynchronous function 

calling reduces end-to-end latency by 1.6× to 5.4× and supports concurrent tool 

execution, significantly improving over synchronous approaches [40]. 

Fine-tuned models trained on OpenAPI-derived flows also exhibit strong 

structural adherence: they implicitly learn API constraints and outperform NER- and 

RAG-based baselines across both in-distribution and out-of-distribution scenarios [34]. 
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Complementary research shows that specialized prompting formats, 

instruction-following data, and decision-token mechanisms further boost the reliability 

and multilingual robustness of LLM function-calling systems [41]. 

These advances support context-adaptive and semantically coherent API 

interactions in which LLMs dynamically tailor operations to user intent, system state, and 

domain constraints. 

 

4.2 Semantic schema inference and structural completion 

 

A defining capability of AI-native API ecosystems is semantic schema inference. 

Human-in-the-loop frameworks such as LLMs4SchemaDiscovery show that LLMs can 

extract and refine complex schema structures from unstructured text, subsequently 

grounding them in domain ontologies through agent-based alignment workflows [42], 

[43]. 

Schema matching experiments indicate that LLMs accurately detect semantic 

correspondences between schema attributes using names and descriptions alone, 

surpassing similarity-based baselines and reducing manual verification overhead [44]. 

Further evidence comes from schema-inference research on heterogeneous tabular 

datasets. SI-LLM, for example, can derive hierarchical type structures, attributes, and 

relationships using only column headers and sample values, yielding results competitive 

with or superior to traditional schema-learning techniques [45]. 

These developments transform APIs from static syntactic artifacts into semantic, 

machine‑interpretable, and self‑healing interfaces capable of detecting and correcting 

inconsistencies. 

 

4.3 Adaptive and context-dependent interface behaviors 

 

Adaptive APIs dynamically adjust parameters, field granularity, and response 

structures based on contextual signals such as authorization roles, governance policies, 

system load, and deployment environment. Research on human-in-the-loop evaluation 

frameworks for LLM-integrated applications emphasizes the necessity of 

context-sensitive and adaptive testing processes to ensure reliability across varied 
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operational conditions [46]. 

As a result, modern API ecosystems support differentiated behavior across human 

users, autonomous agents, and distributed backend systems, extending classical API 

interaction models. 

 

4.4 Generative endpoints and intelligent middleware functionalities 

 

Generative endpoints blend traditional deterministic operations with 

LLM-powered reasoning, enabling APIs to generate semantically enriched, 

context-dependent, and dynamically transformed outputs. 

Simultaneously, middleware systems are becoming increasingly intelligent. 

Research on AI-augmented middleware demonstrates how integration layers can 

proactively analyze signals, predict failures, optimize routing, and orchestrate distributed 

workflows [47]. 

Key intelligent capabilities include: 

• Model selection and routing based on task profile or governance constraints, 

aligning with modern AI gateway architectures [48] 

• Context expansion via retrieval and memory augmentation 

• Predictive caching and response optimization 

• Real-time policy enforcement, as highlighted in large-scale AI governance studies 

[49]. 

Through this shift, APIs become intelligent interaction layers—shaped by context, 

guided by policy, and integrated into ecosystems that learn and adapt. 

 

5 AUTONOMOUS AGENTS AND API INTERACTION 

 

Autonomous agents fundamentally expand API ecosystems by shifting from 

merely consuming interfaces to actively discovering, interpreting, and coordinating them. 

Recent research shows that large language models (LLMs) can operate as autonomous 

agents capable of interpreting instructions, reasoning over specifications, and managing 

sequential tool‑enabled tasks [50]. These agents automatically analyze API specifications, 
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derive internal representations of tools or functions, and autonomously plan multi‑step 

workflows across multiple endpoints. Central to this capability are semantic 

understanding of interface logic and dynamic contextualization, both of which support 

situationally appropriate decision‑making [4], [50], [51]. 

 

5.1 Automatic derivation and use of internal tool models 

 

Modern agent architectures detect available APIs, extract their properties, and 

derive internal tool models that encode parameters, preconditions, states, and expected 

effects. LLM‑based agents increasingly use structured tool‑calling pipelines that allow 

them not only to follow static documentation but to act adaptively based on environmental 

feedback [50]. Research on tool‑using LLM agents highlights their ability to select 

alternative execution paths, self‑correct failure states, and iteratively optimize processes 

through feedback loops, improving both stability and efficiency [50], [51] [52], [53]. 

 

5.2 Coordination in multi‑agent systems 

 

A major evolution in this field is the development of multi‑agent systems (MAS), 

in which multiple specialized agents collaborate via coordinated communication 

protocols and shared context structures. Surveys of multi‑agent LLM systems emphasize 

the growing importance of agent‑to‑agent negotiation, collective deliberation, and 

distributed planning to enable complex problem solving [52]. Multi‑agent research also 

identifies challenges in allocating tasks, managing layered context, and maintaining 

consistency and safety across agents with different roles [52]. Such systems allow 

cooperative problem solving, flexible scaling, and robust distribution of complex tasks 

[54], [55]. 

 

5.3 Security and governance challenges 

 

As autonomy increases, new safety and governance challenges arise. Agentic 

systems introduce risks such as unintended or unauthorized API actions and complex 

failure modes. Security research shows that agentic AI systems require layered 
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governance structures to mitigate threats, including adversarial manipulation, 

coordination failures, and misuse of tool‑access capabilities [56]. Scholars emphasize 

safeguards such as whitelisting, controlled tool permissions, human‑in‑the‑loop 

verification for high‑risk actions, isolated execution environments, and post‑hoc 

validation of results and side effects [56]. Risk assessments of multi‑agent autonomous 

systems highlight that system trustworthiness depends not only on classic security 

properties but also on preserving behavioral alignment and preventing cascading failures 

across agent layers [56], [54], [56]. 

Different agentic frameworks—whether deterministic, deliberative, or 

message‑oriented—exhibit trade‑offs in speed, control, and safety. The choice of 

architectural model therefore strongly influences resilience and trustworthiness in 

API‑centric AI systems [52], [56], [57]. 

 

6 SECURITY: CHALLENGES AND OPPORTUNITIES 

 

The integration of AI‑based components—particularly large language models 

(LLMs)—into API ecosystems introduces an expanded and qualitatively new class of 

security risks. Unlike deterministic rule‑based systems, LLMs behave context‑sensitively, 

making them vulnerable to manipulated inputs that can trigger unexpected or harmful 

behavior. Recent studies show that agentic and multi‑agent LLM systems amplify these 

risks by enabling autonomous API actions that propagate through entire toolchains and 

execution pipelines, creating system‑wide vulnerabilities [23], [24], [56]. 

 

6.1 Prompt injection attacks 

 

Prompt injection represents one of the most severe threats to AI‑augmented API 

systems. Research demonstrates that maliciously crafted inputs can induce LLMs to 

ignore safety constraints, execute unauthorized operations, leak sensitive information, or 

even override internal agent logic [23], [58], [59]. In multi‑agent environments, the threat 

escalates significantly: compromised prompts can propagate between agents in a viral 

manner, triggering cascading API calls and multi‑step exploit chains that bypass 

conventional protection mechanisms [23], [24]. 
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6.2 Tool and API poisoning 

 

Tool poisoning attacks target not the model itself, but the schemas, metadata, or 

tool representations used by agents to interact with APIs. Academic analyses highlight 

that subtle manipulation of tool specifications can cause agents to misinterpret 

parameters, violate preconditions, skip validation steps, or execute unintended actions 

[58], [60]. Because many agentic systems dynamically generate internal tool models at 

runtime, even small deviations can significantly alter system behavior and reliability [59], 

[60]. 

 

6.3 Cross‑API exploit chains 

 

An additional threat category arises from cross‑API exploit chains, where 

attackers combine vulnerabilities across multiple APIs to construct complex multi‑stage 

attack paths. Studies on agentic AI threat modeling emphasize that autonomous agents—

especially those that independently plan API sequences—are highly susceptible when 

validation pipelines are insufficient, execution environments are weakly isolated, or 

telemetry is not centrally correlated [56], [60], [61]. Such chained exploits often evade 

traditional security systems, which fail to recognize multi‑API cascades as a unified 

attack. 

 

6.4 Defense‑in‑depth approaches 

 

Mitigating these threats requires a layered defense strategy. Core defensive 

measures identified in recent security frameworks include strict input validation, context 

sanitization, isolation of agent memory and execution contexts, whitelisting of tools and 

permissible API operations, post‑execution validation of critical actions, and continuous 

telemetry monitoring using metrics, traces, and logs [58], [61], [62]. Modern trust models 

further strengthen security with mechanisms such as mTLS for end‑to‑end trust, OAuth 

2.1 for fine‑grained authorization, and zero‑trust architectures that validate each request 

independently of source or context [61], [62]. 
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6.5 AI‑supported defensive mechanisms 

 

As system complexity increases, AI‑driven defense mechanisms gain importance. 

Machine‑learning‑based anomaly detection, adaptive throttling, risk‑scoring models that 

evaluate agent or client behavior, and behavior‑based policy‑enforcement engines allow 

real‑time adaptation to evolving attack patterns. Academic work highlights that these 

techniques enable earlier detection of atypical patterns and improve resilience against 

novel or emerging adversarial techniques, particularly in autonomous and agentic AI 

environments [56], [62], [63]. 

 

7 GOVERNANCE, COMPLIANCE, AND ETHICS 

 

Governance frameworks are becoming increasingly important in AI‑enabled API 

ecosystems, as autonomous and semi‑autonomous systems must comply not only with 

technical but also regulatory, organizational, and ethical requirements. With the 

proliferation of agentic AI, the need to ensure transparency, traceability, accountability, 

and control across the entire lifecycle of APIs, models, and interactions is rising 

significantly [16], [64]. 

 

7.1 Regulatory foundations: EU AI act 

 

The EU AI Act (Regulation (EU) 2024/1689) establishes a risk‑based regulatory 

model that is directly relevant for AI‑supported API interactions. Recent academic 

analyses emphasize the Act’s proactive, rights‑preserving orientation and its implications 

for autonomous decision‑making systems [16], [65]. 

High‑risk systems are subject to stringent requirements, including: 

• comprehensive technical documentation and data‑quality evidence [64], 

• transparency obligations regarding system logic and decision‑making grounds 

[16], 

• continuous logging and monitoring mechanisms [64], 

• human oversight (“human‑in‑the‑loop/on‑the‑loop”) [16], [64], [65]. 



Félix Témolé & Desislava Atanasova 17              
 

 

Veredas do Direito, v.23 n.4, e234344 – 2026 

Veredas do Direito, v.23 n.2, e23xxx – 2026 

In agentic API ecosystems, these requirements apply particularly to automated 

decision processes, adaptive interfaces, and model‑driven orchestration logic that may 

surpass regulatory thresholds. 

 

7.2 AI management systems: ISO/IEC 42001:2023 

 

ISO/IEC 42001:2023 defines an Artificial Intelligence Management System 

(AIMS) that helps organizations establish robust governance structures for AI. Academic 

studies show that the standard provides essential mechanisms for ensuring transparent, 

fair, unbiased, and secure AI operations [66], [67]. 

Key requirements include: 

• clearly defined roles and accountability structures [66], 

• risk‑based assessment and control mechanisms [67], 

• audit and verification procedures [66], 

• policies for documentation, monitoring, and traceability of AI components [67]. 

For API ecosystems, this means that model and API versions, evaluation methods, 

test protocols, and interaction paths must be documented comprehensively and be fully 

manageable in accordance with AIMS specifications [66], [67]. 

 

7.3 Practical risk management: NIST AI RMF 

 

The NIST AI Risk Management Framework (AI RMF) adopts a strongly 

practice‑oriented approach and is structured into four core functions: 

• MAP — identification and contextualization of risks, 

• MEASURE — collection, analysis, and evaluation of metrics and risks, 

• MANAGE — implementation of effective mitigation and control measures, 

• GOVERN — establishment of organization‑wide responsibilities and governance 

structures. 

The RMF supports consistent risk detection and management across the lifecycle 

of models, APIs, and agentic interactions. Recent research emphasizes the importance of 

transparency requirements, documentation of risk and quality metrics, and ensuring 
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human intervention capabilities, particularly for generative and autonomous AI 

deployments [68], [69]. 

 

7.4 Ethics: fairness, responsibility, and control of autonomous systems 

 

As the autonomy of AI agents increases, ethical considerations become more 

prominent. Autonomous systems now make decisions that were previously reserved 

exclusively for humans, leading to growing expectations regarding: 

• fairness and non‑discrimination [70], [71], 

• reproducibility of decisions [70], 

• data ethics and principles of data minimization [71], 

• auditability and explainability of decision processes [70], 

• robust control mechanisms that detect and correct erroneous decisions early [71]. 

Research on ethical AI in autonomous systems underscores the importance of 

explainability, bias mitigation, stakeholder engagement, and accountability frameworks 

to ensure responsible integration and governance [70], [71]. Agentic systems must 

therefore be designed to maintain human oversight at all times, enabling immediate 

intervention—especially in high‑critical API interactions [69], [70]. Moreover, the three 

major governance frameworks discussed above—the EU AI Act, ISO/IEC 42001:2023, 

and the NIST AI RMF—offer complementary yet distinct approaches to managing 

AI‑related risks. Together, they provide a multilayered foundation for responsible AI 

operations, regulatory and organizational compliance, and the embedding of 

human‑centric controls, as summarized in the crosswalk table below (Table 2). 

 

Table 2 

Governance Crosswalk (Source: Own Representation) 

Governance 

Dimension 

EU AI Act ISO/IEC 42001:2023 NIST AI RMF 

Scope / Purpose Legally binding risk-based 

regulation for AI systems 

Organizational AI 

Management System 

(AIMS) for 

responsible AI 

operations 

Voluntary risk 

management guidance 

for trustworthy AI 

Risk 

Classification 

Explicit risk tiers 

(unacceptable, high-risk, 

Requires risk 

assessment processes 

MAP + MEASURE 

steps identify and 
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limited-risk) but does not define 

legal tiers 

quantify risks 

dynamically 

Documentation 

Requirements 

Mandatory technical 

documentation, data quality 

evidence 

Systematic 

documentation of 

models, APIs, 

versions, testing, and 

monitoring 

Documentation 

recommended as part 

of risk measurement 

and governance 

Transparency & 

Explainability 

High-risk systems must 

disclose logic, capabilities, and 

limitations 

Requires transparency 

policies for AI 

components 

Transparency required 

through risk 

characterization and 

governance 

Monitoring & 

Logging 

Continuous monitoring and 

logging obligations 

Ongoing monitoring 

and auditability 

processes 

MEASURE + 

MANAGE require 

tracking performance, 

risks, and failures 

Human 

Oversight 

Mandatory for high-risk 

systems 

(“human-in/on-the-loop”) 

Requires governance 

roles ensuring human 

oversight 

Human intervention 

embedded in 

Govern/Manage 

functions 

Ethics & 

Fairness 

Focus on rights protection, 

non-discrimination 

Ethical governance 

embedded in AIMS 

policies 

Fairness and 

harm-mitigation 

considered core risk 

categories 

Operational 

Integration 

Applies to providers, 

importers, deployers 

Applies to 

organizations 

implementing AI 

solutions 

Applies across AI 

lifecycle and 

organizational contexts 

Compliance 

Mechanism 

Regulatory enforcement, 

penalties for non-compliance 

Certification and 

internal audit 

Self-assessment and 

alignment with best 

practices 

 

8 ARCHITECTURE AND INTEROPERABILITY 

 

Modern API architectures are evolving from statically defined interfaces toward 

context‑sensitive, semantically enriched, AI‑supported interaction models. This shift is 

essential for autonomous systems that not only consume but also interpret, augment, and 

dynamically orchestrate API specifications [72], [73]. 

 

8.1 Extended interface specifications: OpenAPI 3.2 

 

OpenAPI 3.2 represents a significant advancement in machine‑interpretable 

interface description standards. The specification introduces: 

• hierarchical tagging, 

• streaming media types for continuous data flows, 

• additional operation types to model interactions more flexibly, 
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while maintaining full backward compatibility with OpenAPI 3.1 [72], [74]. 

These enhancements simplify the structuring of complex API landscapes and help 

AI models better understand semantic dependencies between endpoints—an essential 

advantage for autonomous agents and LLM‑driven workflows [72], [74]. 

 

8.2 gRPC over HTTP/3: efficiency in distributed systems 

 

The adoption of gRPC over HTTP/3 (QUIC) marks another milestone. 

Transitioning from HTTP/2 to HTTP/3 enhances: 

• latency, 

• connection stability, 

• multiplexing efficiency, 

• tolerance to packet loss, 

• especially in distributed environments, mobile networks, and data‑intensive 

architectures [75], [76]. 

Research shows QUIC reduces connection setup time, avoids head‑of‑line 

blocking, and supports seamless connection migration—benefits that are crucial for 

high‑frequency AI‑based API interactions [12], [76]. Experimental evaluations 

demonstrate significant latency and throughput improvements in gRPC deployments 

when HTTP/3 is used, making it increasingly considered best practice [75], [76]. 

 

8.3 OpenTelemetry: observability for AI‑native API systems 

 

As API interactions become increasingly automated, the demand for 

comprehensive observability rises sharply. OpenTelemetry is gaining importance in 

AI‑native architectures by standardizing: 

• tracing, 

• metrics, 

• logging, 

across organizational and infrastructural boundaries [77], [78]. 

In combination with AI‑augmented endpoints, OpenTelemetry enables detailed 
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analysis of: 

• model decisions, 

• prompt chains, 

• agent interactions, 

• routing paths and orchestration logic, 

which is vital for auditability, fault tolerance, risk assessment, and regulatory 

compliance [77], [79]. 

 

8.4 Architectural patterns and interoperability in AI ecosystems 

 

AI‑enabled API systems employ various architectural paradigms, including: 

• microservices for modular and scalable services, 

• serverless models for event‑driven execution, 

• specialized model‑serving platforms supporting LLMs and ML pipelines [80], 

[81]. 

A critical challenge arises from ensuring interoperability among heterogeneous 

models, such as: 

• closed‑weight proprietary models, 

• open‑weight transparent models, 

• multi‑model architectures like Mixture‑of‑Experts systems [80], [82]. 

AI‑ and agent‑based systems require consistent standards for: 

• cross‑model orchestration, 

• error handling and rollbacks, 

• policy enforcement, 

• versioning of semantic interfaces [81], [82]. 

Only with such interoperability and governance mechanisms can AI‑driven API 

ecosystems remain reliable, scalable, and compliant with regulatory expectations [80], 

[81], [82]. 
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9 EFFICIENCY, PERFORMANCE, AND SUSTAINABILITY 

 

The increasing integration of AI—particularly large language model (LLM)‑based 

components—into API ecosystems results in substantially higher demands for 

computational capacity, latency optimization, and energy efficiency. Model inference, 

agent‑based orchestration, and complex API workflow chains cause elevated resource 

consumption, making systematic optimization across infrastructure, model, and 

application layers indispensable [72], [74]. 

 

9.1 Model inference: energy and latency intensity of large language models 

 

LLM inference remains one of the most resource‑intensive processes in modern 

AI systems. Overall energy demand grows with factors such as: 

• model size (number of parameters), 

• context length (prompt and token window), 

• parallel request execution, especially in multi‑agent environments. 

Efficiency‑enhancing techniques—including model distillation, quantization, and 

structured compression—reduce computational load by providing smaller, optimized 

model variants while preserving key functional capabilities. These techniques 

significantly improve ecological footprint and scalability in agentic systems [72], [73]. 

Moreover, observability frameworks such as OpenTelemetry make inference 

performance bottlenecks and inefficiencies visible through granular traces and metrics, 

which supports data‑driven optimization of energy‑intensive AI operations [77], [78], 

[79]. 

 

9.2 Edge inference and caching: reducing latency and energy consumption 

 

Edge inference is gaining importance for API‑driven agent systems that must: 

• make rapid decisions, 

• meet low‑latency requirements, 

• or continuously process sensor data. 
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Local model execution substantially reduces network latency and data‑transfer 

overhead. Complementary caching strategies—such as reusing previous computation 

paths or storing prompt representations—further reduce redundant model calls and lower 

the energy cost per request. These caching patterns are aligned with efficiency‑focused 

microservice research showing that localized computation improves responsiveness and 

resource efficiency in distributed environments [80], [81]. 

 

9.3 Orchestration in multi‑agent systems 

 

Multi‑agent systems increase architectural complexity and have a significant 

impact on overall energy usage. Major inefficiencies stem from: 

• repeated or overlapping model calls, 

• redundant planning steps, 

• extended or non‑optimized API call chains. 

Energy‑optimized orchestration strategies include: 

• prioritization of agent chains to activate only relevant models, 

• routing schemes that minimize computational load, 

• reduction of redundant interactions through cached intermediate results, 

• dynamic load distribution across models. 

Studies on AI‑supported microservices show that optimized orchestration and 

adaptive system behavior reduce computational overhead, latency, and energy 

consumption while enhancing operational robustness [81], [82]. 

 

9.4 Transport protocols: efficiency gains through HTTP/3 

 

Modern transport protocols contribute significantly to performance and energy 

optimization. 

HTTP/3, built on QUIC, offers: 

• reduced latency via faster handshakes, 

• robust multiplexing without head‑of‑line blocking, 

• higher stability under packet loss, 
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• more efficient connections in unstable or variable network conditions [12], [75], 

[76]. 

Empirical evaluations of QUIC‑based gRPC communication demonstrate 

measurable improvements in throughput and latency compared to HTTP/2, supporting 

more energy‑efficient communication patterns for AI‑heavy architectures that depend on 

high‑frequency API calls [12], [76]. 

 

9.5 OpenTelemetry: data‑driven optimization of efficiency and sustainability 

 

OpenTelemetry provides deep, system‑wide observability by capturing: 

• performance data (latency, throughput, error rates), 

• model invocation and inference patterns, 

• agent interactions and routing decisions, 

• cross‑system resource utilization paths [77], [78], [79]. 

This telemetry supports data‑driven optimization strategies such as: 

• dynamic scaling of models, 

• identification of inefficient API sequences, 

• energy profiling of agents or workflows, 

• automated recommendations for more resource‑efficient execution paths. 

Due to its standardized tracing, metrics, and logging capabilities, OpenTelemetry 

has become a foundational component in building sustainable and 

performance‑optimized AI‑driven API ecosystems [78], [79]. 

 

10 CROSS-DOMAIN APPLICATIONS AND CASE STUDIES 

 

AI‑enabled API ecosystems are increasingly widespread across societal and 

industrial domains. Autonomous API interactions and agent‑driven workflows unlock 

substantial efficiency gains but simultaneously introduce new requirements regarding 

security, regulation, transparency, and accountability. The analysis of the public sector, 

healthcare, financial services, and mobility demonstrates domain‑specific opportunities 

and risks [83], [84]. 
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10.1 Public sector: compliance, transparency, and auditability 

 

In the public sector, compliance, traceability, and rule‑conformant execution are 

paramount. Agent‑based systems increasingly orchestrate automated workflows such as: 

• approval workflows, 

• document classification and verification, 

• rule‑based decision processes in administrative environments. 

Research on AI adoption in government underscores that transparency, 

auditability, interoperability, and strong governance frameworks are essential to prevent 

systemic risks and maintain public trust [83], [84]. Strict regulatory requirements—

particularly the EU AI Act—necessitate comprehensive audit trails, robust policy 

controls, and transparent decision‑making mechanisms. 

Additionally, safety concerns such as prompt injection or erroneous model 

reasoning can directly affect administrative decisions, reinforcing the need for rigorous 

validation, continuous monitoring, and mandatory human oversight [84], [85]. 

 

10.2 Healthcare: safety, privacy, and clinical validity 

 

AI‑enabled API endpoints are increasingly used in healthcare for: 

• diagnostic decision support, 

• analysis of medical imaging and sensor data, 

• patient‑context interpretation in clinical information systems. 

However, healthcare‑specific risks are substantial. Empirical analyses show that 

LLM‑based systems introduce new failure modes such as hallucinations, schema 

manipulation, or unsafe content generation, which may compromise patient safety [86], 

[87]. 

Healthcare researchers emphasize that unsafe or unvalidated AI interactions—

especially through APIs that connect to electronic health records or diagnostic tools—can 

result in data‑privacy breaches, clinical misinterpretations, or patient harm [86], [87], 

[88]. Consequently, these systems require: 

• strict multi‑layer validation, 
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• role‑based access control, 

• model‑ and API‑specific audit trails, 

• continuous monitoring of sensitive data flows [87], [88]. 

 

10.3 Financial sector: transparency, risk management, and regulatory control 

 

In finance, AI‑based API interactions are becoming integral for: 

• regulatory reporting, 

• fraud detection, 

• risk assessments and compliance analytics. 

Academic research on AI‑driven financial risk management highlights that 

multi‑agent architectures can identify complex transactional patterns, coordinate 

verification pathways, and correlate events across distributed services [89], [90]. 

Regulators increasingly mandate transparency, explainability, and reproducibility 

of model‑driven decisions. Studies show that financial risk‑management frameworks 

require: 

• transparent model behavior, 

• traceability of API decision flows, 

• strong auditability guarantees, 

• clearly defined human accountability in autonomous agent deployments [89], 

[90], [91]. 

The financial sector therefore remains one of the most tightly regulated areas for 

AI governance due to its systemic importance. 

 

10.4 Mobility: real‑time performance, safety, and energy efficiency 

 

In the mobility sector—especially autonomous and semi‑autonomous systems—

APIs constitute the backbone for: 

• real‑time communication, 

• sensor fusion, 

• situational routing, 
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• vehicle and traffic coordination. 

Recent research in autonomous mobility shows that agent‑based AI systems must 

coordinate sensor streams, control logic, and environmental models at millisecond 

timescales, requiring continuous safety validation and robust failover designs [92], [93]. 

The integration of LLM‑based decision modules in autonomous driving 

introduces new safety challenges related to real‑time reasoning, interpretability, and 

regulatory compliance. Studies highlight the need for: 

• strong safety validation frameworks, 

• secure policy enforcement, 

• energy‑efficient model execution at the edge, 

• consistent interoperability across vehicle, infrastructure, and cloud APIs [92], 

[93], [94]. 

Due to the direct physical consequences of incorrect or manipulated API 

interactions, mobility remains one of the most sensitive AI deployment domains. 

Across all examined domains, AI‑enabled API ecosystems provide significant 

potential for efficiency, automation, and data‑driven decision‑making. However, a 

trustworthy and safe deployment can only be ensured when: 

• strict security mechanisms, 

• comprehensive audit and logging procedures, 

• domain‑specific governance structures, 

• and mandatory human oversight 

• are consistently implemented. 

 

11 TAXONOMY OF AI-DRIVEN API ECOSYSTEMS 

 

This section introduces a multidimensional taxonomy that enables systematic 

classification, comparison, and capability assessment of AI‑driven API ecosystems (Table 

3). The taxonomy comprises five central dimensions that determine how effectively, 

securely, interoperably, and sustainably APIs can be deployed within agent‑based 

systems. These dimensions reflect insights from contemporary research on AI 

governance, interoperability, predictive security, microservice automation, and 
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autonomous decision‑making [83], [84], [86], [92], [93], [95]. 

 

11.1 Degree of autonomy 

 

The degree of autonomy describes a continuum from human‑driven interactions 

to agent‑guided and fully autonomous API orchestration: 

• Human‑guided: Decisions and API usage are executed explicitly by human users 

or developers. 

• Agent‑guided: Agents generate recommendations, plan interaction paths, and 

support human decision processes—similar to emerging agentic orchestration 

models discussed in AI governance research [83], [84]. 

• Fully autonomous: Systems independently orchestrate API chains, make decisions 

without human intervention, and adapt strategies contextually, reflecting 

autonomous AI system behaviors studied in mobility, finance, and microservices 

automation [92], [93]. 

This dimension reflects the progressive delegation of cognitive and operational 

tasks to autonomous agents, a trend consistently highlighted across sectors adopting 

AI‑based automation [83], [86]. 

 

11.2 Interoperability 

 

Interoperability is assessed along a spectrum: 

• Syntactic interoperability: Compatibility at schema, structural, and protocol 

level—essential for basic cross‑service communication. 

• Semantic interoperability: Meaning‑aligned representations of entities and 

relations, vital for consistent contextual understanding in AI systems [95]. 

• Adaptive interoperability: Context‑aware adjustment of parameters, workflows, 

and data, enabling dynamic interpretation and autonomous decision‑making in 

complex ecosystems [84]. 

Research in cross‑domain AI governance and healthcare AI emphasizes that 

semantically adaptive interoperability is crucial for safe and explainable AI behavior at 
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scale [86], [95]. 

 

11.3 Governance maturity 

 

Governance maturity reflects the extent of organizational and technical control 

over AI‑driven API interactions: 

• Manual governance: Human‑directed policy reviews and documentation, 

currently common in early‑stage public sector AI deployments [83]. 

• Policy‑driven governance: Automated policy checks, access controls, and 

compliance mechanisms—aligned with modern AI risk‑management frameworks 

[84], [86]. 

• Self‑enforcing governance: AI‑supported evaluation, automated revisions, and 

continuous auditing—a model consistent with advanced autonomous system 

governance proposed in emerging research [93], [95]. 

Highly mature governance is required to detect risks early, maintain compliance, 

and ensure transparency in agentic systems [83], [84]. 

 

11.4 Security level 

 

Security maturity progresses across: 

• Static security: Traditional validation, schema checking, and authentication. 

• Behavior‑based security: Pattern recognition, anomaly monitoring, and 

telemetry‑based analysis—the latter strongly recommended in healthcare and 

public sector AI deployments to detect emergent risks [86], [92]. 

• Predictive security: Proactive threat detection using risk analytics, historical usage 

patterns, and model‑driven predictions. Studies highlight such predictive models 

as essential for mitigating LLM‑specific vulnerabilities and preventing cascading 

system failures [86], [93]. 

With rising autonomy, predictive security becomes indispensable for addressing 

complex attack surfaces and high‑impact risk scenarios [92], [93]. 
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11.5 Energy efficiency 

 

Energy efficiency reflects the shift from resource‑intensive AI operations toward 

sustainable execution: 

• Compute‑intensive systems: Large models, long context windows, high 

concurrency—widely observed in modern multi‑agent and LLM‑driven pipelines 

[92]. 

• Energy‑adaptive systems: Distillation, compression, dynamic context reduction—

approaches validated in current AI optimization research for reducing 

computational overhead [93]. 

• Inference‑balanced systems: Optimized load distribution, context‑sensitive model 

routing, and energy‑aware execution paths—critical for large‑scale autonomous 

architectures and mobility systems [92], [93]. 

Energy efficiency is increasingly central to achieving scalable and sustainable 

multi‑agent operations, especially in latency‑sensitive domains such as healthcare and 

autonomous mobility [86], [92]. 

The table below presents the taxonomy in a multidimensional visual form, 

providing a clear and intuitive basis for evaluating how API ecosystems diverge in their 

levels of complexity, governance maturity, risk exposure, and suitability across 

domain‑specific application contexts. 

 

Table 3 

A Systematic Taxonomy for Intelligent API Ecosystems (Source: Own Representation) 

Dimension Description Maturity / Levels 

1. Degree of 

Autonomy 

Extent of autonomous 

decision-making and interaction 

• Human-guided • Agent-guided • 

Fully autonomous 

2. Interoperability Structural, semantic, and adaptive API 

interaction 

• Syntactic • Semantic • Adaptive / 

Context-sensitive 

3. Governance 

Maturity 

Organizational and technical control 

mechanisms 

• Manual • Policy-driven • 

Self-enforcing 

4. Security Level Quality and maturity of security 

models 

• Static • Behavior-based • Predictive 

5. Energy 

Efficiency 

Efficiency of model/API execution 

w.r.t. resource consumption 

• Compute-intensive • 

Energy-adaptive • Inference-balanced 
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12 RESEARCH GAPS AND FUTURE WORK 

 

Open Despite substantial progress in AI‑enabled API ecosystems, several critical 

research gaps remain that must be addressed to ensure the secure, scalable, and 

trustworthy deployment of agentic systems. These challenges span foundational technical 

issues as well as governance, security, and sustainability concerns. 

 

12.1 Lack of security benchmarks and test frameworks 

 

A major unresolved issue concerns the absence of standardized security 

benchmarks for interactions between autonomous agents and APIs. Current research in 

multi‑agent safety and verification indicates that the complexity of distributed agent 

behaviors requires robust evaluation frameworks, yet such frameworks remain 

underdeveloped. Recent advances in probabilistic and resource‑bounded verification 

demonstrate the importance of formalized assessment tools for identifying vulnerabilities 

in multi‑agent decision‑making under uncertainty, highlighting the need for reproducible 

datasets, attack scenarios, and robustness metrics [96], [97]. 

 

12.2 Insufficient development of semantic interoperability 

 

While syntactic interoperability (e.g., OpenAPI, gRPC) is well established, 

semantic interoperability remains an open research challenge. The academic literature 

emphasizes that interoperable systems must rely on formal, machine‑interpretable 

semantic models enabling agents to consistently interpret data across heterogeneous 

environments. Recent work in semantic interoperability for IoT and knowledge‑driven 

systems stresses the necessity of domain‑spanning vocabularies, ontologies, semantic 

constraints, and graph‑based knowledge structures to ensure consistent interpretation and 

reasoning [98], [99]. 

Although early initiatives demonstrate the potential of ontologies to bridge 

heterogeneous models, an integrated and standardized semantic framework for 

large‑scale agentic API ecosystems is still lacking. 
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12.3 Underdeveloped methods for auditing autonomous API interactions 

 

As agentic systems increasingly generate dynamic API interaction chains, the 

ability to audit intentions, decisions, and execution paths becomes essential. Academic 

research on accountability and explainability in autonomous systems highlights the 

importance of immutable logging, cryptographically secured evidence trails, and 

structured representations of agent rationales for ensuring compliance and transparency 

[100]. 

Existing methods, however, do not yet offer standardized representations for 

reconstructing agent decision paths or verifying execution integrity across distributed 

systems. This lack poses compliance challenges for emerging regulatory frameworks such 

as the EU AI Act and ISO/IEC 42001. 

 

12.4 Limited understanding of energy and performance profiles in complex 

multi‑agent systems 

 

Although initial studies indicate that multi‑agent LLM‑based orchestration may 

impose substantial computational overhead, systematic academic analyses remain scarce. 

Recent work on energy efficiency in multi‑agent LLM systems demonstrates measurable 

gains when employing energy‑aware scheduling and adaptive collaboration mechanisms, 

yet also confirms the need for formal evaluation methodologies for LLM inference, 

latency profiles, caching strategies, and inter‑agent parallelism [101]. 

A scientifically grounded assessment of energy consumption is critical for 

building sustainable AI ecosystems; current knowledge remains fragmentary. 

 

12.5 Missing interoperable protocols and formal safety guarantees 

 

Classical APIs operate deterministically, but agentic systems employ 

probabilistic, context‑dependent decision processes. Academic work in formal 

verification of probabilistic multi‑agent systems shows that ensuring predictable and safe 

behavior in such systems requires advanced mathematical frameworks capable of 

expressing and verifying probabilistic strategies, resource‑bounded behaviors, and safety 
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constraints [96], [102]. 

However, no interoperable security protocols or formal safety models yet exist 

that can guarantee mathematically verifiable safety for autonomous agentic APIs. 

Developing verifiable control models, fail‑safe mechanisms, and isolation strategies 

remains a central research direction. 

The identified research gaps—including missing security benchmarks, limited 

semantic interoperability, insufficient auditability, inadequate energy profiling, and 

absent formal safety guarantees—demonstrate that AI‑driven API ecosystems are still in 

the early stages of scientific maturation. Ensuring their secure and sustainable deployment 

will require coordinated research initiatives, multidisciplinary approaches, and the 

development of new standards and reference architectures grounded in robust academic 

methodologies. 

 

13 CONCLUSION 

 

API ecosystems are evolving—driven by AI‑powered automation—from static 

integration interfaces into highly dynamic and intelligent interaction layers. Increasingly, 

models and autonomous agents function as primary consumers and producers of API 

calls, positioning APIs as the operational foundation of modern intelligent systems. 

Ensuring the responsible scaling of these architectures requires robust orchestration 

mechanisms, comprehensive observability concepts, strict security controls, and 

alignment with regulatory frameworks such as the EU AI Act, ISO/IEC 42001, and the 

NIST AI Risk Management Framework. Recent academic research underscores that 

federated and AI‑assisted observability models are essential to maintaining secure, 

privacy‑preserving, and scalable operations across distributed cloud environments, while 

AI‑augmented API management significantly enhances governance, anomaly detection, 

and automated policy enforcement within increasingly complex API landscapes. 

With the rising autonomy of agentic systems, the demands for transparent decision 

pathways, explainable execution logic, and sustainable infrastructural models are 

growing. Studies on agent‑centric API architectures emphasize that existing enterprise 

APIs—designed mainly for human‑driven interactions—must adapt to flexible, 

goal‑oriented, and context‑aware communication patterns required by autonomous 
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agents. Moreover, advances in security orchestration and automated response (SOAR) 

platforms demonstrate the need for agent‑enabled, hyper‑automated frameworks that 

ensure reliable, verifiable, and regulation‑aligned execution of critical operational 

processes. 

This work integrates established API architectural principles with current 

AI‑based interaction patterns, presenting a comprehensive analysis of the functional, 

security‑related, governance‑oriented, and energy‑focused dimensions of future API 

landscapes. Research on AI agent systems reveals that next‑generation architectures 

depend on unified taxonomies covering agent reasoning, orchestration patterns, tool‑use 

capabilities, and safety‑aligned evaluation mechanisms. Additionally, academic studies 

on autonomous AI‑infrastructure management highlight that self‑managing agent systems 

play a crucial role in increasing system resilience, reducing operational overhead, and 

supporting sustainability‑focused resource optimization. 

The taxonomy developed here, together with the identified research gaps, provides 

a scientifically grounded foundation for the standardization, advancement, and 

responsible implementation of AI‑driven API ecosystems. 
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