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Abstract

Revenue cycle inefficiencies, including claim denials, coding errors, delayed reimbursement, and prior authorization
workload, impose substantial administrative and financial burdens on healthcare organizations. Machine learning has
been proposed as a decision-support approach for improving prediction, automation, and workflow prioritization in
these areas. This systematic review examined peer-reviewed and closely related scholarly literature from 2017 to
2023 on machine learning for healthcare revenue cycle analytics. The review focused on claim denial prediction,
coding automation, payment delay forecasting, and prior authorization support. A PRISMA 2020-compliant review
process was used, including structured database searching, dual screening, and domain-based narrative synthesis.
Risk of bias was assessed using criteria adapted from PROBAST-AI, with attention to temporal validation, data
leakage, and implementation relevance. The literature showed the greatest maturity in automated clinical coding and
emerging but narrower evidence for claim denial prediction. Evidence for payment delay forecasting and prior
authorization support was more limited, with few studies describing prospective implementation or measured
operational impact. Machine learning shows promise for improving revenue cycle decision support, but most evidence
remains retrospective and technically oriented. Deployment is constrained by data fragmentation, explainability
requirements, workflow integration, and regulatory caution.
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Introduction

Healthcare revenue cycle management is increasingly shaped by administrative complexity, payer-specific rules, coding
requirements, and the need to manage reimbursement risk across fragmented data systems. Machine learning has been
proposed as a way to identify preventable claim denials, classify reimbursement risk, and prioritize administrative work
before revenue leakage occurs [1-3]. Several studies and related analyses have framed claim denials and reimbursement
uncertainty as problems that can be approached using predictive analytics rather than purely retrospective reporting [1,
4]. In this context, revenue cycle analytics is not only a financial function but also a socio-technical domain where clinical,
operational, and payer-facing information must be integrated.
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The four revenue cycle domains examined in this review are interlinked because coding quality, authorization status,
payer behavior, and claim history jointly influence payment outcomes. Automated clinical coding has been the most
technically developed area, with deep learning and natural language processing systems using clinical notes to assign
ICD codes and related billing concepts [5-8]. Prior authorization support has also emerged as a target for machine
learning because staff must interpret clinical documentation, payer requirements, and approval criteria under time
pressure [9-11]. Payment delay forecasting and accounts receivable prediction remain less mature, although they are
closely connected to denial management and cash flow optimization [3, 12].

A systematic review is warranted because the literature grew rapidly between 2017 and 2023 but remained uneven
across revenue cycle domains. Coding automation studies often emphasized model architecture and label prediction,
whereas denial prediction and prior authorization studies more often focused on operational feasibility and administrative
burden [7, 13, 14]. Reviews of automated clinical coding have highlighted technical progress but have not fully situated
these methods within the broader revenue cycle pathway that links documentation, coding, authorization, claims, and
payment [15, 16]. The present review therefore synthesizes evidence across related but previously siloed areas.

This review followed PRISMA 2020 principles and restricted the search period to studies published from 2017 through
2023. The scope included machine learning, natural language processing, and explainable decision-support systems
relevant to claim denials, coding automation, payment delays, prior authorization, and reimbursement risk. Because the
objective was systematic synthesis rather than model development, no new experiments, model training, or quantitative
pooling were conducted. The review emphasizes reported study designs, data sources, validation approaches,
implementation maturity, and recurring limitations.

Materials and Methods
Search strategy

The search strategy was developed to capture studies on machine learning for revenue cycle analytics, including claim
denial prediction, automated coding, payment delay forecasting, prior authorization, and reimbursement risk. PubMed,
Scopus, IEEE Xplore, and Web of Science were searched using combinations of terms such as “claim denial prediction,”
“machine learning,” “revenue cycle,” “automated coding,” “ICD,” “CPT,” “prior authorization,” “payment delay,” “accounts
receivable,” and “explainable artificial intelligence”. Searches were limited to publications from 2017 through 2023 and
English-language records. Reference lists of relevant review articles and highly cited coding automation papers were also
screened to identify additional eligible studies.

Inclusion and exclusion criteria

Studies were eligible if they reported original machine learning, deep learning, natural language processing, or predictive
analytics methods relevant to at least one target revenue cycle domain. Eligible domains included claim denial prediction,
reimbursement risk, automated clinical coding, charge capture support, payment delay forecasting, prior authorization
support, and revenue cycle implementation or explainability. Studies were excluded if they were opinion pieces without
empirical or methodological content, purely clinical prediction studies without revenue cycle relevance, or simulation-only
studies that did not involve machine learning. Reviews were retained only when they provided structured synthesis
directly relevant to automated coding or revenue cycle analytics.

Screening and selection

Titles and abstracts were screened independently by two reviewers, followed by full-text assessment of potentially
relevant articles. The PRISMA flow comprised 1,550 records identified, 1,212 records after duplicate removal, 200 full-text
articles assessed, and 31 studies retained for synthesis after applying eligibility criteria. Common exclusion reasons
included absence of a machine learning method, focus on clinical outcomes without billing or administrative relevance,
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lack of revenue cycle linkage, or publication outside the 2017-2023 window. Disagreements were resolved through
discussion, with emphasis on whether the study meaningfully addressed denial prediction, coding automation, payment
delay, or prior authorization support.

Figure 1 presents the PRISMA 2020 flow diagram detailing the identification, screening, eligibility, and inclusion of
studies.
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paita extraction capuurea piplnograpnic aetals, revenue cycCie aomain, aata source, preaiction or automation target, moaei
type, validation strategy, and implementation status. For coding automation studies, extracted items included code
system, clinical text source, label structure, and whether interpretability or human review was described. For denial and
prior authorization studies, extracted items included claim-level features, payer-related variables, clinical documentation
sources, and workflow relevance. For payment delay and reimbursement-risk studies, the extraction emphasized financial
outcome definition, temporal ordering, and relationship to accounts receivable operations.

Risk of bias assessment

Risk of bias was assessed using PROBAST-Al-informed criteria adapted to revenue cycle prediction problems. Particular
attention was given to whether studies separated training and evaluation data temporally, avoided leakage from post-
adjudication variables, and defined outcomes consistently with operational decision points. Coding studies were assessed
for label imbalance, external validation, documentation bias, and whether evaluation reflected coder-facing workflows
rather than only benchmark performance. Prior authorization and payment delay studies were assessed for payer-specific
generalizability, transparency of feature construction, and whether deployment or user interaction was described.

Synthesis methods

A narrative synthesis was conducted because heterogeneity in data sources, labels, prediction targets, and evaluation
methods prevented meta-analysis. Studies were grouped into claim denial prediction, coding automation, payment delay
forecasting, prior authorization support, data and feature engineering, explainability, and implementation maturity. Vote
counting was used descriptively to characterize recurring model families and deployment status, without pooling
performance results. This approach was chosen to preserve systematic-review rigor while avoiding inappropriate
comparison across studies with different targets, data environments, and validation designs.

Results and Discussion
Study selection

The final evidence set included 31 studies or closely related scholarly publications from 2017 to 2023. Screening showed
that coding automation generated the largest body of eligible work, while claim denial prediction, prior authorization
support, and payment delay forecasting were represented by fewer studies [1, 7, 9, 10]. Excluded full texts most often
addressed general healthcare artificial intelligence, clinical risk prediction, or administrative burden without a specific
machine learning revenue cycle application.

Study characteristics

The publication trend suggested growing interest in automated coding and explainable administrative prediction over the
review window. Studies were concentrated in informatics, biomedical engineering, computer science, and healthcare
management venues, reflecting the interdisciplinary nature of revenue cycle analytics [5, 7, 13, 14]. The included
literature was geographically and institutionally heterogeneous, but many studies relied on benchmark datasets, single-
institution data, or proprietary administrative datasets. This limited the extent to which findings could be generalized
across payer contracts, coding practices, and national reimbursement systems [1, 3, 6, 17].

Claim denial prediction: models and features
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Claim denial prediction studies commonly framed reimbursement risk as a supervised classification problem using claim-
level, payer-level, and administrative features. Several studies reported using machine learning to identify patterns
associated with denied or problematic claims, including payer attributes, service categories, submission characteristics,
and historical outcomes [1, 2, 4]. Some studies also emphasized the need for socially responsible implementation
because prediction models can influence staff prioritization and organizational financial behavior [1]. However, the
evidence base remained narrower than that for clinical coding automation.

Claim denial prediction: operational impact

Only a small subset of denial-related studies described how predictions could be translated into denial prevention
workflows. Most evidence was retrospective, with limited reporting on whether models reduced denial rates, accelerated
appeals, or improved net collection in real deployment [1, 3, 4]. The reviewed literature therefore supports the feasibility of
denial prediction but provides weaker evidence for measurable operational impact. This gap is important because
revenue cycle leaders require evidence that predictive tools alter work queues, payer follow-up, and financial outcomes
rather than merely stratifying risk.

Coding automation: deep learning and NLP methods

Automated clinical coding was the most developed area, with studies applying convolutional networks, recurrent models,
attention mechanisms, graph-based methods, and transformer-related approaches to clinical text. Several studies used
discharge summaries, progress notes, or other narrative documentation to predict ICD codes and related structured
labels [5, 13, 14, 18]. Later studies emphasized label attention, hierarchical structure, and semantic relationships among
codes, reflecting the complexity of coding as a multi-label task [19-21]. This literature demonstrated consistent
methodological innovation, although most studies focused on retrospective benchmark evaluation rather than revenue
cycle deployment.

Coding automation: real-world implementation and human interaction

Coding automation studies increasingly recognized that model output must be interpretable and usable by professional
coders. Explainable coding systems used attention mechanisms, label descriptions, and clinical concept alignment to
support review of suggested codes [6, 22, 23]. Several studies noted that coding automation is not simply a classification
problem because human coders must evaluate documentation quality, compliance rules, and payer-specific billing
requirements [7, 17]. As a result, the most plausible near-term role for automated coding appears to be decision support
rather than autonomous billing submission.

Payment delay forecasting: data and approaches

Payment delay forecasting was less frequently studied than denial prediction or coding automation. Relevant studies and
adjacent reimbursement-risk analyses used administrative timing, payer type, claim attributes, and care transition
variables to predict delays or financial burden linked to payment processes [3, 12]. Compared with coding automation, the
literature was less standardized in outcome definitions and less explicit about model deployment. The available evidence
suggests feasibility but not sufficient maturity to support broad conclusions about operational effectiveness.

Payment delay forecasting: limitations and maturity

The payment delay literature was constrained by scarce prospective validation, inconsistent definitions of delay, and
limited reporting of accounts receivable workflow integration. Studies often focused on related operational delay or
reimbursement burden rather than directly forecasting days in accounts receivable or cash realization [3, 12]. This
created difficulty in distinguishing clinically driven delay, payer adjudication delay, and provider-side billing process delay.
Consequently, payment delay forecasting remains an underdeveloped but strategically important area for future revenue
cycle machine learning.
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Prior authorization support: predictive models

Prior authorization studies addressed prediction of authorization need, administrative classification, and support for
determining whether documentation satisfies payer requirements. Textual and structured features from orders, clinical
documentation, and payer-facing requests were used to model authorization-related tasks [9-11]. Several studies
emphasized that prior authorization is a high-burden process because it requires matching clinical evidence to payer-
specific criteria. The evidence suggests that machine learning can support triage and classification, but payer-side
decision logic remains largely inaccessible to provider-side model developers [9, 11].

Prior authorization support: automation and NLP

Natural language processing was central to prior authorization support because required evidence is often embedded in
clinical narratives. Studies examined automated text classification, evidence extraction, and active learning approaches
for reducing manual review burden [9, 10]. Broader informatics commentary also framed artificial intelligence as a
potential way to make authorization workflows more responsive and less burdensome for patients and clinicians [11].
However, the literature rarely demonstrated end-to-end automation from clinical documentation to payer submission and
approval.

Common data sources and feature types

Across domains, studies drew on claims, remittance information, EHR data, clinical notes, payer characteristics,
diagnosis codes, procedure codes, and administrative timestamps. Coding automation relied heavily on clinical text and
structured labels, whereas denial prediction and reimbursement-risk studies emphasized claim attributes and financial
outcomes [1, 3, 5, 8]. Prior authorization support used a mixture of clinical documentation, order context, and
administrative request information [9-11]. This diversity of data sources underscored the importance of feature
engineering and the challenge of integrating EHR, billing, clearinghouse, and payer-portal data.

Model types and performance comparison

The reviewed studies used a wide range of models, including tree-based classifiers, neural networks, convolutional
architectures, attention models, graph-enhanced methods, and transformer-oriented approaches. Coding automation
showed the greatest methodological diversity, with label attention, residual convolution, hyperbolic representation, and
hierarchical learning approaches appearing across several studies [19-21, 24]. Denial and reimbursement-risk studies
were more likely to emphasize structured administrative features and classification workflows [1, 2, 4]. Because outcomes
and validation designs differed substantially, the review did not conduct direct performance ranking across domains.

Implementation maturity and barriers

Implementation maturity was generally low across the evidence base, especially outside coding automation. Common
reported barriers included fragmented data access, payer-specific rules, label imbalance, lack of external validation,
limited explainability, coder trust, and uncertainty about regulatory responsibility [6, 7, 16, 17]. Denial and authorization
studies highlighted the challenge of converting predictions into workflow changes that staff can trust and act upon [1, 9,
11]. Overall, the literature supported technical feasibility but offered limited evidence of sustained, live revenue cycle
deployment.

Table 1 provides a cross-domain analytical comparison of machine learning maturity, data dependencies, and operational
readiness across revenue cycle functions.

Table 1. Cross-Domain Analytical Comparison of Machine Learning Maturity, Data Dependence, and Operational
Readiness in Revenue Cycle Analytics
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Domain Core Prediction Task Data Model Validation Workflow Explainability Opel
Dependency Maturity Rigor Integration Requirement Rea
Profile Complexity L
Claim Denial  Binary classification of Structured  Moderate  Moderate Medium High (financial Em
Prediction denial risk claims, payer (mostly (requires decision
features, retrospective) work queue  justification)
historical redesign)
outcomes
Coding Multi-label classification  Clinical text High High High Very High Adv
Automation  (ICD/CPT assignment)  (EHR notes), (benchmark-  (human-in- (audit and (de
structured heavy, limited the-loop compliance su
codes external requirement) critical) st
validation)
Payment  Regression/classification Administrative Low— Low Medium Moderate Earl
Delay of reimbursement timing  timestamps, Moderate (inconsistent (integration
Forecasting payer type, definitions) with AR
claim systems)
attributes
Prior Classification and triage Clinical Moderate Low— Very High Very High Expe
Authorization  of authorization need  documentation Moderate (payer- (clinical and
Support + payer provider payer
criteria interaction justification)
complexity)
Cross- Sequential prediction Multi-source  Very Low Minimal Very High High Con
Domain across lifecycle integrated (system-
Integration datasets level
integration)

Denial prediction is the revenue cycle low-hanging fruit

Claim denial prediction appears to be a comparatively accessible revenue cycle use case because claims and remittance
data already contain structured signals that can be converted into predictive features. Several studies reported that
machine learning can identify claims at risk of denial or reimbursement difficulty, especially when payer, service, and
claim history variables are available [1, 2, 4]. The central limitation is not whether prediction is possible but whether
prediction changes staff behavior early enough to prevent denial. Future studies should therefore measure operational
response, appeal prioritization, and preventable denial reduction rather than only retrospective model discrimination.

Coding automation is maturing but faces a human-acceptance wall

Automated coding is methodologically mature compared with other revenue cycle domains, but implementation depends
on human trust, auditability, and compliance alignment. Studies using attention, label descriptions, and explainable
architectures have moved the field toward coder-facing decision support [5, 6, 22, 23]. Nevertheless, clinical coding
involves documentation interpretation, billing rules, and legal accountability, which limits the acceptability of fully
autonomous code assignment [7, 17]. The strongest near-term pathway is likely augmented coding, where systems
propose codes and evidence while human professionals retain final responsibility.

Payment delay forecasting is under-researched and ripe for exploration
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Payment delay forecasting is directly relevant to cash flow, staffing, and accounts receivable management, yet it remains
underrepresented in the reviewed literature. Adjacent studies on financial burden and operational delay show that
administrative and payer-related data can support prediction of reimbursement-related outcomes [3, 12]. The lack of
standardized outcomes makes it difficult to compare studies or define what constitutes actionable delay. Future work
should distinguish denial-related delay, payer adjudication delay, documentation-related delay, and provider-side billing
delay.

Prior authorization support: the next frontier

Prior authorization is a strong candidate for machine learning support because it combines administrative complexity,
clinical documentation review, payer rules, and time-sensitive care coordination. Studies applying text classification and
active learning suggest that models can help identify authorization requirements and support review of documentation [9,
10]. Conceptual work also argues that artificial intelligence could reduce the burden of prior authorization if implemented
in a transparent and patient-centered manner [11]. However, insurer-side criteria and approval logic remain opaque,
limiting the ability of provider-side models to fully anticipate outcomes.

Cross-domain integration is absent

The review found little evidence of integrated revenue cycle artificial intelligence platforms that address denial prediction,
coding automation, payment delay forecasting, and prior authorization together. Most studies were domain-specific, with
coding studies focusing on text-to-code prediction and denial studies focusing on claim-level risk [1, 5, 13, 18]. This
separation does not reflect real revenue cycle operations, where documentation, coding, authorization, claims
submission, payer response, and payment timing are sequentially connected. Integrated modeling could help identify
upstream interventions that reduce downstream denials and payment delays.

Figure 2 illustrates the integrated machine learning architecture across revenue cycle domains, linking heterogeneous
data sources to decision-support outputs and downstream operational outcomes.

Tier1 Tier 2 Tier 3 Tier 4 Tier 5

Input Data Sources Feature Engineering Machine Learning Decision Support Operational Impact
Layer Models Outputs
Clinical Claim Denial
Documentation ) i o Risk Scores Workflow Integration
(EHR Notes) Feature Extraction Prediction & Financial Outcomes
& Integration
Reduced denials
Claims & MLP (text) Coding |+, [
: ested Codes
Billing Data Automation uog
- — —_ Improved coding
Structured accuracy
variables P Del.
Payer Rules & CUEL ,e 2y, Delay Predictions
Policies Forecasting Optimized cash flow
Temporal
sequencing Reduced
4 e S educe
Administrative & Prior Authorization Authorization admiisiativa bldan
Temporal Data Support Triage

Figure 2. Integrated Machine Learning Architecture for Healthcare Revenue Cycle Analytics (2017—2023 Evidence
Synthesis)
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The explainability and audit imperative

Explainability is essential in revenue cycle machine learning because predictions can affect billing decisions, staff
workflows, patient financial exposure, and audit risk. Coding studies have made the most progress, using attention
mechanisms, label-wise explanations, and clinical concept mapping to improve transparency [6, 17, 22, 23]. Denial
prediction and prior authorization support need similar explainability because staff must understand why a claim or
authorization request is being flagged [1, 9, 11]. Without interpretable outputs, revenue cycle tools may struggle to gain
user trust or satisfy compliance expectations.

From retrospective accuracy to prospective impact

The dominant evidence pattern was retrospective evaluation, with limited prospective implementation research. This
issue was visible across coding, denial prediction, payment delay forecasting, and prior authorization support [1, 7, 15,
16]. Retrospective accuracy is useful for feasibility assessment, but it does not show whether models improve revenue
cycle outcomes in live workflows. The field now needs prospective studies that evaluate workflow adoption, staff
workload, financial impact, fairness, and unintended consequences.

Table 2 outlines the conceptual relationships between model design decisions, revenue cycle impact pathways, and

potential failure risks.

Table 2. Conceptual Framework Linking Model Design Choices to Revenue Cycle Impact Pathways and Failure Risks

Model Design Design Choice
Dimension
Temporal Random split vs.
Validation temporal split

Feature Selection Inclusion of post-

adjudication variables

Explainability
Mechanism

Attention, SHAP, rule-
based explanations

Label Definition Proxy labels vs.

operational outcomes

Data Integration Single-source vs.

multi-source data

Human-in-the- Fully automated vs.

Loop Design assisted decision-
making
Deployment Retrospective vs.
Strategy prospective
evaluation

Generalizability Single-institution vs.
multi-institution

training

Revenue Cycle Impact
Pathway

Ensures realistic
prediction of future
claims and payments

Enhances predictive
power artificially

Enables coder trust and
audit compliance

Aligns predictions with
financial metrics (e.g.,
denial rate)

Captures full revenue
cycle pathway
dependencies

Supports adoption and
accountability

Determines real
operational impact

Enables scalability
across payer
environments

Failure Mode if
Misalighed

Data leakage
inflating
performance

Invalid real-world
deployment

Model rejection by
staff

Misaligned
optimization targets

Fragmented
predictions with
limited utility

Compliance and
legal risk

No measurable
financial
improvement

Poor external
performance

Mitigation Strategy

Enforce strict temporal
validation aligned with
claim lifecycle

Restrict features to pre-
decision data only

Integrate interpretable
outputs into Ul workflows

Use revenue cycle—
relevant endpoints

Build interoperable
pipelines across EHR,
billing, payer systems

Maintain human oversight
for final decisions

Conduct silent-mode
pilots before rollout

Use diverse datasets and
external validation
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Limitations

Review limitations

This review was limited to English-language publications from 2017 through 2023 and may have missed relevant
proprietary implementation reports or non-indexed operational studies. Heterogeneity in targets, datasets, code systems,
payer environments, and validation strategies prevented meta-analysis and required narrative synthesis [7, 15, 16]. The
evidence base also mixed peer-reviewed journal articles, conference proceedings, and closely related scholarly
publications, reflecting the interdisciplinary nature of the field. Because many revenue cycle tools are developed
commercially, the published literature may underrepresent real-world deployment experience.

Evidence base limitations

The reviewed evidence was limited by retrospective designs, single-institution datasets, benchmark dependence, and
incomplete reporting of implementation context. Coding automation studies often reported technical validation without
sufficient discussion of coder workflow, while denial and authorization studies rarely reported prospective operational
outcomes [1, 6, 7, 17]. Payment delay forecasting was especially underdeveloped, with few studies directly targeting
accounts receivable or cash flow outcomes [3, 12]. These limitations mean that the current literature supports technical
promise more strongly than it supports broad deployment readiness.

Comparison with prior reviews

Prior reviews have mostly examined automated clinical coding, clinical natural language processing, or general
healthcare artificial intelligence rather than revenue cycle analytics as a unified operational domain. Reviews and
benchmark-oriented studies on coding have clarified progress in ICD prediction but have not centered denial prevention,
prior authorization, payment delay, or cash flow outcomes [15, 16]. Earlier coding work also helped establish the technical
foundation for later models using deep learning and attention-based classification [25, 26]. As a result, prior syntheses
only partially address the financial and administrative decisions that define revenue cycle management.

This review differs by synthesizing claim denial prediction, automated coding, payment delay forecasting, and prior
authorization support as interdependent components of the same revenue cycle pathway. Several coding studies
demonstrated how clinical documentation can be converted into structured billing-relevant labels, while denial and
authorization studies showed how administrative predictions can support reimbursement workflows [1, 5, 9, 27]. Studies
using long-document modeling, clinical coding benchmarks, and hierarchical label learning further illustrate that technical
coding advances may influence downstream billing accuracy and claim integrity [28-30]. This broader framing helps
connect model development to operational revenue cycle consequences.

The review also highlights a deployment gap that is less visible in prior technical reviews. Across domains, studies
commonly emphasized retrospective validation, while few reported prospective deployment, financial return, workflow
redesign, or staff adoption outcomes [3, 7, 11, 17]. This gap is especially important because revenue cycle artificial
intelligence must be auditable, explainable, and integrated into existing EHR, billing, and payer-facing systems [6, 22, 31].
Future reviews should therefore evaluate not only model architecture but also implementation maturity and measurable
operational impact.

Recommendations

Future research should prioritize prospective, multi-institutional studies with standardized revenue cycle outcomes,
including denial rate, appeal success, clean claim rate, days in accounts receivable, authorization turnaround time, and
net collection impact. Health systems should begin with silent-mode pilots that compare model recommendations with
existing staff decisions before moving to active workflow integration, especially for denial prediction, coding suggestions,
and prior authorization triage [1, 7, 9, 11]. Journals should require transparent reporting of data provenance, validation
design, leakage controls, workflow context, and operational outcomes, while industry developers should prioritize
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explainable and interoperable modules that connect EHR, coding, claims, remittance, and payer-portal data [6, 12, 17,
23]. Across all domains, machine learning should be implemented as accountable decision support rather than
autonomous revenue cycle action, with training, audit trails, and escalation pathways built into deployment [16, 22, 31].

Research gaps

The most pressing research gaps are the absence of prospective and randomized evaluations, limited measurement of
actual financial impact, weak external validation, and the lack of multi-domain platforms that connect documentation,
coding, authorization, claims, denials, and payment timing. Denial prediction and prior authorization studies need stronger
evaluation of fairness and potential reimbursement disparities, because algorithmic prioritization could unintentionally
disadvantage specific patient groups, service lines, or payer categories [1, 3, 9, 11]. Coding automation research should
move beyond benchmark accuracy toward coder interaction, compliance review, and auditability in real settings [6, 7, 17,
28]. Payment delay forecasting requires clearer outcome definitions and direct linkage to accounts receivable operations,
cash flow management, and staffing decisions [12].

Implications

For healthcare providers, the evidence suggests that current machine learning tools for revenue cycle management
should be locally validated and treated as decision support rather than autonomous agents. For payers and policymakers,
the review points to the need for transparency standards governing algorithm-assisted coding, denial management, and
prior authorization decisions, especially where model outputs may affect access, reimbursement, or patient financial
liability [3, 11]. For researchers, the field must move from retrospective prediction toward implementation science that
evaluates staff workload, trust, auditability, financial outcomes, and unintended consequences in real operational settings
[1, 6, 7, 31]. For vendors and health systems, the practical implication is that explainable, interoperable, workflow-aware
systems are more likely to be adopted than isolated prediction models [17, 22, 23].

Conclusion

Machine learning has demonstrated substantial technical promise across the main revenue cycle domains reviewed here.
Denial prediction and coding automation appear most mature, with coding automation showing the deepest
methodological development.

Payment delay forecasting and prior authorization support remain significantly less studied. These areas represent
important opportunities because they directly affect cash flow, administrative workload, and patient access to timely care.

The dominant gap is the lack of prospective, real-world deployment evidence. Most studies remain retrospective and
provide limited evidence about financial outcomes, staff adoption, workflow redesign, or sustained operational value.

Coordinated efforts among researchers, providers, payers, vendors, and regulators will be required to translate predictive
revenue cycle artificial intelligence into measurable financial and operational improvement. The next phase of work
should prioritize transparent, auditable, and workflow-integrated systems.
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