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Abstract: Agentic artificial intelligence (AI) systems capable of autonomous goal-directed behavior,
multi-step planning, tool use, multi-agent coordination, and iterative self-correction represent a transi-
tion from passive clinical Al tools toward systems that can participate in complex healthcare work-
flows. However, empirical evidence remains fragmented across clinical decision support, patient mon-
itoring, and administrative applications, and no systematic synthesis has evaluated which agentic prin-
ciples have been technically demonstrated and which have accumulated sufficient evidence to support
responsible clinical deployment. We conducted a PRISMA-informed systematic review of peer-re-
viewed empirical studies published between January 2025 and April 2026. Searches across five biblio-
graphic databases and Google Scholar, supplemented by citation tracking, identified 443 unique rec-
ords for screening, of which 25 met the predefined PICOS and quality appraisal criteria. Evidence was
synthesized using an evidence-informed seven-principle framework derived from the integration of
agentic Al, clinical Al, and healthcare governance literature. This framework provides a structured lens
for examining how agentic principles are evaluated individually and in combination, enabling a deploy-
ment-readiness perspective that extends beyond capability-focused assessments alone. The evidence
base was concentrated on technical capability principles, whereas human oversight, safety, compliance,
and equity-related evaluation received comparatively limited attention. Most studies remained at the
laboratory, benchmark, or proof-of-concept stage, and none reported demographic-stratified perfor-
mance outcomes. Overall, the findings suggest a structural asymmetry in agentic healthcare Al: empir-
ical research is advancing agentic capabilities more rapidly than it is generating evidence for the over-

sight, safety, equity, and governance mechanisms required for responsible clinical translation.

Keywords: Agentic Al; Autonomous agents; Clinical decision support; Digital health; Explainability;

Human-in-the-loop; Multi-agent systems; Patient monitoring,.

1. Introduction

The healthcare sector is undergoing a profound transformation driven by artificial intel-
ligence (Al) [1], [2]. Healthcare Al has evolved through several overlapping phases. Early
systems were primarily rule-based, relying on expert-defined logic to support diagnosis, alert
generation, and clinical decision support. While these systems remain important components
of clinical workflows, they are inherently constrained by their rigidity and dependence on
manually encoded knowledge [3]. Subsequently, machine learning and deep learning ap-
proaches expanded the capabilities of healthcare Al by learning patterns from medical imag-
ing, structured electronic health record (EHR) data, claims data, and clinical text, enabling
improved prediction and classification across a wide range of specialized tasks [4], [5]. More
recently, generative Al and large language models (LLMs) introduced flexible natural-lan-
guage interaction, information synthesis, and reasoning over unstructured clinical content [6].
Agentic Al represents a further evolution in this progression. Rather than merely generating
predictions or responses, agentic systems can pursue goals, plan across multiple steps, use
external tools, coordinate specialized agents, and adapt their actions based on feedback [7].
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Early healthcare Al applications were predominantly narrow in scope, including rule-
based clinical decision support systems (CDSS), image classification models, and natural lan-
guage processing tools for clinical documentation [8]. Although effective within well-defined
tasks, these systems shared a common limitation: they were fundamentally passive. They re-
sponded to queries or inputs but lacked the ability to initiate, plan, and execute actions au-
tonomously across multi-step clinical workflows [9]. Agentic Al seeks to address this limita-
tion. Unlike conventional Al models that typically generate single-turn outputs, agentic sys-
tems can decompose complex clinical objectives into intermediate tasks, invoke external tools
such as EHR APIs and laboratory interfaces, coordinate specialized sub-agents, and iteratively
refine their strategies based on intermediate feedback while operating under configurable lev-
els of human supervision [9]-[11]. These capabilities position agentic systems as a distinct
advancement beyond eatlier generations of clinical Al. Recent empirical studies have begun
to demonstrate these capabilities in practice. Ferber et al. [12] and Zhao et al. [7] reported the
evaluation of autonomous agentic systems for oncology-related clinical decision support.
Zhao et al. [7] introduced DeepRare, an agentic framework that achieved measurable perfor-
mance on the MIMIC-IV-Rare benchmark for rare disease diagnosis. Liu et al. [13] proposed
EvoMDT, a self-evolving multi-agent system designed to support cancer-related clinical de-
cision-making. Collectively, these studies, published in leading venues, suggest an ongoing
transition from conceptual discussions toward more rigorous empirical evaluation of agentic
healthcare systems [14].

Despite this progress, the field still lacks a unified synthesis of the core agentic principles
being evaluated across healthcare domains and, more importantly, of what the current empit-
ical evidence supports regarding responsible clinical deployment. Several recent reviews have
examined aspects of agentic Al in healthcare, each offering valuable yet relatively focused
perspectives [15]. Collaco et al. [15] conducted a scoping review that identified seven eligible
studies exhibiting agentic characteristics in clinical settings. However, their analysis primarily
focused on application domains and conceptual distinctions between Al agents and agentic
Al, without developing a principle-oriented synthesis or examining deployment-related gov-
ernance considerations. Abou Ali et al. [16] conducted a systematic review of 90 peer-re-
viewed studies and organized the literature according to application areas and architectural
paradigms, including reinforcement learning, multi-agent systems, and LLM-based agents.
While this work provides a valuable taxonomic overview of existing implementations, it does
not evaluate the empirical support for the principles that may underpin responsible clinical
deployment. Similarly, Njei et al. [17] categorized 43 included studies into functional arche-
types such as conversational agents, workflow assistants, and decision-support agents, while
identifying mechanisms including tool use and self-correction. Although this functional clas-
sification advances understanding of agentic system design, it does not address which princi-
ples have accumulated sufficient empirical support for safe and effective clinical operation.
Srinivasu et al. [18] reviewed the technical foundations of agentic Al, including federated
learning and privacy-preserving architectures, providing detailed insights into implementation
mechanisms but offering limited cross-domain synthesis of deployment-relevant principles.
Finally, Hosseini and Seilani [19] examined agentic Al across multiple sectors, including
healthcare; however, the breadth of their cross-sector perspective necessarily limited the
depth of healthcare-specific analysis required to inform clinical translation and deployment
decisions.

2. Literature Review and Research Gap

2.1. Prior Reviews of Agentic Al in Healthcare

The present review addresses a gap that remains only partially explored in prior reviews
of agentic Al in healthcare (Table 1). Existing reviews have characterized agentic Al from the
perspectives of applications, architectures, implementation mechanisms, or functional arche-
types; however, they have not systematically evaluated empirical evidence through a
healthcare-oriented principle framework designed to assess deployment readiness. By organ-
izing evidence around seven empirically grounded principles rather than application domains,
architectural paradigms, or functional categories, this review provides an evidence-informed
analytical framework for examining the readiness of agentic Al systems for responsible clini-
cal deployment.
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This review synthesizes 25 empirical studies that met predefined PICOS eligibility crite-
tia and a custom quality appraisal rubric informed by MMAT/CASP appraisal logic. Beyond
identifying the presence of agentic capabilities, the review examines how principles co-occur,
where evidence remains fragmented, and which deployment-critical dimensions receive lim-
ited empirical attention. The principle co-occurrence analysis (Figure 3) and domain-by-prin-
ciple evidence matrix (Table 13) extend prior reviews by revealing not only which principles
are evaluated, but also how they interact across healthcare domains and where important ev-
idence gaps remain.

Table 1. Summary of prior reviews on agentic Al in healthcare

. Principle Co-occurrence Primary Contribution / Gap
Ref. Studies  Approach Framework  Analysis Addressed
[15] - Scop{ng Re- No No Conceptual distinction between Al
view agents and agentic Al
[16] 90 Systerpatlc No No Architectural taxonomy of agentic Al
Review paradigms
[17] 43 Scong No No Functional archetypes and agentic mech-
Review anisms
[18] N/A Narr;fmve No No Technical and mechaplstlc foundations
Review of agentic Al
[19] Multi- Systerpatlc No No Cross-sector overview of agentic Al ap-
sector Review plications
PRIS.MA_ Evidence-informed framework for de-
Guided  Yes — Seven .
Ours 25 . . Yes ployment-readiness assessment and em-
Systematic ~ Principles . . .
Review pirical evidence synthesis

2.2. Contribution

Existing reviews are generally application-oriented, architecture-focused, or conceptually
descriptive rather than explicitly centered on empirical evidence for deployment readiness.
This review addresses that gap through a PRISMA 2020-guided systematic review of 443
screened records, resulting in a curated corpus of 25 empirical studies spanning Clinical De-
cision Support (CDS), Patient Monitoring and ICU environments, and Administrative Work-
flows.

This review contributes to the agentic Al and healthcare informatics literature in four
ways. First, it synthesizes recent peer-reviewed empirical evidence on agentic Al systems
across key healthcare domains. Second, it integrates established concepts from agentic Al,
transparency, and healthcare governance literature into an evidence-informed seven-principle
framework for deployment-readiness assessment. Third, it maps the empirical distribution
and co-occurrence of these principles across included studies. Fourth, it identifies evidence
gaps that should be addressed before agentic Al systems can be responsibly translated into
routine clinical practice.

The framework’s primary contribution lies in shifting the analytical focus from applica-
tion mapping toward deployment-readiness assessment. Rather than asking only where agen-
tic Al is being applied or which architectural paradigms are being adopted, the framework
examines whether empirical studies address the broader set of technical, transparency, and
governance principles required for responsible clinical use. In this way, the framework pro-
vides a structured lens for evaluating not only what agentic systems can do, but also whether
sufficient evidence exists to support their safe and accountable deployment.

This review also differs from prior taxonomies and scoping reviews in its treatment of
evidence. Studies were included only when they reported empirical evaluation, structured per-
formance assessment, benchmark testing, clinical or workflow validation, or systematic cod-
ing of agentic system characteristics with analyzable outcomes. Purely conceptual frame-
works, narrative taxonomies, opinion papers, and architectural proposals without empirical
evaluation were excluded from the evidence synthesis, although they were used where appro-
priate to contextualize the field. Framework and taxonomy studies were retained only when
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they incorporated a reproducible empirical component, such as benchmark comparisons, im-
plementation evaluations, coded assessments, or reported outcome data.

This distinction enables the review to move beyond cataloging agentic Al concepts to-
ward evaluating the current evidence base for deployment readiness. The contribution of this
work does not lie in proposing entirely new principles; rather, it lies in integrating established
principles into a structured, evidence-informed synthesis framework that makes deployment-
readiness gaps visible across the emerging empirical literature.

3. Methodology

3.1. Search Strategy and Information Sources

The primary input to this review is a corpus of 443 records identified through systematic
searches across multiple bibliographic sources. The search covered five major databases—
IEEE Xplore, PubMed/MEDLINE, Scopus, Web of Science, and the ACM Digital Li-
brary—with an additional supplementary search conducted through Google Scholar. The re-
view protocol was established prior to screening and specified the research questions, eligi-
bility criteria, data extraction procedures, quality appraisal approach, and evidence synthesis
strategy in accordance with PRISMA 2020 recommendations [20], [21]. The primary research
question guiding the review is: RQ: What empirical evidence supports the deployment readi-
ness of agentic Al in healthcare when assessed through capability-, transparency-, and gov-
ernance-oriented principles?

The review scope was intentionally defined to align with its deployment-readiness ob-
jective. The January 2025—April 2026 publication window was selected because it represents
the period during which peer-reviewed empirical evaluations of healthcare-focused agentic
Al systems began to emerge in sufficient numbers for systematic analysis. The three selected
domains—(a) Clinical Decision Support (CDS), (b) Patient Monitoring and ICU environ-
ments, and (c) Administrative Workflows—were chosen because they represent the principal
healthcare settings in which agentic systems may influence clinical reasoning, patient surveil-
lance, operational efficiency, and access to care. The review further adopted an empirical-only
inclusion strategy because its objective is to evaluate evidence supporting deployment readi-
ness rather than conceptual possibilities or theoretical system designs. Consequently, the find-
ings should be interpreted as a synthesis of the current empirical evidence base rather than as
a historical review of healthcare Al or a comprehensive taxonomy of agentic Al concepts.

This review was not prospectively registered in PROSPERO or another systematic-re-
view registry. Nevertheless, the review protocol was developed before screening commenced
and specified the research question, search strategy, eligibility criteria, screening process, qual-
ity appraisal rubric, data extraction fields, and narrative synthesis procedures. No major pro-
tocol deviations occurred after screening began, although the reporting of the search strategy,
quality appraisal process, and exclusion rationale was expanded during revision to improve
transparency and alignment with PRISMA reporting recommendations.

The search strategy employed a two-cluster Boolean structure applied consistently across
all databases. Cluster 1 captured agentic Al concepts, while Cluster 2 captured healthcare-
related terms. The two clusters were combined using the Boolean operator AND to restrict
results to healthcare applications while maintaining broad coverage across variations in agen-
tic Al terminology. All searches applied a publication-date filter spanning January 2025 to
April 2026. Table 2 presents the complete search strategy, adapted where necessary to accom-
modate database-specific syntax, indexing structures, and field-tag conventions.

Table 3 summarizes retrieval counts by database, search execution dates, duplicate re-
moval procedures, and cumulative record totals. Deduplication was performed in Rayyan us-
ing DOI-based matching followed by manual verification of title-author combinations where
necessary. An additional 40 records were identified through backward and forward citation
searching of included studies and relevant review articles, resulting in a final corpus of 443
records entering the PRISMA screening process. All searches were conducted between 15
and 16 April 2026 using a common Cluster 1 AND Cluster 2 search structure, with database-
specific adaptations applied only where required by indexing and search-interface constraints.
Cross-database deduplication was performed through DOI exact matching followed by man-
ual review when ambiguity remained.
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Table 2. Database-specific boolean search strings with field tags

Datab Cluster 1 — Agentic AI Constructs Cluster 2 — Healthcare Context Terms Field Tags
atabase .
(joined internally by OR) (joined internally by OR) Applied
"agentic AI"[Title/ Abstract] OR "AlI agents"[Title/ Ab- clinical d ,? cision support [T1tle'{ Abstract] O.R ?nte”n stve
" A care unit"[Title/ Abstract] OR "patient monitoring"[Ti-
stract] OR "autonomous agents"[Title/ Abstract] OR " . T .

PubMed / "multi-agent system"[Title/ Abstract] OR "LIM agent"[Ti- tle/ Abstract] OR "healthcare administration"[Title/Ab-  Title/ Abstract
MEDLINE SEE 5 g stract] OR "electronic health records"[Title/ Abstract] OR  [Title/ Abstract]

tle/ Abstract] OR "AI agent otchestration"[Title/ Abstract]

OR "intelligent agents"[Title/ Abstract] hospital wotkflows"[Title/ Abstract] OR "clinical AI"[Ti-

tle/ Abstract]
"clinical decision support" OR "intensive care unit" OR

"agentic AI" OR "AI agents" OR "autonomous agents" OR

IEEE Xplore "multi-agent system" OR "LLM agent" OR "AI agent or- patient monitoring” OR "healthcare administration” OR

"electronic health records" OR "hospital workflows" OR

Full Text &
Metadata

chestration" OR "intelligent agents"

"clinical AI"

TITLE-ABS-KEY ("agentic AI" OR "AI agents" OR "au- TITLE-ABS-KEY("clinical decision support" OR "inten-
tonomous agents" OR "multi-agent system" OR "LLM  sive care unit" OR "patient monitoring" OR "healthcare ad- TITLE-4BS-

Scopus agent" OR "AI agent orchestration" OR "intelligent ministration" OR "electronic health records" OR "hospital KEY
agents") workflows" OR "clinical AI")
p—yall b fot " " M "
. TS=("agentic AI" OR "AI agents" OR "autonomous TS_,,( ch-rncal dec.l sion Spror't' OR fntenstve care un lt,, TS (Topic: title,
Web of Sci- avents” OR "multi-acent svstem” OR "LIM acent” OR "Al OR "patient monitoring" OR "healthcare administration abstract. kevwords
ence & 5 Y s OR "electronic health records" OR "hospital workflows" > RO ’

agent orchestration" OR "intelligent agents") keyword plus)

OR "clinical AI")
Title:("agentic AI" OR "AT agents" OR "autonomous  Title:("clinical decision support" OR "patient monitoring"
ACM Digital agents" OR "multi-agent system" OR "LLM agent") OR  OR "electronic health records" OR "hospital workflows"
Library  Abstract:("agentic AI" OR "AI agents" OR "autonomous OR "clinical AI") OR Abstract:("clinical AI" OR
agents") "healthcare" OR "clinical decision")

Title + Abstract

Google "agentic AT" OR "Al agents” OR "autonomous agents” OR "chnlcal declslon support ) OR "patlent mounltorlf'lg‘ (-)R 4//  fields (title
Scholar (Sup- " . " " » electronic health records" OR "healthcare" OR "clinical weighted); first 20
multi-agent system" OR "LLM agent "
plementary) ’ Al pages harvested

Note: Google Scholar does not support field-limited search via API; results were harvested by manual review of the first 20 result
pages per query. The primary cluster terms were adapted to each database’s controlled vocabulary where applicable (e.g., MeSH map-
ping in PubMed was disabled to preserve term specificity given the novelty of agentic Al terminology).

Table 3. Per-Database Retrieval Counts, Duplicate Removal, Citation-Search Additions, and Final Records Screened

Search Execution Raw Records Duplicates Removed Records After

Database Notes

Date Retrieved (cross-database) Deduplication
PubMed / . Date filter: Jan 2025 — April 2026; MeSH auto-mapping disa-
MEDLINE 15 April 2026 58 6 52 bled to preserve term specificity; language filter: English.
. Conference proceedings and journal articles included; early-
IEEE Xplore 15 April 2026 74 3 & access articles included if DOI-registered.
Scopus 15 April 2026 102 7 05 Subject area filter: Med1c1ne + Computer Sclegce; document
type: Article, Conference Paper, Review.
Web of Sci- 15 April 2026 30 4 2% Web of Science Core. Collection; iiocgment types: Article,
ence Proceedings Paper; English only
ACM Digital 15 April 2026 20 5 18 ACM Full-Text Collection; Fonference and journal articles;
Library English only.
First 20 result pages per query variant; harvested manually;
Google high duplicate overlap with above databases; included to
Scholar 16 April 2026 172 31 141 identify potentially relevant records not indexed in the se-
(Suppl.) lected bibliographic databases; records were included in the
synthesis only if peer-review status could be verified.
Citation An additional 40 records identified through citation search-
. - 40 40 ing of included studies and reference lists of relevant system-
searching L
atic reviews.
TOTAL 496 53 443 Grand total after all deduplication: 443 records entered into

PRISMA screening.

Note: Searches executed 15-16 April 2026. All databases searched with identical Cluster 1 AND Cluster 2 logic; field tags adapted per
database. Cross-database deduplication performed using DOI exact-match.
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3.2. Eligibility Criteria (PICOS)

The eligibility criteria were operationalized using the PICOS framework as follows:

e  Population: Healthcare systems, healthcare institutions, clinical personnel, or patient
populations operating within Clinical Decision Support (CDS), Patient Monitor-
ing/ICU, or Administrative Workflow settings.

e Intervention: Included systems were required to demonstrate autonomous or semi-au-
tonomous goal-directed behavior, defined as agent actions performed without continu-
ous manual human intervention, together with at least one additional agentic capability
such as multi-step planning, tool use, memory or state maintenance, self-correction, or
multi-agent coordination.

e  Comparison: Comparator evidence was extracted when available, including comparisons
with rule-based systems, single-agent systems, generative Al systems without agentic ca-
pabilities, or human-only baselines.

e Outcomes: Studies were required to report empirical outcomes, either quantitative or
qualitative, such as diagnostic accuracy, operational efficiency metrics, safety-related out-
comes, clinician acceptance measures, regulatory compliance assessments, or validated
benchmark performance with reported results.

e  Study Design: Only peer-reviewed empirical studies were included, encompassing exper-
imental evaluations, pilot studies, cohort analyses, benchmark evaluations, proof-of-con-
cept systems with quantitative assessment, and mixed-methods studies containing em-
pirical evidence. Narrative reviews, editorials, opinion papers, perspective articles, and
theoretical frameworks without evaluation data were excluded.

Additional exclusion criteria included publications outside the January 2025—April 2026
review window, studies outside the three target healthcare domains, publications lacking as-
sessable empirical outcomes, non-English-language publications, grey literature without veri-
fiable peer-review status, and healthcare-tangential applications (e.g., agricultural Al, 6G net-
working studies without a clinical deployment context, or educational MCQ-generation sys-
tems). Table 4 summarizes the inclusion and exclusion criteria applied throughout the screen-
ing and review process.

Table 4. Inclusion and Exclusion Criteria

Inclusion Exclusion

Peer-reviewed empirical studies published between — Editorials, viewpoints, commentaries, frame-
January 1, 2025, and April 15, 2026 works, and purely conceptual papers

Healthcare-relevant tasks, settings, users, or work- Reviews, protocols, and opinion pieces without
flows primary empirical data
Studies evaluating an agentic mechanism such as au-
tonomous planning, tool use, memory, self-correc-
tion, or multi-agent coordination. Taxonomy-ori- Studies on general-purpose LLMs with no agen-
ented studies were included only when they con- tic mechanism
tained a reproducible empirical coding or assess-
ment component.
Studies reporting explicit outcome data or struc-

. Non-healthcare studies
tured evaluation.

Conference abstracts without sufficient method-

Full-text English-language articles ological detail

3.3. Screening and PRISMA Flow

Records were screened in two sequential stages using the predefined PICOS criteria and
the operational definition of agentic goal-directed behavior. In Stage 1, titles and abstracts
were evaluated against the healthcare-domain and empirical-study requirements. In Stage 2,
full-text articles were assessed for eligibility, outcome validity, and methodological quality us-
ing the custom appraisal rubric described in Section 3.4. Cases involving uncertainty or bor-
derline eligibility were reviewed against the predefined inclusion and exclusion criteria, with
final inclusion decisions resolved through author consensus. Figure 1 summarizes the study
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identification, screening, eligibility assessment, and inclusion process following the PRISMA

2020 framework.

Records removed before screening:
Duplicate records removed: (n =
53)

Records excluded™ (n = 254)
s  Not directly related to healthcare
domain

*  Alack of empirical study design

Reports not retnieved

(n=136)

- (n=68) no clinical population or patient-
level putcomes

- (n=68) Studies within or adjacent to
healthcare but reporfing no quantitative
primary outcome data meeting PICOS
criteria

Reports excluded: (n = 28)

- Studies that passed scope and
outcomes screening but scored
=410 on the custom quality
appraisal rubric

[ Identification of studies via databases and registers
a—
_5 Records identified from™:
E n = 456 (from 5 databases &
= Google Scholar) ——»
E n = 40 (citation search)
|
3
"
Records screened
—
(n =443)
Y
Reports sought for retrieval .
D (n=189) v
[
3 v
Reports assessed for eligibility
(n =53) »
|
—
% Studies included in review
E (n=25)

—

Figure 1. PRISMA 2020 flow diagram of study identification, screening, eligibility assessment, and
final inclusion.

3.4. Quality Assessment

Methodological quality was assessed using a custom five-criterion appraisal rubric devel-
oped specifically for this review. A tailored rubric was considered necessary because the in-
cluded studies were methodologically heterogeneous, encompassing benchmark evaluations,
proof-of-concept systems, cohort analyses, pilot deployments, workflow evaluations, and
mixed-methods investigations. No single established appraisal instrument, including MMAT
or CASP, fully accommodates the diversity of study designs represented in the agentic Al
literature, as many studies do not conform to conventional clinical-trial, qualitative, or mixed-
methods research paradigms. The rubric was therefore informed by the appraisal logic of
MMAT and CASP but was not implemented as a formal MMAT or CASP instrument. Quality

categories were defined as follows:

e 8-10 points (High Quality): The study satisfies most appraisal criteria with no major

methodological weaknesses.

e 57 points (Moderate Quality): The study provides sufficient empirical evidence to in-
form synthesis but contains limitations such as small sample sizes, lack of comparator

groups, synthetic data, or restricted generalizability.
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e (04 points (Low Quality): Methodological limitations are sufficiently substantial to re-
duce confidence in the evidence and preclude inclusion in the synthesis.

Hach study received a score ranging from 0 to 2 across five criteria:
Clarity of the research objective,

Appropriateness of the study design,

Adequacy of evaluation data,

Outcome validity and clinical relevance,

Transparency regarding limitations.

ARl

The maximum possible score was 10. Studies scoring 8—10 were classified as high quality
and retained for direct evidence synthesis. Studies scoring 5-7 were classified as moderate
quality and retained with their limitations explicitly considered during interpretation. Studies
scoring 0—4 were classified as low quality and excluded from synthesis. Quality assessment
was conducted using the predefined rubric, and borderline cases were reviewed against the
operational definitions of the scoring criteria before final classification. Article-level appraisal
scores are reported in Supplementary Appendix B.

3.5. Data Extraction

Data were extracted using a predefined extraction form, with the complete extraction
fields provided in Supplementary Appendix A. The extraction form captured bibliographic
information, source database, screening decisions, exclusion reasons, healthcare domain, tar-
get population or user group, agentic mechanisms, study design, comparator type (where ap-
plicable), primary outcomes, quality-assessment information, and synthesis classifications.
Data extraction was conducted by the lead author and subsequently verified against the full
text during synthesis to ensure consistency with the eligibility criteria and the evidence-in-
formed seven-principle framework. Following pilot use, the extraction form was refined to
better capture both conventional empirical outcomes and agentic Al-specific characteristics,
including tool use, planning, multi-agent coordination, memory or state maintenance, self-
correction, human-in-the-loop (HITL) oversight, explainability, and safety/compliance evi-
dence. Missing numerical outcomes were not imputed. When outcome information was re-
ported only narratively or lacked sufficient quantitative detail, the evidence was coded as de-
scriptive and interpreted cautiously during synthesis. Studies without assessable empirical out-
comes were excluded from the final evidence synthesis.

3.6 Synthesis Approach

Given the heterogeneity of the included studies, evidence was synthesized narratively
rather than through meta-analysis. The studies varied substantially in clinical settings, agent
architectures, evaluation designs, datasets, and reported outcomes, making statistical pooling
inappropriate. Evidence was organized using the evidence-informed seven-principle frame-
work and compared across healthcare domains, evaluation settings, and outcome categories.

Principle-level coding was based on explicit evidence reported within each study’s meth-
ods, system architecture, evaluation design, and results sections. A principle was coded as
present only when the study described and evaluated a corresponding capability, design fea-
ture, or governance mechanism. For example, tool use required evidence of interaction with
external resources or systems; multi-agent collaboration required coordination among multi-
ple agents; human-in-the-loop (HITL) oversight required a defined role for human review,
approval, escalation, or intervention; and safety, alignment, and compliance required explicit
evaluation or structured discussion of safety controls, privacy protection, auditability, regula-
tory considerations, or alignment mechanisms. References to a principle appearing only in
background, discussion, or future-work sections were not considered sufficient evidence for
principle-level coding.

When multiple publications appeared to describe the same underlying system or study,
the most complete peer-reviewed version was retained as the primary record and overlapping
reports were not double-counted. Where a subsequent publication extended an earlier system
through a distinct evaluation, it was treated as a separate study only when it reported new
empirical outcomes or a clearly different evaluation context.

Principle-level observations were aggregated to calculate frequency and co-occurrence
patterns across the 25 included studies. Coding was conducted using the predefined
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framework and cross-checked against extracted study characteristics during synthesis. Formal
independent duplicate coding and inter-coder reliability statistics were not calculated and are
acknowledged as a limitation of the review. Consequently, principle-level coding should be
interpreted as a structured evidence-synthesis exercise rather than a formal content-analysis
procedure. To enhance transparency, the coding rules, extracted variables, study-level quality
scores, and principle-frequency results are reported throughout the manuscript and supple-
mentary materials.

4. Evidence-Informed Seven-Principle Synthesis Framework

The evidence-informed seven-principle framework used in this review was developed
deductively during protocol design, prior to study screening, to provide a consistent analytical
basis for evaluating empirical evidence on agentic Al in healthcare. The framework was de-
rived through triangulation across three complementary sources: foundational agent theory,
emerging LLLM-agent literature, and healthcare-specific regulatory and ethical guidance. This
approach enables the evaluation of agentic Al not only as a technical architecture but also as
a clinically governed system requiring transparency, oversight, accountability, and safety safe-
guards.

Foundational research on intelligent agents emphasizes autonomy, goal-directed behav-
ior, environmental interaction, and adaptive decision-making as defining characteristics of
agentic systems [22], [23]. More recent LLM-agent research, including ReAct [22], Toolformer
[24], and multi-agent debate frameworks [25], extends these concepts by demonstrating how
language models can reason across multiple steps, use external tools, collaborate with other
agents, and revise outputs based on feedback. Healthcare-specific guidance introduces an ad-
ditional requirement: agentic systems operating in clinical environments must also be explain-
able, governable, safe, and accountable [26]—[28]. The resulting framework organizes these
requirements into three complementary dimensions: technical capability, transparency, and
governance. Together, these dimensions provide a structured lens for evaluating not only
what agentic systems can do, but also whether sufficient evidence exists to support their re-
sponsible deployment in high-stakes healthcare settings.

4.1. Technical Capability Principles

The first dimension of the framework captures the technical capabilities that distinguish
agentic Al from conventional Al systems. Foundational work on rational agents and auton-
omous systems identifies autonomy, goal-directed behavior, environmental interaction, and
adaptive decision-making as core characteristics of agentic behavior [22], [23]. More recent
LLM-agent research, including ReAct [22], Toolformer [24], and multi-agent debate frame-
works [25], further demonstrates how language models can reason across multiple steps, in-
voke external tools, coordinate specialized agents, and refine outputs based on intermediate
feedback.

Drawing from this literature, four capability-oriented principles were retained. Auton-
omy and goal-directed behavior refer to the ability of a system to pursue defined objectives
without requiring human initiation at every stage. Planning and multi-step reasoning describe
the ability to decompose complex clinical objectives into sequenced actions. Tool use and
orchestration refer to interaction with external resources such as EHR systems, laboratory
information systems, imaging tools, guideline repositories, and clinical calculators. Multi-
agent collaboration captures the use of multiple specialized agents that divide, coordinate,
validate, or debate tasks to support decision-making [22]. Iterative self-correction was recog-
nized as an important agentic capability but was not retained as a standalone principle. In-
stead, it was coded within planning, reasoning, and multi-agent validation because it typically
functions as an implementation mechanism embedded within these broader capabilities rather
than as an independent principle.

4.2. Transparency Principle

Explainability and transparency were elevated to a standalone principle because their role
in healthcare differs fundamentally from their role in many non-clinical Al applications.
Within clinical environments, explanation is not merely a desirable interface feature; it is
closely linked to clinician accountability, informed decision-making, patient safety, and med-
icolegal defensibility. Clinical Al literature consistently treats interpretability, auditability, and
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transparent reasoning as foundational requirements for responsible deployment rather than
optional enhancements [29], [30].

Accordingly, explainability and transparency are defined as the ability of an agentic sys-
tem to provide clinically meaningful, inspectable, and contestable reasoning for its recom-
mendations or actions. This may include traceable reasoning pathways, structured arguments,
evidence-linked outputs, confidence indicators, ablation-based explanations of agent roles,
and clinician-facing rationales. Treating transparency as a distinct principle enables the review
to assess whether agentic systems merely perform tasks effectively or also make their reason-
ing accessible and interpretable to clinical users.

4.3. Governance Principles

The third dimension of the framework captures the governance conditions required for
the responsible deployment of autonomous and semi-autonomous systems in healthcare.
These principles were informed by regulatory and ethical guidance, including the European
Union Al Act, the World Health Organization (WHO) guidance on ethics and governance of
Al for health, the U.S. Food and Drug Administration (FDA) guidance on Al/ML-based
software as a medical device, and HIPAA-related requirements for data protection and au-
ditability [26], [27], [28]. Collectively, these sources emphasize that healthcare Al systems
should be evaluated not only in terms of technical performance, but also with respect to
oversight, accountability, safety, privacy protection, and post-deployment governance. Con-
sequently, the framework incorporates two governance-oriented principles that are particu-
larly relevant to deployment readiness.

The first principle, human-in-the-loop (HITL) oversight, refers to the presence of de-
fined human review, escalation, approval, or intervention points within an agentic workflow.
This principle is especially important when agentic systems influence diagnosis, treatment
decisions, triage processes, or patient communication. The second principle, safety, align-
ment, and compliance, encompasses mechanisms designed to prevent harmful outputs, pre-
serve privacy and security, support auditability, align system behavior with clinical and ethical
expectations, and satisfy applicable regulatory requirements [29], [30]. Together, these gov-
ernance principles represent essential conditions for responsible deployment. High technical
performance alone is insufficient to justify clinical adoption without corresponding evidence
of oversight, safety, accountability, and regulatory preparedness.

4.4. Rationale for Merged or Excluded Principles

Several candidate principles were considered during framework development but were
not retained as independent dimensions. The objective was not to maximize the number of
principles, but to establish a framework that was conceptually distinct, operationally observ-
able within the empirical literature, and relevant to deployment-readiness assessment.

Privacy was initially considered as a standalone principle because of its well-established
importance in healthcare Al. However, it was ultimately incorporated within the Safety, Align-
ment, and Compliance principle because its practical implementation is largely governed
through existing legal, regulatory, and institutional mechanisms, including HIPAA, GDPR,
audit controls, data-minimization requirements, and access-management policies [10], [31].
Treating privacy as a separate principle would have introduced substantial conceptual overlap
with broader safety and compliance considerations while adding limited analytical distinction.
Integrating privacy within the governance dimension therefore preserved its importance with-
out duplicating related regulatory constructs.

Adaptability and learning were also considered as potential standalone principles. How-
ever, the reviewed literature generally operationalized these characteristics through autonomy,
planning, reasoning, or self-correction mechanisms rather than treating them as inde-
pendently evaluated constructs. Similarly, iterative self-correction was recognized as an im-
portant feature of agentic behavior, but it was not retained as a separate principle because it
typically appeared as an implementation mechanism embedded within planning, reasoning,
multi-agent critique, or tool-mediated feedback loops. Retaining self-correction as an inde-
pendent principle would therefore have risked double-counting capabilities already repre-
sented elsewhere in the framework.

The resulting framework integrates three complementary perspectives: what agentic sys-
tems can do, how their reasoning can be understood, and the governance conditions under
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which they may be responsibly deployed. The capability principles capture the technical ar-
chitecture and operational behaviors of agentic systems; the transparency principle captures
clinical intelligibility and explainability; and the governance principles capture deployment-
readiness requirements related to oversight, safety, accountability, and compliance. This struc-
ture distinguishes the present review from prior studies that primarily organize the literature
according to application domains, architectural paradigms, or functional archetypes.

The framework is also broadly consistent with the seven-dimensional taxonomy pro-
posed by Vatsal et al. [10]. Although the terminology and analytical emphasis differ, both
approaches cover a similar conceptual space encompassing agentic capabilities, transparency
considerations, and governance requitements. This alignment provides additional support for
the conceptual coverage of the framework while maintaining its specific focus on healthcare
deployment readiness. In practical terms, the framework enables the review to distinguish
studies that primarily demonstrate agentic capabilities from those that provide evidence rele-
vant to responsible clinical deployment, a distinction that becomes central to the subsequent
synthesis and discussion.

Table 5. Derivation of the seven-principle framework from prior literature

Regulatory

Healthcare Rationale
Source

Principle Category Technical Source

Autonomy & . Foundational property of agentic
Goal-Directed Capability Russell & Norvig — systems and prerequisite for higher-

Behavior [23]; ReAct [22] level agent behaviors.

. Chain-of-Thought - . .
Planning & [32]; ReAct [22]: Clinical decision-making frequently

Muln—SFep Capability Tree-of-Thought — requires s'equent.lal reasoning across
Reasoning multiple evidence sources.

[33]
Healthcare delivery is inherently
Multi-Agent Capability Multi-Agent De- . multidisciplinary, making coordi-
Collaboration pabiity bate [25] nated agent behavior relevant to

clinical workflows.

Effective healthcare Al requires in-

Tool Use & Capability  Toolformer [24] L teraction with EHRs, laboratory

Otchestration systems, imaging platforms, and
clinical knowledge resources.
Explainability SHAP, LIME, At- EU Al Act Arti-  _nical accountability, informed
] decision-making, and medicolegal
& Transpar- Transparency tention-Based cle 13; WHO Al defensibility require interpretable
ency Methods [29], [30] Ethics Guidance Y red p
and auditable reasoning.
Human-in- . EU AT Act Arti- Human review and intervention re-
RLHF; Constitu- .. .
the-Loop  Governance donal AI cle 14, FDA  main important safeguards in high-
Oversight ona SaMD Guidance risk clinical contexts.
Safety, Align- AI Alignment Re-  EU AT Act; Prgfrfmg dha@’tefls.‘mng A
ment & Com- Governance search; Red Team-HIPAA; FDA 21 abrity, and maintaining reguiatory
. . compliance are essential require-
pliance ing CFR

ments for clinical deployment.

Figure 2 presents the evidence-informed synthesis framework used throughout this re-
view. The framework organizes the seven principles into three interconnected dimensions—
technical capability, transparency, and governance—which collectively support deployment-
readiness assessment. By integrating established concepts from agentic Al research,
healthcare Al, and regulatory guidance, the framework provides a structured analytical lens
for evaluating both the capabilities and the deployment implications of agentic healthcare
systems.
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Capability tier — technical performance

Pl Pz P3 P4
Autonomy Planning Multi-agent Tool use

Goal-directed Step-by-step Collaboration Orchestration

Governance tier — responsible deployment

PE P& PT
Human oversight Explainability Safety alignment
Intervention points Auditable reasoning Regulatery compliance
Clinical decision Patient monitoring Administrative
support & critical care wiorkflows

Deployment readiness interpretation
Capability vs. governance evidence synthesis

Figure 2. Evidence-informed seven-principle framework for healthcare deployment-readiness assess-
ment.

Note: The framework integrates capability-oriented principles (Autonomy & Goal-Di-
rected Behavior, Planning & Multi-Step Reasoning, Tool Use & Orchestration, and Multi-
Agent Collaboration), the transparency principle (Explainability & Transparency), and gov-
ernance-oriented principles (Human-in-the-Loop Oversight and Safety, Alignment & Com-
pliance). The figure was created by the authors. Generative Al-assisted drafting was used
solely for visual layout refinement; all conceptual content and final validation were completed
by the authors.

4.5 Conceptual Boundaries and Analytical Value of the Framework

The seven-principle framework is grounded in three complementary bodies of literature
that collectively inform the responsible deployment of agentic Al in high-stakes healthcare
environments: technical research on agentic Al architectures [22], [32], [34], [35], Al safety
and alignment literature [23], [36], and healthcare regulatory frameworks, including the EU
Al Act, FDA guidance on Software as a Medical Device (SaMD), and the HIPAA Security
Rule [206], [28], [37]. Drawing upon these sources, the framework organizes the principles into
three analytically distinct dimensions: capability-oriented principles (Autonomy, Planning and
Multi-Step Reasoning, Multi-Agent Collaboration, and Tool Use), a transparency-oriented
principle (Explainability and Transparency), and governance-otiented principles (Human-in-
the-Loop Oversight and Safety, Alignment, and Compliance). This structure reflects the
widely recognized distinction between what Al systems are capable of doing and the safe-
guards required before those systems can operate in clinically consequential settings [38], [39].

Importantly, the three-tier structure is not intended as an arbitrary classification scheme.
Rather, it reflects a distinction that is also embedded within contemporary regulatory and
governance frameworks, where technical performance alone is considered insufficient for de-
ployment without corresponding evidence of transparency, oversight, accountability, and
safety controls. In this sense, the framework aligns technical evaluation with broader deploy-
ment-readiness considerations that are particularly relevant in healthcare environments.

Within each dimension, the principles are related but analytically separable, a distinction
supported by the empirical distribution observed across the included studies. Among the 25
studies reviewed, none evaluated all seven principles simultaneously. Furthermore, the co-
occurrence analysis presented in Section 5.3 (Table 10) shows that capability-oriented princi-
ples were frequently evaluated without corresponding governance-oriented assessment. For
example, twelve studies evaluated autonomy without explicitly evaluating safety, alignment,
or compliance mechanisms; four studies evaluated planning and reasoning without examining
explainability; and six studies assessed tool-use capabilities without evaluating human
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oversight mechanisms. These patterns are not merely conceptual distinctions but reflect ob-
servable differences in how research teams design and evaluate agentic healthcare systems.

The analytical value of the framework lies in its ability to reveal such gaps. A framework
that merged these principles into broader categories would obscure important differences
between technical capability and deployment-oriented safeguards. Existing domain-based re-
views can identify where agentic Al is being applied, while architecture-based surveys can
characterize how systems are constructed. However, neither approach directly reveals which
deployment-relevant principles have accumulated empirical support and which remain com-
paratively underexplored. By making these distinctions visible, the framework helps identify
areas where evidence remains limited and highlights a recurring pattern throughout the liter-
ature: empirical evaluation remains concentrated on capability-oriented principles, whereas
governance-related dimensions—including human oversight, safety, compliance, and equity-
sensitive validation—receive substantially less attention across healthcare domains and archi-
tectural approaches.

Table 6. Conceptual boundaries of the seven-principle framework

Principle Core Analytical Question Distinct Boundary

Distinct from planning because it concerns
goal pursuit rather than the reasoning pro-
cess used to achieve that goal.

Autonomy & Goal- Can the system pursue a defined
Directed Behavior  objective across multiple steps?

Can the system decompose and
sequence a clinical task into inter-
mediate actions?

Planning & Multi-Step Distinct from autonomy because it focuses

Reasoning on task structure and reasoning logic.

Can the system interact with ex- Distinct from planning because it concerns
ternal resources, tools, or infor-  execution and integration rather than rea-
mation systems? soning.

Tool Use & Orches-
tration

Can multiple specialized agents Distinct from tool use because interactions
coordinate, critique, validate, or  occur among agents rather than between
collaborate on a task? agents and external systems.

Multi-Agent Collabo-
ration

Can clinicians inspect, interpret, Distinct from performance because accurate
and challenge the system’s rea- outputs may still remain opaque or difficult
soning process? to justify.

Explainability &
Transparency

Are formal mechanisms for hu-
Human-in-the-Loop man review, escalation, interven-
Oversight tion, or approval incorporated
into the workflow?

Distinct from explainability because expla-
nations may support oversight but do not
themselves guarantee human control.

Are mechanisms in place to ad- Distinct from HITL oversight because hu-
Safety, Alignment & dress harm prevention, privacy, man review represents only one component
Compliance auditability, security, and regula- of a broader governance and safety frame-
tory obligations? work.

5. Characteristics of Included Studies

This section summarizes the characteristics of the 25 empirical studies that satisfied all
PICOS eligibility requirements and quality-assessment criteria. The evidence base is examined
across six dimensions: temporal distribution, publication venue, citation impact, authorship
characteristics, healthcare-domain coverage, and the distribution of agentic Al principles. All
descriptive statistics were derived directly from structured metadata extracted from the final
corpus (N = 25). A summary of the principal quantitative characteristics is presented in Table

5.1. Temporal Distribution

The included studies were published between January 2025 and April 2026, comprising
19 studies published in 2025 and 6 studies published during the first four months of 2026.
When normalized by time, this corresponds to approximately 1.58 included studies per month
in 2025 and between 1.50 and 1.71 studies per month in 2026, depending on whether April
2026 is treated as a complete or partial month. These values indicate a recently emerging and
consistently active evidence base; however, they should not be interpreted as definitive
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evidence of publication growth or acceleration within the field [40]. More broadly, the tem-
poral distribution highlights the eatly developmental stage of empirical research on
healthcare-focused agentic Al. As the literature continues to expand, future evidence synthe-
ses may identify additional trends, deployment expetiences, and governance-related evalua-
tions that are not yet visible within the current corpus.

Table 7. Quantitative overview of included studies (N = 25)

Characteristic Value Details
Total Included Studies N = 25 Met all PICOS ehglblhZiigsamethodologlcal quality

Publication Years 2025-2026 (April) 19 studies (76%) in 2025; 6 studies (24%) in 2026
IEEE (n = 11, 44%); Nature/Springer Nature (n =

Publisher Families 3 groups 7,28%); Elsevier (n = 7, 28%)
Citation Range 0-218 Median = 3; Mean = 20.0; Total citations = 500
Author Count 1-8 authors per study Mean = 4.2; Median = 4

CDS (n = 15, 60%); Monitoring/ICU (n = 4, 16%);

Healthcare Domains 3 primary domains ~ Administrative Workflows (n = 4, 16%); Cross-do-
main (n = 2, 8%)

Mean = 3.1 principles per study; range = 2-7; Au-

Agentic Principles 7 principles tonomy most frequently evaluated (68%)
Laboratory/Benchmark (n = 15, 60%); Clinical/Ret-
Evaluation Contexts 5 categories rospective (n = 5, 20%); Synthetic/Vignette (n = 3,

12%); Deployment-Adjacent (n = 1, 4%); Active
Real-World Deployment (n = 1, 4%)

Note. The maximum value of the seven principles was observed in a taxonomy-oriented study that

mapped healthcare LLM-agent literature across all seven framework dimensions. No primary agentic

system evaluation comprehensively assessed all seven principles within a single clinical implementation.

5.2. Healthcare Domain Distribution

The 25 included studies were classified according to the primary healthcare domain de-
scribed in their methods and evaluation sections. Clinical Decision Support (CDS) emerged
as the dominant application area, whereas Patient Monitoring/ICU and Administrative Work-
flow applications were comparatively less represented. To avoid double counting, studies
spanning multiple domains were categorized separately. The resulting distribution is pre-
sented in Table 8.

Table 8. Healthcare domain distribution of included studies (N = 25)

Healthcare Domain Studies (n) Percentage (%)
Clinical Decision Support (CDS) 15 60.0
Patient Monitoring & ICU 4 16.0
Administrative Workflows 4 16.0
Cross-Domain (All Three Domains) 1 4.0
CDS + Administrative Workflow 1 4.0
Total 25 100.0

Clinical Decision Support dominates the current evidence base, suggesting that agentic
Al is presently being evaluated most frequently in settings where diagnostic reasoning, treat-
ment support, and benchmark-oriented assessments are already relatively mature. In contrast,
Patient Monitoring/ICU and Administrative Workflow applications remain less extensively
studied, limiting the strength of conclusions regarding longitudinal monitoring, real-time sut-
veillance, and operational deployment.

The relative scarcity of studies addressing administrative workflows is particulatly note-
worthy. Although such systems may offer near-term opportunities for implementation, they
also introduce important challenges related to documentation quality, protected health infor-
mation (PHI) handling, auditability, prior authorization, claims processing, and patient access.
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Consequently, additional empirical evaluation is needed before broader deployment claims
can be supported in these settings.

5.3. Agentic Principle Distribution

Each included study was coded according to the agentic Al principles that were explicitly
evaluated, based on evidence reported in the methods, system architecture, evaluation design,
and results sections. Because agentic systems often combine multiple capabilities, individual
studies could receive more than one principle code. Across the 25 included studies, a total of
78 principle-level observations were identified, corresponding to a mean of 3.1 principles per
study. The resulting frequency distribution is summarized in Table 9.

Table 9. Agentic principle frequency distribution across included studies (N = 25;
Total Observations = 78)

Agentic Principle Studies (n) Frequency (%) Rank

Autonomy & Goal-Directed Behavior 17 68.0 st

Planning & Multi-Step Reasoning 11 44.0 2nd (te)

Tool Use & Otrchestration 11 44.0 2nd (tie)

Explainability & Transparency 11 44.0 2nd (tie)
Multi-Agent Collaboration 10 40.0 5th
Human-in-the-Loop (HITL) Oversight 8 32.0 6th
Safety, Alignment & Compliance 6 24.0 7th
Total Observations 78 — —

Note. Because Vatsal et al. [10] represents a taxonomy-oriented empirical coding study rather than a
primary healthcare agent evaluation, a sensitivity analysis was conducted excluding that study. The
overall pattern remained unchanged. Capability-oriented principles remained more frequently repre-
sented than governance-oriented principles, and Safety, Alignment, and Compliance remained the least
frequently evaluated principle. This suggests that the overall findings are not driven by the inclusion of
the taxonomy-otiented study.

The distribution presented in Table 9 indicates that empirical attention is unevenly dis-
tributed across the seven-principle framework. Technical capability principles are substan-
tially more prevalent than governance-oriented principles, suggesting that the current litera-
ture focuses more heavily on demonstrating what agentic systems can accomplish than on
evaluating the safeguards required for responsible deployment. Although one taxonomy-ori-
ented study addressed all seven principles simultaneously [10], no primary healthcare imple-
mentation evaluated all seven principles within a single clinical system or deployment context.
Consequently, broad conceptual coverage should not be interpreted as evidence of compre-
hensive deployment readiness. To further examine how principles are evaluated together, Ta-
ble 10 presents the co-occurrence patterns across the included studies.

Table 10. Principle co-occurrence matrix: frequency of joint evaluation across studies (N = 25)

Principle P&R ToolUse XAI MAS HITL  Safety
Autonomy (n = 17) 10 (59%) 11 (65%) 8 (47%) 9 (53%) 7 (41%) 5 (29%)
Planning & Reasoning (n = 11) — 9 (82%) 7 (64%) 7 (64%) 5 (45%) 4 (36%)
Tool Use (n = 11) — — 7 (64%) 7 (64%) 5 (45%) 4 (36%)
Explainability (n = 11) — — — 7 (64%) 5 (45%) 4 (36%)
Multi-Agent (n = 10) — — — — 5 (50%) 3 (30%)
HITL (n = 8) — — — — — 5 (63%)

Safety (n = 6) — — — — — —

Note. Cell values indicate the number of studies evaluating both the row principle and the column
principle. Percentages are calculated relative to the total count of the row principle. P&R = Planning
and Reasoning; XAI = Explainability and Transparency; MAS = Multi-Agent Collaboration.

The co-occurrence analysis reveals several notable patterns. The strongest association
occurs between Planning and Multi-Step Reasoning and Tool Use & Otchestration, which
co-occur in 9 of 11 planning-oriented studies (82%). This pattern is consistent with
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contemporary LLLM-agent architectures, where planning and reasoning are frequently imple-
mented through tool-augmented workflows such as ReAct-style reasoning and external tool
invocation [22], [24]. In practice, reasoning and tool interaction often function as tightly cou-
pled capabilities rather than independent components.

A second notable pattern is the relationship between Human-in-the-Loop Oversight and
Safety, Alignment, and Compliance, which co-occur in 63% of HITL studies. This suggests
that governance-oriented evaluations are often framed around both oversight and safety con-
siderations rather than addressing either dimension in isolation. More broadly, Table 10 indi-
cates that capability-oriented principles tend to be evaluated together, whereas governance-
oriented principles remain less frequently integrated into technical evaluations. The compar-
atively low representation of safety-related assessment is particularly noteworthy given its im-
portance for clinical deployment. These findings reinforce a recurring theme across the re-
viewed literature: empirical evidence currently emphasizes agentic capability development
more strongly than deployment-oriented governance and assurance mechanisms.
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Figure 3. Co-Occurrence of agentic Al principles across included studies (N = 25).

Note. Capability-oriented principles exhibit relatively strong co-occurrence patterns, par-
ticularly between Planning and Multi-Step Reasoning and Tool Use & Orchestration. Gov-
ernance-oriented principles appear less frequently and are often evaluated separately from
technical capabilities. The strongest governance pairing is Human-in-the-Loop Oversight and
Safety, Alignment, and Compliance. Overall, the figure highlights the concentration of em-
pirical evaluation on technical capabilities relative to deployment-oriented safeguards.

5.4. Study Design and Evaluation Context

The included studies were further categorized according to their primary study design
and evaluation context. Study-design categories reflect the principal methodological
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contribution of each paper, whereas evaluation-context categories describe the environment,
data source, and level of clinical realism used during empirical assessment. The resulting dis-
tribution is summarized in Table 11.

Table 11. Study design and evaluation context distribution (N = 25)

n Category Percentage (%) Exemplar Studies
Study Design
Dype
System Evaluation / Proof-of- o
8 Concept 32.0% [40]-[47]
6 Framework Validation 24.0% [10], [11], [37], [48]-[50]
Benchmark Evaluation (standard- o
4 ized dataset) 16.0% [71, [51]-[53]
3 Comparative Eyaluatlon vs. Base- 12.0% [13], 541, [55]
line
Retrospective Clinical Cohort / o
2 Deployment Pilot 8.0% [20], 156]
1 Large-Scale Synthetic Vignette 4.0% [57]
Study
1 Proof—of—Canept with Real Clin- 4.0% [12]
ical Cases
Evaluation
Context
Laboratory / Benchmark Envi- Public datasets; simulated clinical
15 60.0% o
ronment pipelines; benchmark corpora
5 Clinical / Retrospective Setting 200v, ~ Real patient dat; retrospective clini-
cal records; clinical cohorts
3 Synthetic / Vignette-Based 12.0% Computationally generated patient
scenarios; clinical vignettes
Deplovment-adiacent clinical Evaluated in a clinically realistic or
1 ploy J2 4.0% workflow-linked setting, but not
evaluation ;
clearly active deployment
Denlovment-adiacent clinical Evaluated in a clinically realistic or
1 ploy J 4.0% workflow-linked setting, but not

evaluation .
cleatly active deployment

The distribution shown in Table 11 suggests that the current evidence base remains sub-
stantially closer to technical feasibility assessment than to real-world clinical deployment.
Most studies were classified as system evaluations, proof-of-concept implementations, frame-
work validations, or benchmark-based assessments. In contrast, prospective clinical evalua-
tions and active deployment studies were comparatively rare. Only one study cleatly reported
active real-world deployment, while one additional study was classified as deployment-adja-
cent because it was evaluated within a clinically relevant workflow but did not constitute rou-
tine operational use.

For interpretive purposes, laboratory/benchmark studies and synthetic/vignette-based
studies can be viewed collectively as non-clinical or simulation-oriented evaluations. To-
gether, these categories account for 18 of the 25 included studies (72%). The remaining seven
studies incorporated some degree of clinical grounding through retrospective patient data,
deployment-adjacent evaluation, or active real-world implementation.

This distribution has important implications for interpreting the evidence base. Current
studies provide relatively strong support for technical feasibility and proof-of-concept pet-
formance but offer more limited evidence regarding clinical effectiveness, operational inte-
gration, patient outcomes, safety performance, or equity-related impacts. Consequently, pro-
spective evaluations incorporating real-world workflows, patient-centered outcomes, safety
monitoring, and equity-sensitive assessment remain among the most important gaps in the
emerging literature on agentic Al in healthcare.
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5.5. Summary of Descriptive Patterns

Taken together, the descriptive findings suggest that the empirical literature on agentic
Al in healthcare remains active but is still at an eatly stage of translational maturity. Clinical
Decision Support (CDS) is the most extensively studied domain, whereas Patient Monitor-
ing/ICU and Administrative Workflow applications remain comparatively underrepresented.
Across the seven-principle framework, capability-oriented principles are evaluated more fre-
quently than governance-oriented principles, with autonomy, planning, tool use, and multi-
agent collaboration appearing substantially more often than Human-in-the-Loop (HITL)
oversight and Safety, Alignment, and Compliance.

The evaluation context provides the clearest indicator of evidence maturity. Of the 25
included studies, 18 were conducted in laboratory, benchmark, or synthetic settings, while
only one study reported active real-world clinical deployment. Collectively, these patterns
suggest that the current evidence base provides stronger support for technical feasibility and
proof-of-concept performance than for clinical deployment, operational integration, or long-
term governance readiness.

5.6. Characteristics of Included Studies

Table 12 summarizes the included studies according to healthcare domain, evaluated
principles, and principal empirical outcomes. The table is provided primarily to support trans-
parency and traceability of the synthesis rather than to indicate comparative evidence quality
or methodological rigor.

Table 12. Characteristics of included studies

Reference Domain Principle(s) Key Empirical Outcome
Ferber et al. [12] CDS — Oncology Autonomy, Planning, Tool Autonomous multi-step oncology agent; proof-of-concept
Use validation on real clinical cases
Zhao et al. [7] CDS — Rare Disease  Autonomy, Planning, Rea- DeepRare: MIMIC-IV-Rate benchmark; performance edge
soning maintained on in-house clinical dataset
Johrietal. [11] CDS — Patient Interaction HITL, Explainability, Plan- CRAFT-MD: clinical LLM evaluation framework; empirical
ning patient interaction task benchmarks
Liu et al. [13] CDS — Multi-Cancer  Multi-Agent, Planning, Au- EvoMDT: self-evolving multi-agent; validated on lung adeno-
tonomy carcinoma, breast cancer, HCC
Hao etal. [20] CDS — Patient Education Tool Use, HITL, Auton- EHR-integrated LLM agent; real-world clinical deployment;
omy patient usability evaluation
Omar et al. [57] CDS - E-Medicine HITL, Autonomy, Safety 1,000 synthetic e-visit vignettes; communication style impact

on agentic Al advice quality

Freyer et al. [37] CDS/Safety — Regulatory Safety, Alignment, HITL Regulatory bartier taxonomy: policy framework for Al agent
implementation in clinical practice

Tzanis & Klont CDS — Radiology Multi-Agent, Tool Use, mAIstro: evaluated on 16 open-source datasets; automated ra-
[51] Explainability diomics pipeline
Linton-Reid et al. CDS — Oncology Imaging  Autonomy, Planning ~ Agentic Al radiomics: 89.6% therapy prediction accuracy in
[506] 500-patient clinical deployment
Wang et al. [58] CDS — Hematology ~ Autonomy, HITL, Reason- Interactive guideline-based CDS; evaluated vs. two alternative
ing approaches in hematology
Loaiza-Bonilla et CDS — Oncology Multi-Agent, Tool Use, Neuro-symbolic multi-agent trial matching; superior accuracy
al. [55] HITL vs. LLM-only baselines
Liu & Xiao [54] CDS Multi-Agent, Explainability Argumentation-based multi-agent CDS: +13% accuracy over
single-agent systems
Chen et al. [44] CDS Multi-Agent, Explainabil- Multi-agent CDS with ethical Al governance; explainability-
ity, Safety accuracy balance evaluation
Lee etal. [48]  CDS — Evidence Synthe-  Tool Use, Autonomy,  A4SLR framework: F1 = 0.96-0.998 on article screening and
sis Planning data extraction tasks
Vatsal et al. [10] Multi-domain All 7 principles (taxonomy)  Seven-dimensional taxonomy; empirical labeling of 49

healthcare LLLM-agent studies

Qiao et al. [45] Patient Monitoring —  Autonomy, Multi-Agent,  Parallel nursing: LLM agents for postoperative patient risk
Nursing HITL prediction and care coordination
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Table 12 cont.

Sathya & Valara- Monitoring — Ophthal- Autonomy, Planning, Ex- Agentic Al for diabetic retinopathy: superior benchmark per-

mathi [53] mology plainability formance vs. non-agentic baselines
Li et al. [42] Monitoring — Diabetes Autonomy, Planning, Tool Agentic diabetes management framework; biomedical + life-
Use style + psychosocial integration
Mukhtar et al. [46] Monitoring — Neurology ~Multi-Agent, HITL, Ex-  Multi-agent Parkinson’s support: 95% clinical accuracy; cri-
plainability tique agent factual validation
Shimgekar et al. Admin — Clinical Pipeline Autonomy, Tool Use, Ex- End-to-end medical data pipeline: ingestion, anonymization,
[49] plainability feature extraction, inference
Patel et al. [50] Admin — Cardiology Autonomy, Tool Use, NLP and agentic Al for electrophysiology documentation and
Workflow Planning workflow automation

Mohapatra etal.  Admin — Hospital Ops ~ Autonomy, Multi-Agent, Three-agent system: onboarding, documentation, and triage
[40] Tool Use coordination agents

Note. Framework- and taxonomy-oriented studies were included only when they contained an empirical coding, validation, or assess-
ment component. Purely conceptual taxonomies without empirical evaluation were excluded from the evidence synthesis.

While Table 12 provides study-level traceability, the broader evidence patterns become
clearer when the findings are aggregated at the principle level. Table 13 therefore presents a
consolidated evidence matrix that maps each principle to its empirical footprint, dominant
evaluation context, evidence-maturity profile, and key research gaps across the 25 included

studies.
Table 13. Core agentic Al principles evidence matrix (N = 25 Studies)
Dominant Evidence
Studi St t Key Gap Identi-
Principle YU Domains  Evaluation Maturity / rongest fey Lrap (dentt

Evid fied
(@) Context  Quality Signal = ¢ €

Autonomy & n =17 CDS, Moni- Mostly bench- Moderate-to-high [7], [12] Long-horizon au-

Goal-Directed toring, Admin mark, proof- technical feasibil- tonomous opera-
Behavior of-concept, ity; limited real- tion in live clinical
and limited ~ world validation settings with real
clinical evalua- patient outcomes
tion
Planning& n =11 CDS, Moni- Mostly bench- Strong technical [12], [13] Causally
Multi-Step toring mark and reasoning evi- grounded and
Reasoning structured dence; limited clinically verifia-
evaluation  clinical verifica- ble reasoning
tion of reasoning pathways
processes
Multi-Agent n =10 CDS, Moni- Comparative, Emerging com- [46], [54], Agent consensus,
Collaboration toring, Admin benchmark, parative evidence;  [55] conflict resolu-
and proof-of- limited accounta- tion, and cross-
concept evalu-bility and conflict- specialty coordi-
ations resolution assess- nation
ment
ToolUse & n =11 CDS, Admin, Workflow, Strong feasibility [48], [49], Tool-failure re-
Orchestration Monitoring  benchmark, evidence; limited [51]  covery, hallucina-
and pipeline failure-recovery tion under tool
evaluations evaluation invocation, and
FHIR interopera-
bility
Human-in- n=8 All three do- Framework, Widely recog- [11], [37], Determination of
the-Loop mains communica-  nized as im- [57]  optimal interven-
(HITL) Ovet- tion, and de-  portant; limited tion thresholds
sight sign-oriented empirical testing across clinical-
evaluations of oversight mod- acuity levels

els
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Table 13 cont.
Explainability n=11 CDS, Moni- Benchmark, Moderate evi- [44], [51], Clinician-centered

& Transpar- toring architecture- dence of explana-  [52] XAI design and
ency level, and  tion availability; role-specific ex-
structured-  limited evidence planation strate-
reasoning  of clinical useful- gies
evaluations ness

Safety, Align- n =06 Admin, CDS, Governance, Lowest empirical [10], [41], Prospective real-

ment & Com- Monitoring ~ taxonomy, matutity; limited [59]  wotld safety vali-
pliance and design- prospective safety dation and liabil-
oriented eval- validation ity standards for
uations autonomous clini-
cal harm

Table 13 highlights a consistent pattern across the evidence base. Capability-oriented
principles—including autonomy, planning, multi-agent collaboration, and tool use—show the
strongest empirical support and are typically evaluated through benchmark, proof-of-concept,
or workflow-oriented studies. In contrast, governance-oriented principles remain less mature,
with relatively few studies evaluating oversight mechanisms, safety controls, regulatory read-
iness, or accountability frameworks through prospective empirical designs.

The evidence matrix also demonstrates that the nature of the research gaps differs across
principles. For capability-oriented principles, the primary challenge is translation from tech-
nical feasibility to sustained clinical operation. For governance-oriented principles, the chal-
lenge is more fundamental: empirical evidence remains limited, and many proposed safe-
guards have yet to be evaluated under realistic deployment conditions. Explainability occupies
an intermediate position, with a growing body of technical approaches but comparatively
limited evidence regarding their usefulness for clinicians in real-world decision-making.

Viewed collectively, the matrix reinforces the central interpretation of this review: cur-
rent evidence is strongest for demonstrating what agentic healthcare systems can do, while
evidence regarding how such systems can be safely governed, supervised, and deployed re-
mains comparatively underdeveloped. This imbalance represents one of the most significant
barriers to broader clinical adoption and motivates several of the research priorities discussed
in the following sections.

6. Results

The principle-level synthesis reveals a consistent pattern across the included studies: em-
pirical evidence is currently stronger for technical capability than for deployment readiness.
Capability-oriented principles, including autonomy, planning, tool use, and multi-agent col-
laboration, were evaluated more frequently than governance-oriented principles such as Hu-
man-in-the-Loop (HITL) oversight and Safety, Alignment, and Compliance. These principles
also tended to co-occur more frequently, suggesting that agentic healthcare systems are in-
creasingly being developed as integrated technical workflows, whereas governance mecha-
nisms are being evaluated less consistently.

Evidence maturity varied substantially across evaluation settings. Most studies demon-
strated feasibility in laboratory, benchmark, synthetic, or proof-of-concept environments,
while only a limited number incorporated real-world clinical workflows or deployment con-
texts. To avoid treating principle frequency as a proxy for evidence strength, reported out-
comes were grouped into six categories: diagnostic or predictive performance, workflow and
operational efficiency, reasoning and explanation quality, human interaction and oversight,
safety and compliance governance, and equity or subgroup performance. The resulting syn-
thesis, summarized in Table 14, provides a complementary outcome-level perspective on the
current evidence base.

Table 14. Summary of reported outcome types across included studies

Outcome . . Interpretation for Deploy-
Category Included Examples  Typical Evidence Type ment Readiness

Diagnostic or
Predictive Pet-
formance

Accuracy, F1 score, therapy- Benchmark, retrospec- Supports technical feasibility;
response prediction, rare-  tive, clinical dataset, or deployment strength
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disease diagnosis, radiology proof-of-concept evalua- depends on data source and
VQA tion validation context
Documentation support, lit-
Workflow or  erature screening, data-pipe- Workflow evaluation,  Supports operational feasi-

Operational Effi- line automation, prior au-  pipeline execution, or  bility but often lacks pro-
ciency thorization, administrative task-completion metrics spective workflow validation
triage

Traceable reasoning chains,
argumentation, ablation anal-
ysis, conversational reason-
ing quality

Reasoning and
Explanation

Quality

Structured evaluation or  Supports auditability but
benchmark-based rea- does not necessarily validate
soning assessment clinical correctness

Indicates emerging HITL
Vignette studies, design- mechanisms but provides
level evaluations, or regu- limited evidence regarding

Patient-facing communica-

tion quality, critique agents,

escalation protocols, clini-
cian review points

Human Interac-
tion and Over-
sight latory analyses optimal intervention thresh-

olds

Identifies deployment re-
quirements but rarely pro-
vides direct prospective vali-
dation

Regulatory barriers, safety
constraints, privacy/security
safeguards, auditability, com-

Safety, Compli-

ance, and Gov-

Policy analyses, taxon-
omy studies, and design-

ernance level safeguards

pliance requirements
Equity and Sub- Demographic-stratified accu-
group Perfor-  racy, subgroup robustness,
mance fairness analysis

Not reported in included Major deployment-readiness
studies gap

Table 14 further highlights the imbalance between capability-oriented and deployment-
oriented evidence. Across the corpus, technical feasibility, task performance, and workflow
execution are evaluated substantially more often than safety assurance, oversight effective-
ness, equity considerations, or real-world implementation outcomes. The following subsec-
tions therefore examine each principle in greater detail, focusing on the available evidence,
interactions with other principles, and the remaining challenges for responsible clinical de-
ployment.

6.1 Principle 1: Autonomy and Goal-Directed Behavior

Autonomy and Goal-Directed Behavior appeared in 17 of the 25 included studies, mak-
ing it the most frequently represented principle. Evidence was observed across a wide range
of healthcare applications, including oncology decision support, rare-disease diagnosis, pa-
tient education, monitoring, documentation support, and administrative workflow automa-
tion [7], [12], [20]. Collectively, these studies demonstrate that agentic systems can pursue
predefined clinical or operational objectives with limited human intervention across bounded
tasks.

However, the evidence should be interpreted within the context of the evaluation setting.
Most studies assessed autonomy in benchmark datasets, retrospective analyses, proof-of-con-
cept systems, or narrowly scoped workflow environments rather than in sustained clinical
operations. The strongest examples demonstrate autonomy within clearly defined operational
boundaries. Similarly, administrative and workflow-oriented studies show that agents can co-
ordinate documentation, anonymization, data processing, and inference tasks, but these eval-
uations generally remain task-specific rather than evidence of broad autonomous clinical prac-
tice.

Taken together, the literature supports bounded task-level autonomy rather than unre-
stricted clinical autonomy. Current studies show that agentic systems can pursue defined ob-
jectives across diagnostic, monitoring, and administrative contexts, yet relatively few evaluate
how autonomous behavior performs under changing patient conditions, incomplete infor-
mation, workflow interruptions, or competing clinical priorities [7], [12], [20]. The key chal-
lenge is therefore not whether autonomy can be implemented technically, but whether auton-
omous behavior can be safely bounded, monitored, audited, and escalated within real clinical
environments. Future work should evaluate autonomy under conditions of uncertainty and
explicitly assess escalation mechanisms, failure modes, and long-term operational behavior.
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6.2 Principle 2: Planning and Multi-Step Reasoning

Planning and Multi-Step Reasoning appeared in 11 of the 25 included studies and fre-
quently served as the mechanism connecting clinical objectives, evidence retrieval, tool use,
and output generation. Co-occurrence analysis showed that planning was commonly evalu-
ated alongside Tool Use & Orchestration (9 of 11 studies), Explainability & Transparency (7
of 11 studies), and Multi-Agent Collaboration (7 of 11 studies), indicating that planning is
rarely implemented as an isolated capability in healthcare agentic Al

The strongest evidence originated from studies addressing complex clinical tasks that
required sequential reasoning rather than single-turn prediction [7], [13]. Several studies also
examined reasoning quality directly through structured argumentation, traceable reasoning
pathways, or clinician-interpretable decision processes [11], [43], [60]. Nevertheless, the exist-
ence of a reasoning chain should not be interpreted as evidence that the reasoning itself is
clinically valid. Reasoning processes may remain incomplete, contain unsupported assump-
tions, or be optimized primarily for benchmark performance rather than real-world clinical
decision-making.

Opverall, the evidence suggests that multi-step reasoning has become a central compo-
nent of agentic healthcare systems, particularly when tasks require integration of evidence
retrieval, tool invocation, and recommendation generation. However, most studies evaluate
whether reasoning pathways can be produced rather than whether they are medically sound,
reproducible, auditable, and robust under uncertainty [7], [13], [61]. Future evaluations should
therefore focus not only on generating interpretable reasoning chains but also on validating
their clinical correctness, consistency, and resilience across diverse healthcare scenarios.

6.3. Principle 3: Multi-Agent Collaboration

Multi-Agent Collaboration appeared in 10 of the 25 included studies and was most com-
monly associated with tasks requiring distributed reasoning, critique, validation, or consensus
formation. Rather than functioning as an isolated design feature, multi-agent architectures
frequently reinforced other principles, particularly Planning and Multi-Step Reasoning, Ex-
plainability and Transparency, and Human-in-the-Loop Oversight. This pattern reflects the
collaborative nature of healthcare decision-making, where complex clinical judgments often
benefit from multiple perspectives and expertise domains. Agentic systems increasingly emu-
late this structure by assigning specialized roles to diagnostic, retrieval, critique, and validation
agents [62].

The strongest evidence for multi-agent benefits came from studies that compared multi-
agent architectures against single-agent or LLLM-only baselines. These studies reported poten-
tial improvements in decision quality, robustness, throughput, or reliability when specialized
agents were assigned complementary responsibilities such as argument generation, critique,
consensus formation, or clinician escalation [54], [55]. Other studies primarily provided de-
sign-feasibility evidence, demonstrating how multi-agent architectures can support heteroge-
neous clinical reasoning, internal quality assurance, or domain-specific workflow coordination
[13], [46], [39].

Opverall, multi-agent collaboration appears promising but remains at an early stage of
clinical maturity. The available evidence suggests that role specialization and critique mecha-
nisms may improve robustness [13], [44], [46], [50]; however, multi-agent systems also intro-
duce new challenges, including error propagation, responsibility attribution, coordination fail-
ures, and false confidence arising from apparent consensus. Future evaluations should there-
fore examine not only whether multi-agent systems outperform single-agent baselines, but
also how they resolve disagreement, assign accountability, document reasoning processes, and
support safe escalation when conflicting outputs are produced.

6.4 Principle 4: Tool Use and Orchestration

Tool Use and Orchestration appeared in 11 of the 25 included studies and served as the
primary mechanism linking agentic reasoning with healthcare workflow execution. Across the
reviewed literature, tool use extended well beyond information retrieval and included interac-
tion with EHR systems, clinical knowledge repositories, imaging and radiomics pipelines, lit-
erature databases, anonymization tools, feature-extraction systems, and model-selection
workflows. This helps explain its frequent co-occurrence with Planning and Multi-Step
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Reasoning, as agents must not only determine appropriate actions but also select, sequence,
and validate the tools required to execute those actions.

The strongest evidence emerged from studies implementing end-to-end workflows ra-
ther than isolated model outputs. Examples included radiomics and deep-learning pipeline
automation, evidence-synthesis support systems, EHR-grounded patient education tools, and
administrative workflow platforms supporting anonymization, semantic matching, inference
generation, and explainability [20], [47], [48], [51]. Collectively, these studies illustrate how
tool orchestration enables agentic Al to move beyond language generation toward operational
healthcare tasks.

Overall, the evidence supports the technical feasibility of tool-supported agentic work-
flows. However, existing evaluations focus predominantly on successful tool execution rather
than failure management. Relatively few studies examined incorrect tool selection, interoper-
ability failures, incomplete or conflicting data, auditability, recovery mechanisms, or resilience
when external services become unavailable. Future research should therefore evaluate not
only whether agents can use tools effectively, but whether they can do so safely, transparently,
and reliably under realistic clinical conditions.

6.5. Principle 5: Human-in-the-Loop (HITL) Oversight

Human-in-the-Loop (HITL) Oversight appeared in 8 of the 25 included studies and
represents one of the clearest gaps between technical capability and deployment readiness.
Across the evidence base, HITL was widely recognized as an important requirement, yet
comparatively few studies operationalized it through explicit review points, escalation criteria,
intervention thresholds, or responsibility frameworks.

The oversight mechanisms reported in the literature generally followed several recurring
patterns. These included critique agents that screened outputs for factual or clinical relevance
before user exposure, clinician-escalation mechanisms for higher-risk recommendations, pa-
tient-facing assessments of reasoning quality, and regulatory arguments supporting continu-
ous monitoring of adaptive or multi-step agentic systems [11], [48], [51], [59], [63]. Together,
these studies suggest that HITL is gradually evolving from a broad governance concept into
a more concrete workflow-design principle.

Nevertheless, substantial evidence gaps remain. Few studies specified what degree of
uncertainty should trigger human review, which outputs require clinician approval, how re-
sponsibility should be assigned after review, or how oversight requirements should differ be-
tween low-risk administrative tasks and high-risk clinical recommendations. This limitation is
particulatly important because human involvement alone does not automatically guarantee
safety or accountability. Future work should therefore evaluate concrete oversight models,
including escalation thresholds, reviewer workload, disagreement management, and the extent
to which HITL mechanisms improve safety, accountability, and workflow feasibility under
real clinical conditions.

6.6. Principle 6: Explainability and Transparency

Explainability and Transparency appeared in 11 of the 25 included studies and served as
a critical link between technical performance and clinical trust. Across the reviewed literature,
explainability was implemented primarily through three approaches: traceable reasoning,
structured argumentation, and architectural transparency. These approaches move beyond
traditional post-hoc explanation by embedding transparency directly into the design and op-
eration of the system. Rather than merely explaining outputs after they are generated, the
stronger studies sought to make reasoning processes visible, identify supporting evidence, and
clarify how system components contributed to final recommendations [7], [51], [52], [54].

The available evidence suggests that explainability in agentic healthcare Al is gradually
shifting from an auxiliary interpretive layer toward a more integrated form of transparency.
Traceable reasoning pathways support auditability, structured argumentation makes recom-
mendations contestable, and ablation-based or workflow-level analyses help clarify the con-
tribution of individual agents or system components to overall performance.

However, most studies focused on whether explanations could be generated rather than
whether they were useful in practice. Technical availability does not necessarily translate into
clinical understanding, trust, or appropriate use. Consequently, future research should
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evaluate explanation quality directly with clinical users and compare different explanation for-
mats across healthcare roles, workflow settings, and risk levels.

6.7 Principle 7: Safety, Alignment, and Regulatory Compliance

Safety, Alignment, and Regulatory Compliance was the least frequently evaluated prin-
ciple, appearing in only 6 of the 25 included studies. The nature of the evidence in this area
also differed substantially from that supporting capability-oriented principles. Whereas au-
tonomy, planning, tool use, and multi-agent collaboration were commonly evaluated through
task performance, benchmark accuracy, workflow efficiency, or comparative studies, safety
and compliance were more often addressed through regulatory analyses, taxonomy-oriented
assessments, or design-level safeguards rather than direct evaluation of safety outcomes.

This distinction is important when interpreting deployment readiness. Regulatory and
governance studies help clarify the conditions required for responsible clinical deployment,
including accountability mechanisms, post-market monitoring, privacy protection, auditabil-
ity, and compliance obligations [41]. However, such analyses do not demonstrate that a spe-
cific agentic system can prevent harm under real-world clinical conditions. Similarly, design-
level safeguards indicate that safety considerations can be incorporated into system architec-
tures, but they are not equivalent to prospective validation of unsafe-output detection, esca-
lation effectiveness, bias monitoring, auditability, or post-deployment surveillance [46].

Taken together, the literature demonstrates broad recognition that safety, alignment, and
compliance are essential requirements for healthcare deployment. However, empirical valida-
tion remains limited. Current evidence primarily identifies regulatory barriers, governance
challenges, and architectural safeguards rather than directly evaluating clinical safety out-
comes. As a result, Safety, Alignhment, and Compliance remain the least mature principle
within the framework. Future studies should treat safety, privacy and security, auditability,
bias monitoring, escalation effectiveness, alighment mechanisms, and post-deployment sur-
veillance as measurable outcomes rather than background assumptions. This transition from
conceptual requirement to empirically validated practice represents one of the most important
challenges for the next generation of agentic healthcare Al research.

6.8 Evidence from Healthcare Domains

To complement the principle-level analysis, the included studies were also examined ac-
cording to their primary healthcare application domain. Table 15 summarizes the evidence
across Clinical Decision Support (CDS), Patient Monitoring and ICU-related applications,
Administrative Workflows, and cross-domain studies. This domain-level perspective helps
clarify where agentic Al has progressed most rapidly and where important evidence gaps re-
main.

Table 15. Evidence summary by healthcare domain (N = 25 Studies)

Domain n Dominant Principles Key Empirical Evidence

Autonomous oncology agent validated on
real clinical cases [12]; DeepRare evaluated
on MIMIC-IV-Rare and in-house datasets

[7]; EvoMDT for multi-cancer decision
Autonomy, Planning & Reason- support [13]; argumentation-based multi-
15 ing, Multi-Agent Collaboration, agent CDS with +13% accuracy improve-
Explainability ment [54]; 89.6% therapy prediction accu-
racy in a 500-patient cohort [56]; mAlstro

evaluated across 16 radiomics datasets
[51]; neuro-symbolic clinical trial matching

1551

Multi-agent Parkinson’s support system

achieving 95% clinical accuracy [46]; agen-

Clinical Decision
Support

. . Autonomy, Planning, Multi-  tic diabetic tetinopathy screening outpet-
Patient Monitor- . .. . . .
ino & ICU 4 Agent Collaboration, Explainabil- forming non-agentic baselines [53]; parallel
& ity nursing agents for postoperative risk pre-

diction and care coordination [45]; diabe-
tes management framework integrating
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Table 15 cont.

biomedical, lifestyle, and psychosocial in-
formation [42]

End-to-end clinical data pipeline from in-

gestion to inference [49]; electrophysiology
Autonomy, Tool Use & Orches-  workflow automation [50]; three-agent
4 tration, Safety & Compliance, hospital operations system supporting
Multi-Agent Collaboration onboarding, documentation, and triage

[40]; healthcare insurance automation with

empirical compliance evaluation [47]

Administrative
Workflows

Studies spanning multiple healthcare do-
2 Mixed principle coverage mains or providing taxonomy-level evi-
dence across agentic Al applications

Cross-Domain /
Multi-Domain

Table 15 shows that empirical evidence remains concentrated in Clinical Decision Sup-
port, while Patient Monitoring and Administrative Workflow applications are comparatively
less represented. Across all domains, technical capabilities are generally better supported than
governance-related aspects, reinforcing the broader pattern identified throughout the review.

6.8.1 Clinical Decision Support

Clinical Decision Support (CDS) was the most represented domain, accounting for 15
of the 25 included studies. Compared with other domains, the evidence base for CDS is rel-
atively more mature because studies more frequently employed benchmark datasets, retro-
spective clinical records, comparative evaluations, or clinically grounded validation settings.
These characteristics provide stronger evidence of technical capability and task-level effec-
tiveness than is currently available in other healthcare domains.

Nevertheless, most CDS studies remain focused on bounded decision-support scenarios
rather than prospective clinical implementation. The literature demonstrates that agentic sys-
tems can assist with diagnosis, treatment planning, evidence retrieval, and patient-specific
recommendation generation, but substantially less evidence exists regarding their integration
into routine clinical workflows. Consequently, the primary limitation is not the absence of
agentic capability, but the lack of evidence showing that these systems can operate safely and
effectively within real clinical environments that require oversight, auditability, accountability,
and patient-outcome evaluation. Future research should therefore move beyond performance
validation toward prospective assessments of clinical effectiveness, workflow integration, and
deployment readiness.

6.8.2 Patient Monitoring and ICU

Patient Monitoring and ICU-related applications accounted for 4 of the 25 included
studies. The available evidence suggests that agentic Al is emerging primarily in structured or
semi-structured monitoring scenatios, including chronic disease management, neurological
support [46], ophthalmic screening [53], postoperative surveillance [45], and diabetes man-
agement [42]. These applications generally involve more predictable data streams and nar-
rower evaluation targets than high-acuity ICU environments, which may partly explain the
current distribution of evidence.

Opverall, the literature supports early-stage feasibility rather than mature deployment.
Several studies reported encouraging task-level performance and clinically relevant support
functions, but prospective validation remains limited. In particular, there is little evidence
regarding the performance of agentic monitoring systems in dynamic environments where
patient conditions change rapidly and escalation decisions are time-sensitive. Future studies
should evaluate whether agentic monitoring systems improve deterioration detection, escala-
tion accuracy, clinician workload, patient outcomes, and safety when deployed within real
clinical workflows.

6.8.3 Administrative Workflows

Administrative Workflow applications also accounted for 4 of the 25 included studies
and were predominantly evaluated through proof-of-concept or constrained workflow set-
tings [59]. The evidence suggests that agentic Al may support a range of operational tasks,
including documentation automation [50], data processing, workflow routing, prior authori-
zation, anonymization, and administrative decision support.
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However, the current evidence remains closer to operational feasibility than deployment
readiness. Although administrative systems are often perceived as lower risk than diagnostic
or treatment-support systems, they can still influence important aspects of healthcare delivery,
including documentation integrity, referral pathways, insurance coverage, claims processing,
patient access, PHI management, auditability, and institutional compliance. Consequently, the
central challenge is not only technical performance but also the ability of these systems to
operate within healthcare's regulatory, legal, and accountability requirements [64].

Future research should therefore evaluate administrative agentic Al under real opera-
tional conditions, with particular attention to error propagation, compliance, privacy and se-
curity protection, audit-trail integrity, staff workload, and downstream effects on patient ac-
cess and continuity of care. Compared with clinical decision support, administrative work-
flows may provide a more accessible pathway toward near-term deployment; however, sub-
stantial governance and validation challenges remain before widespread adoption can be jus-

tified.

7. Discussion and Limitations

This review synthesized recent empirical evidence on agentic Al in healthcare through a
deployment-readiness perspective. The findings indicate that progress across the field is une-
ven. While a growing number of studies demonstrate bounded technical capabilities such as
autonomy, planning, tool use, and multi-agent collaboration, substantially less evidence exists
for the governance conditions required for clinical translation. In particular, Human-in-the-
Loop (HITL) oversight, safety and compliance, privacy and security safeguards, equity-sensi-
tive evaluation, and post-deployment monitoring remain underrepresented relative to the
pace of technical development. Taken together, the evidence suggests that agentic healthcare
Al is becoming increasingly feasible in controlled settings, yet its readiness for safe, account-
able, and equitable clinical deployment remains insufficiently validated.

These findings should be interpreted in light of several limitations. First, the review pro-
tocol was not prospectively registered, limiting external verification of protocol adherence.
Second, the 16-month review window was intentionally selected to capture the most recent
empirical evidence, but this choice reduces historical contextualization and may exclude rap-
idly emerging studies published after the search period. Third, Google Scholar searching and
citation chasing improved retrieval breadth but are inherently less reproducible than struc-
tured database searches; however, peer-review status and eligibility criteria were verified be-
fore study inclusion. Fourth, data extraction, quality appraisal, and principle coding were not
independently duplicated with a formal inter-rater reliability assessment. Fifth, citation counts
were used solely as descriptive metadata and should be interpreted cautiously because many
included studies were recently published. Sixth, substantial heterogeneity in study design, out-
come reporting, and evaluation context precluded quantitative meta-analysis and necessitated
narrative synthesis. Finally, the limitations of the underlying literature also constrain the con-
clusions of this review. Most studies remain laboratory, benchmark, proof-of-concept, or ret-
rospective evaluations, and none reported demographic-stratified performance outcomes.

The most important finding is the gap between capability-oriented evidence and deploy-
ment-readiness evidence. Capability-related principles appeared more frequently and were
typically supported by measurable outcomes such as benchmark performance, workflow ef-
ficiency, reasoning quality, or comparison against baseline systems. In contrast, governance-
oriented principles, particularly HITL oversight and Safety, Alignment, and Compliance, were
evaluated less frequently and were more often discussed through policy analyses, design rec-
ommendations, or taxonomy-oriented assessments rather than direct empirical validation.
This distinction is particularly important because agentic Al systems differ from conventional
clinical Al tools. Their behavior may emerge from multi-step planning, interaction with ex-
ternal tools, coordination among specialized agents, and evolving intermediate outputs. Con-
sequently, strong task performance alone is insufficient to establish deployment readiness. A
system may achieve high benchmark accuracy while still lacking validated escalation proce-
dures, auditability mechanisms, privacy and security safeguards, subgroup robustness, or post-
deployment monitoring processes. The evidence therefore supports cautious optimism re-
garding technical feasibility, but it does not yet justify broad claims of clinical effectiveness or
deployment safety.
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These findings extend prior reviews that primarily classify agentic Al according to appli-
cation domains, architectural paradigms, or functional categories [15]-[19]. Such classifica-
tions are valuable for mapping the field, but they do not directly address whether agentic
systems are prepared for regulated healthcare deployment. By applying an evidence-informed
seven-principle framework, the present review shifts the focus from the question of where
agentic Al is being used to the question of which deployment-relevant principles are sup-
ported by empirical evidence. This distinction provides additional insight beyond application-
or architecture-based taxonomies. Reviews centered on system categories can identify growth
in LLM agents, multi-agent architectures, or workflow assistants, but they may obscure
whether those systems incorporate explainability, oversight, safety controls, privacy protec-
tions, or equity-sensitive validation. The current synthesis demonstrates that these govern-
ance-related dimensions are not progressing at the same rate as technical capabilities. As a
result, the framework offers a deployment-readiness perspective that is less visible in conven-
tional taxonomic or scoping reviews.

7.1. Meaning of the Laboratory-to-Clinic Gap

The evaluation setting strongly influences how current evidence should be interpreted.
Most included studies were conducted in laboratory, benchmark, synthetic, proof-of-concept,
or retrospective environments. These studies are valuable because they establish whether
agentic mechanisms can be implemented, measured, and evaluated. However, they provide
limited evidence regarding how such systems behave within live clinical workflows, where
patient information may be incomplete, priorities change over time, clinicians disagree, and
institutional constraints shape implementation decisions.

The current literature appears to occupy an early stage of the translational pathway.
Benchmark and proof-of-concept studies primarily establish technical feasibility, whereas ret-
rospective clinical studies offer greater ecological validity. Active deployment studies provide
the strongest evidence for workflow integration, user behavior, accountability, safety, and
patient impact, yet such studies remain uncommon. Consequently, the strongest conclusion
supported by the current evidence is not that agentic Al is clinically ready, but rather that the
field has matured sufficiently to justify prospective deployment-oriented evaluation. The next
phase of research should therefore focus on validating performance under real-world condi-
tions rather than continuing to rely predominantly on controlled experimental environments.

7.2. Interdependence of the Seven Principles

The seven principles should not be interpreted as independent checklist items. The ob-
served co-occurrence patterns suggest that agentic systems operate as integrated sociotech-
nical architectures in which multiple principles interact simultaneously. Planning frequently
depends on tool use; tool use requires reliable orchestration and auditability; multi-agent col-
laboration can supportt critique, validation, and consensus formation while simultaneously
creating accountability challenges; and autonomy becomes clinically acceptable only when
bounded by oversight and safety mechanisms.

This interdependence has important implications for evaluation. Assessing individual
capabilities in isolation may fail to reveal risks that emerge when multiple capabilities interact.
For example, a tool-using agent may perform well when each component is tested inde-
pendently but fail when tool outputs conflict, data are incomplete, workflow interruptions
occur, or escalation procedures are pootly defined. Similatly, strong autonomy without cor-
responding oversight may increase operational efficiency while simultaneously increasing gov-
ernance risk. Future evaluations should therefore assess not only whether individual principles
are present, but also whether they function together in ways that are clinically safe, explaina-
ble, accountable, and governable.

7.3. Broader Implications for Research, Practice, and Regulation

For researchers, the findings suggest that the next stage of agentic healthcare Al evalua-
tion should move beyond task completion and final-answer accuracy. Future studies should
examine reasoning validity, tool-failure recovery, escalation thresholds, clinician workload,
privacy and security safeguards, demographic subgroup performance, auditability, and post-
deployment monitoring. These outcomes are essential if agentic systems are to progress from
technical prototypes toward clinically responsible technologies.
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For healthcare organizations, the findings support a cautious and evidence-based imple-
mentation strategy. Agentic Al may provide value across clinical decision support, patient
education, monitoring, documentation, and administrative workflows, but deployment deci-
sions should remain aligned with the maturity of the supporting evidence. Systems validated
only through benchmark or proof-of-concept evaluations should generally be regarded as
experimental or assistive technologies rather than clinically validated autonomous systems.

For regulators and policymakers, the review highlights the need for evaluation frame-
works capable of addressing dynamic, multi-step, tool-using, and potentially adaptive Al sys-
tems. Existing healthcare Al governance frameworks already emphasize transparency, human
oversight, safety, accountability, and lifecycle monitoring [26]-[28]. The evidence synthesized
in this review suggests that these requirements become even more important in the context
of agentic Al because system behavior may evolve across reasoning steps, tool interactions,
and agent-to-agent coordination. Consequently, future governance approaches may need to
evaluate not only final outputs but also the processes through which agentic systems arrive at
those outputs, particularly in high-stakes clinical environments.

8. Conclusion

This systematic review makes four contributions beyond prior work. First, it synthesizes
recent peer-reviewed empirical evidence on agentic Al across Clinical Decision Support
(CDS), Patient Monitoring and ICU-related applications, and Administrative Workflows. Sec-
ond, it introduces an evidence-informed seven-principle synthesis framework that integrates
established concepts from agentic Al healthcare governance, and clinical Al ethics into a
unified deployment-readiness perspective. Third, it maps the distribution and co-occurrence
of these principles across the empirical literature, revealing how technical and governance-
related dimensions are represented in current research. Fourth, it identifies specific deploy-
ment-readiness gaps that should be addressed before agentic Al systems can be responsibly
translated into clinical practice.

The findings reveal a clear imbalance in the current evidence base. Capability-oriented
principles, including Autonomy and Goal-Directed Behavior, Planning and Multi-Step Rea-
soning, Tool Use and Orchestration, and Multi-Agent Collaboration, are comparatively well
represented and frequently evaluated together. Across multiple healthcare domains, studies
report encouraging evidence of technical feasibility and task-level performance, including ap-
plications in oncology, rare-disease diagnosis, radiomics-supported therapy prediction, patient
monitoring, and multi-specialty clinical reasoning. In contrast, governance-oriented principles
receive substantially less empirical attention. Human-in-the-Loop (HITL) Oversight appears
in only 32% of included studies, while Safety, Alignment, and Compliance appears in only
24%. Furthermore, none of the included studies reported demographic-stratified perfor-
mance outcomes. Collectively, these findings suggest that technical capabilities are advancing
more rapidly than the governance evidence required to support safe, accountable, and equi-
table deployment.

Several research priorities emerge directly from these findings. First, future studies
should place greater emphasis on prospective clinical evaluations that assess patient outcomes
rather than relying primarily on task-level performance metrics. Second, demographic sub-
group analysis should become a routine component of evaluation to support fairness and
equity assessment. Third, greater methodological consistency is needed through standardized
evaluation protocols that facilitate comparison across studies and application domains.
Fourth, more rigorous investigation of HITL oversight mechanisms is required, including
escalation thresholds, intervention strategies, and responsibility allocation across different lev-
els of clinical risk. Fifth, future work should develop and validate safety-assessment method-
ologies that align with emerging healthcare Al governance requirements, including those re-
flected in the EU Al Act and evolving FDA guidance for adaptive Al and machine learning
systems [26]-[28].

Opverall, the evidence indicates that the central question is no longer whether agentic Al
systems can perform healthcare-related tasks with increasing autonomy. Rather, the more
pressing challenge is whether the field can generate the governance, safety, oversight, and
validation evidence necessary to support responsible deployment. The seven-principle frame-
work presented in this review provides a structured basis for assessing that progress and for
guiding future research toward clinically meaningful and deployment-oriented evaluation.
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