


Toward Explainable Detection of Hospital Cost-Allocation Anomalies: Evidence and Research Opportunities Using Medicare Cost Reports

Abstract
Each ss-certified hospital in the United States files an annual Medicare Cost Report (MCR, Form CMS-2552-10), in which total expenses are apportioned to standard cost centers and overhead is allocated to patient care departments by a statistical step-down procedure. While most Medicare inpatient reimbursements are paid prospectively, the MCR nonetheless underpins cost finding and allocation through cost-to-charge ratios, graduate medical education payments, and disproportionate share payments now based on reported uncompensated care. Nevertheless, independent comparisons have found missing items, discrepancies across sources, and computational errors in MCR data. This narrative review synthesizes three literatures that have developed largely independently: inquiry into the structure and data quality of the MCR itself; machine-learning approaches to detection of anomalies and fraud in Medicare claims and in provider data; and explainable artificial intelligence (XAI) in auditing and accounting. Sources were identified by targeted database searches and citation tracking rather than by systematic search. Fraud detection in Medicare is an established field, and XAI in auditing is emerging, but we found no application of explainable anomaly detection to hospital cost-allocation data at the level of cost centers. Based on the synthesis, the review proposes a domain-specific conceptual framework that maps the structure of the MCR onto auditable anomaly indicators, including allocation bases, administrative and general costs, employee benefit allocations, cost-to-charge ratios, reclassifications, and year-over-year changes, linking each to potential detection methods (robust z-scores, Isolation Forest, and the local outlier factor) and explanation methods such as SHAP. Since outliers may reflect differences in hospital size, case mix, facility organization, or reporting practices, the framework proposes that flagged data points be treated as investigative leads for auditors and regulators.
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1. Introduction
Medicare pays most acute care hospitals prospectively for inpatient care at predetermined rates per discharge based on diagnosis-related groups that were revised in 2008 to reflect the patients' severity of illness more closely (Gross et al., 2024). For most hospitals, then, Medicare payment is not a direct reimbursement of reported costs. The Medicare Cost Report (MCR) is nonetheless one of the most consequential financial reports a hospital produces. Each Medicare-certified hospital files the report annually, recording costs, charges, utilization, and payment information (Locey & Stein, 2023), and distributing the overhead to patient care departments via a step-down method of cost finding prescribed by regulation (42 C.F.R. § 413.24).
The report continues to influence payment in multiple ways. Departmental costs derived from cost finding are apportioned to Medicare by the ratio of Medicare charges to total charges (42 C.F.R. § 413.53), and direct graduate medical education payments are determined under cost-reporting provisions (42 C.F.R. §§ 413.75 to 413.83). Since 2018, the uncompensated care reported has entered the formula for Medicare disproportionate share payments, and some categories of hospitals increased the uncompensated care they reported after the change (Markell et al., 2026). The earlier evidence shows that when the services were reimbursed on the basis of reported cost, hospitals allocated their overhead costs towards those services (Eldenburg & Kallapur, 1997). Through Healthcare Cost Report Information System, the reports are also one of the main public sources of hospital financial data (Lamboy-Ruiz et al., 2019; Locey & Stein, 2023).
The two lines of evidence make the analytical properties of the MCR cost allocations a priority for research. First, health-services and accounting researchers have noted missing items, cross-source discrepancies, and avoidable computational errors in the MCR data, which limit its reliability as an analytical source (Lamboy-Ruiz et al., 2019; Chalmers et al., 2026). Second, a large machine-learning literature shows supervised and unsupervised methods can detect anomalous billing patterns in the Medicare claims and provider-level data (Johnson & Khoshgoftaar, 2019; Shekhar et al., 2026). The neither literature seems to address how explainable artificial intelligence (XAI) might be used to the specific features of cost-allocation data: the ordering of the step-down, the statistical basis of overhead, and the standard cost-center structure (42 C.F.R. § 413.24).
A central premise of this review is that an anomaly is not a sign of error or fraud on its own. Hospitals vary legitimately in size, case-mix, teaching status, facility design, and service mix, and the cost-finding rules themselves permit discretion, including changes of allocation base and sequence with the approval of a contractor (42 C.F.R. § 413.24). The statistical outliers can represent exceptional but valid circumstances as easily as recording errors (Rousseeuw & Hubert, 2018). The correct output of an anomaly-detection model applied to the cost reports is therefore a set of prioritized investigative leads, each with an explanation an auditor can test against the underlying records, not a finding of fraud.
This paper is a narrative, integrating review. It draws on representative studies from three literatures: MCR structure and data quality, anomaly and fraud detection in the Medicare and hospital data, and XAI in accounting and auditing, to characterize the present state of knowledge, and the gap between them. It does not contribute a new detection algorithm or an empirical test on HCRIS data. Rather, the review constructs a domain-specific conceptual framework that translates the structure of the MCR into auditable anomaly indicators, specifies an expected benchmark for each, and associates each to candidate detection and explanation methods. The framework is intended to provide future empirical studies, and audit and oversight functions with a starting point for explainable cost-allocation analytics.
2. Literature Review
2.1 The Medicare Cost Report and Cost-Allocation Practice
Under Medicare's cost-finding rules, hospitals distribute overhead on a step-down basis, allocating each general service cost center to the centers it serves, starting with the one that serves the most other centers while getting benefits from the fewest; once allocated, a center is closed and receives no more costs (42 C.F.R. § 413.24). Recorded expenses are first assigned to standardized cost centers, reclassified, and adjusted, and overhead is then distributed on statistical bases intended to approximate each department's use of the service. The fully allocated costs of revenue-producing departments are then apportioned to Medicare on the ratio of Medicare charges to total charges in each department (42 C.F.R. § 413.53). Because these steps rely on hospital-supplied statistics and classification choices, they are where allocation anomalies can arise. Table 1 summarizes the features of this process that are most consequential for anomaly detection.
Table 1. Structural Features of the Medicare Cost Report Relevant to Anomaly Detection
	Feature
	Description
	Relevance to Anomaly Detection

	Step-down allocation order
	General service cost centers are allocated sequentially; the center serving the most other centers is generally allocated first, and a center is closed once it has been allocated.
	Departures from the expected order, or unusual sequencing, can shift costs between departments and distort downstream cost-to-charge ratios.

	Statistical allocation bases
	Standard bases include measures such as square footage for capital and plant costs and gross salaries for employee benefits; changes in basis or sequence require contractor approval.
	Implausible or internally inconsistent basis values are a candidate anomaly signal (e.g., square footage inconsistent with facility size), although approved alternative bases can produce legitimate variation.

	Non-reimbursable cost centers
	Programs unrelated to patient care receive an overhead allocation but are excluded from reimbursable totals.
	Misclassification between reimbursable and non-reimbursable centers changes the costs that flow into reimbursable departments.

	Reclassifications and adjustments
	Recorded expenses may be reclassified between cost centers, and costs not related to patient care removed, before the step-down allocation.
	Discretionary reclassification introduces hospital-specific variance that complicates cross-hospital benchmarking and must be separated from genuine anomalies.

	Filing, review, and settlement cycle
	Cost reports are filed after fiscal year-end and may later be amended by the hospital or reopened after settlement.
	Delayed finalization limits real-time detection and increases the value of retrospective, explainable analytics; differences between submitted and settled reports are a potential source of quasi-labels.



Evidence on the reliability of MCR data comes mostly from studies that compare it to independent sources. Having applied a criteria-quality data framework to 34,728 instances of 12 financial-statement items extracted from hospital financial statements and corresponding MCR filings for 2007 to 2011, Lamboy-Ruiz et al. (2019) found a nontrivial rate of missing items, widespread discrepancies across items, discrepancies that were material in both sources, and numerous avoidable computational errors. The authors were unable to find which source was more accurate, and they note that high-quality hospital financial data are challenging to access, with hospital financial statements or MCRs being the two sources more often used. For researchers and oversight bodies operating on a national scale, the MCR is often the more accessible of the options, hence the value of methods for reviewing MCR data in its own right.
More recent evidence also shows that such issues are still present. Comparing HCRIS to Medicaid claims in the T-MSIS Analytic Files for general hospitals with reporting periods in 2020 and 2021, Chalmers et al. (2026) identified 25 states in which some hospitals had reported fewer Medicaid discharges to HCRIS than what the claims data indicated, and in which the same hospitals inconsistently reported managed-care Medicaid discharges and patient days. They conclude that HCRIS may not capture Medicaid discharge volume reliably in those states, particularly for managed-care enrollees. In terms of anomaly detection, the lesson is that data quality varies by field, by state, and by reporting convention, and a model should be able to distinguish systematic reporting differences from irregularities specific to hospitals.
Reporting accuracy also varies under different regulatory environments. Using over 22,000 MCRs filed between 2007 and 2014, Di Paolo Harrison et al. (2022) found that restatements increased following the Affordable Care Act, driven by more amended reports, while reopenings following a settlement decreased. Evidence that allocations and reporting choices respond to financial incentives has been longstanding. After Medicare transitioned from inpatient care to prospective payments and continued reimbursing outpatient care as reported, hospitals allocated more costs to outpatient services (Eldenburg & Kallapur, 1997). More recently, after Medicare began distributing disproportionate share funds on the basis of reported uncompensated care, system-affiliated and for-profit hospitals increased the uncompensated care that they reported (Markell et al., 2026). None of these studies demonstrate misconduct, but taken together, they suggest that reported figures respond to reporting rules and incentives, which is precisely the kind of variability an explainable screening tool should assist auditors in interpreting.
A related line of research investigates how hospitals use the financial room that higher commercial prices afford them. Using standardized audited financial data from 156 health systems, Blavin et al. (2023) found that a 1-unit increase in the commercial-to-Medicare inpatient price ratio was associated with a 21.3% increase in days cash on hand and a 2.7 percentage-point increase in operating margins, evidence that stands in contrast to the claim that higher commercial prices predominantly compensate for public-payer shortfalls. Wang and Anderson (2022), analyzing 8,862 observations per hospital year, found that nonprofit hospitals with higher private-to-Medicare payment ratios allocated the additional revenue primarily to operating surplus and administrative cost, with smaller increases to patient care and charity care expenditures. Neither study looks directly at cost-report allocations, but both suggest that discretion in how hospitals manage costs and revenues has material financial consequences. This is part of the justification for scrutinizing allocation patterns.
HCRIS is the repository through which cost-report data are made available for public analysis, but its size and complexity have also been a barrier to use. Locey and Stein (2023) responded by building an open source repository of 6,908 hospital-specific databases, each with 2,843 labeled features spanning 2010 to 2023, plus an application for comparing hospitals by features and over time. Such resources make cost-center-level peer benchmarking possible. Such benchmarking requires comparable panels of hospitals and cost centers, so that genuine outliers can be separated from variations resulting from case mix, volume, size, teaching status, and other determinants of cost structure.
2.2 Machine Learning for Anomaly and Fraud Detection in Medicare and Hospital Data
A large literature applies machine learning to Medicare claims and provider data to detect anomalous provider behavior. These studies typically use CMS public use files of physician and supplier services, with fraud labels defined from the federal list of excluded providers, and not from cost-report data (Herland et al., 2018; Johnson & Khoshgoftaar, 2019). Johnson and Khoshgoftaar (2019) compared deep neural network approaches on Medicare data where fraudulent providers made up only 0.03% of observations, an example of the severe class imbalance that defines fraud labels. Hasanin et al. (2019) considered data-sampling strategies for severely imbalanced big data of this kind, and showed that combining multiple Medicare data sources could improve detection (Herland et al., 2018). Hancock et al. (2023) tackled interpretability directly, using ensemble supervised feature selection to reduce dimensionality by roughly 87.5% without loss of performance on two Medicare claims datasets while providing explanation via the definitions of the retained features.
The study most relevant to this review is by Shekhar et al. (2026), who treated fraud detection on large-scale Medicare inpatient claims as an unsupervised anomaly-detection problem. Their approach combines three unsupervised detectors and does not rely on incomplete fraud labels, while providing an explanation for why individual hospitals were flagged. Validated against Department of Justice data on hospitals facing anti-fraud lawsuits, it provided roughly an eightfold improvement over random targeting. Its combination of unsupervised detection, provider-level explanation, and validation against partial ground truth, is the closest methodological analogue we identified for cost-report analysis, though it operates on claims rather than on cost-center allocations.
Two further strands of relevance are worth briefly mentioning. First, surveys of class-imbalanced learning and deep anomaly detection cover resampling, cost-sensitive learning and representation-learning approaches for rare-event problems of the sort that fraud and error detection represent (Kaur et al., 2019; Pang et al., 2021), and Habeeb et al. (2019) review techniques for anomaly detection in large-scale, real-time data processing. Secondly, outside Medicare, studies on health insurance claims have addressed sequence modeling and interpretability. Fursov et al. (2022) proposed sequence embeddings of patient-visit records for fraud detection, and Farbmacher et al. (2022) developed an attention-based network, applied to claims from a private German health insurer, designed to indicate which claim items drive a fraud prediction. These studies illustrate how sequential structure and interpretability might be approached, though neither has been tested on cost-report data. Table 2 summarizes representative studies and their relation to the cost-allocation problem.
Table 2. Representative Studies on Medicare and Healthcare Anomaly and Fraud Detection
	Study
	Data / Method
	Relation to Cost-Allocation Anomaly Detection

	Johnson & Khoshgoftaar (2019)
	CMS Medicare public use data with excluded-provider labels; deep neural networks under severe class imbalance (fraud cases 0.03% of observations)
	Provider-level fraud classification; no cost-report or cost-allocation focus

	Shekhar et al. (2026)
	Large-scale Medicare inpatient claims; ensemble of unsupervised detectors with hospital-level explanations, validated against Department of Justice cases
	Explicit explainability; closest methodological analogue identified, but claims-based rather than cost-report-based

	Hancock et al. (2023)
	Two Medicare claims datasets; ensemble supervised feature selection for explainable classifiers
	Explainability through feature reduction; supervised and claims-based

	Herland et al. (2018)
	Multiple linked Medicare claims data sources; supervised learners with excluded-provider labels
	Provider-claims focus; no cost-allocation or cost-center dimension

	Farbmacher et al. (2022)
	Private health insurance claims (Germany); attention-based deep network
	Interpretable deep model; non-Medicare and claims-based

	Locey & Stein (2023)
	HCRIS-derived repository of 6,908 hospital datasets with 2,843 labeled features (2010 to 2023)
	Improves access to cost-report data; does not itself perform anomaly detection



2.3 Explainable AI in Auditing and Accounting
A separate literature stream addresses explainable AI in accounting and auditing. Zhang, Cho and Vasarhelyi (2022) showcased XAI methods to accounting researchers and practitioners while proposing how these methods can be employed to satisfy existing auditing standards, with the post hoc explanation methods like LIME (Ribeiro et al., 2016) and SHAP (Lundberg & Lee, 2017) taking the center stage. According to the recent PRISMA-based scoping review of 85 studies, XAI methods in accounting and financial auditing are mostly applied for fraud detection, credit scoring, auditing, and decision-support, with the use of SHAP and LIME being most common, while the issues of computational costs, data quality, explanation stability, and regulatory adaptation capabilities are noted as remaining barriers (Arias-González et al., 2026). The systematic review of AI usage in accounting and auditing provides an in-depth understanding of applications, benefits, and barriers, including ethical, organizational, and regulatory aspects, while also noting the lack of empirical studies (Abdo-Salloum & Chehade, 2026).
Outside of auditing, the reviews of XAI applications in finance note the prevalence of post-hoc explanation methods among transparency-oriented finance researchers and practitioners, with post hoc methods overtaking inherently explainable models for many applications (Weber et al., 2024). The finance-specific applications include multi-criteria decision support and financial distress prediction where explanations are embedded in the decision support systems as a way to increase transparency (Cerneviciene & Kabasinskas, 2022; Zhang, Wu, Qu & Chen, 2022). Finally, a set of survey articles provide an overview of explanation paradigms and the associated trade-offs (Adadi & Berrada, 2018). Most importantly, perhaps, the survey highlights pitfalls in the adoption process – in particular, in the study of XAI usage in real-world settings, Bhatt et al. (2020) found that in most cases, explanations were used by machine learning experts to understand the decisions of the models better; in other words, regular users of AI systems were not necessarily its auditors. Thus, when designing explanations for audit analytics, it is paramount to remember that the person who will use them is likely to have a good grasp of how the model works at a general level but be focused on using them for day-to-day decision-making. Therefore, the value of the audit analytics explanation will depend on its ability to guide the user through the model’s behavior in relation to particular facts and figures that are subject to audit verification. Table 3 below provides an overview of the XAI methods mentioned in the reviewed literature along with their potential application to cost-report data.
Table 3. Explainable AI Methods Reported in the Auditing and Accounting Literature and Their Applicability to Cost-Report Anomaly Detection
	Method
	Mechanism
	Potential Application to Cost-Allocation Data

	SHAP (Shapley Additive Explanations)
	Game-theoretic attribution of a prediction or score to individual input features; widely used for post hoc explanation
	Could attribute a flagged cost center's anomaly score to specific allocation-basis values (e.g., a disproportionate square-footage input)

	LIME (Local Interpretable Model-Agnostic Explanations)
	Approximates a complex model locally with an interpretable surrogate around a single prediction
	Could explain why one hospital-year cost report was flagged relative to its local peer group

	Counterfactual explanation
	Identifies minimal input changes that would alter a model's output
	Could indicate the allocation adjustment that would move a hospital from an atypical to a typical cost-center profile

	Attention mechanisms
	Learned weighting of input sequence elements in neural architectures (e.g., Farbmacher et al., 2022)
	Applicable if multi-year cost-report filings for each hospital are modeled sequentially



The fraud-detection and auditing XAI literatures are complementary but distinct. The Medicare fraud-detection literature provides anomaly-detection methods but works almost entirely with claims data and rarely engages with the step-down allocation logic that determines how costs are aggregated. The auditing XAI literature provides explanation methods and a professional framing, but we found no application of it to hospital cost allocation. Neither literature has drawn on documented discrepancies between MCR data and independent sources as a possible source of labels or quasi-labels for model validation.
3. Methodology
This paper is a narrative, integrative review rather than a systematic or scoping review; its purpose is to synthesize and interpret findings from three literatures that have developed more or less independently, not to identify all studies that meet a set of inclusion criteria. As such, we did not register a protocol, apply a formal screening procedure, or follow PRISMA-ScR reporting and should not be read as exhaustive.
Sources were identified through targeted searches of PubMed, ScienceDirect, arXiv, and the National Bureau of Economic Research working paper series, along with federal regulations governing Medicare cost finding. Searches used terms related to Medicare cost reports and HCRIS, cost allocation and step-down cost finding, anomaly and fraud detection, and explainable artificial intelligence in auditing and accounting. All citations were then followed backward and forward from the most relevant studies.
Only peer-reviewed journal articles and proceedings were retained, the sole exception being federal regulations cited as the rules of cost finding. Preprints, working papers, practitioner guidance, vendor material, and unattributed web content were excluded, as were works published earlier than 2018 unless they introduced a method used in the proposed framework or presented direct evidence of hospital cost-allocation behavior. All cited sources were checked to ensure that they provide the support described in the text to the statement to which they are attached. Because a targeted rather than a systematic search was undertaken, statements about the absence of prior work are cast as decisions about whether we did or did not identify relevant work.
4. Findings of the Review
4.1 Synthesis Across the Three Literatures
Table 4 summarizes the synthesis of the three literatures across three dimensions: whether each engages Medicare Cost Report data and structure directly, whether it performs anomaly detection, and whether it incorporates explainability methods.
Table 4. Gap Matrix Across the Three Literatures
	Literature
	Cost-report focus
	Anomaly detection
	Explainability

	Medicare Cost Report data quality and structure
	Yes
	Partial (cross-source comparison)
	No

	Machine learning for Medicare anomaly and fraud detection
	Partial (claims, not cost reports)
	Yes
	Partial (two Medicare studies)

	Explainable AI in auditing and accounting
	No
	No
	Yes

	Cost-allocation-specific explainable anomaly detection
	Not identified
	Not identified
	Not identified


The MCR literature analyzes cost-report data and structure directly and performs limited forms of anomaly detection based on inter-source data-quality comparisons, but none utilizes explainability methods. The Medicare fraud-detection literature analyzes anomalies in claims, not in cost reports; of the Medicare-related studies considered, only Shekhar et al., (2026) and Hancock et al., (2023), explicitly address explainability, while Farbmacher et al., (2022), applies it to non-Medicare claims. The auditing XAI literature provides explanations but does not engage in anomaly detection of healthcare cost data, and none of the considered works address cost allocation. No study was found that addresses all three aspects in relation to hospital cost allocation data.
4.2 Profile of the Reviewed Sources
Table 5 reports the number of sources in each literature stream, the range of publication years, and the predominant source type. Methodological sources cited only to specify the framework in Section 5 are listed separately, and the three federal regulations cited for cost-finding rules are not counted.
Table 5. Summary of Reviewed Sources by Literature Stream
	Literature Stream
	Sources
	Publication Years
	Predominant Source Type

	Medicare Cost Report data quality, structure, and reporting behavior
	7
	1997 to 2026
	Peer-reviewed accounting, health-services, and analytics journals

	Machine learning for Medicare and healthcare fraud and anomaly detection
	10
	2018 to 2026
	Peer-reviewed computing, econometrics, and policy journals

	Explainable AI in auditing, accounting, and finance
	8
	2018 to 2026
	Peer-reviewed journals and systematic reviews; one peer-reviewed conference paper

	Hospital payment, pricing, and cross-subsidization
	3
	2022 to 2024
	Peer-reviewed health-services and economics journals

	Methodological sources for the framework
	6
	2000 to 2020
	Peer-reviewed journals and conference proceedings


The machine-learning stream is the largest and most established. XAI in auditing, accounting, and finance is smaller but has grown quickly, with two systematic reviews appearing in 2026. Direct research on MCR data quality and reporting behavior remains modest in size and is spread across accounting and health-services journals, consistent with the relatively few studies we identified on cost-report reliability.
4.3 Quantitative Evidence on Cost-Report Data Quality
Table 6 reports the quantitative findings of the two studies that compared Medicare Cost Report data directly with an independent data source.
Table 6. Quantitative Findings on Cost-Report Data Discrepancies
	Study
	Data Compared
	Discrepancy Finding

	Lamboy-Ruiz et al. (2019)
	34,728 instances of 12 financial-statement items compared across hospital financial statements and matched MCR filings, 2007 to 2011
	Nontrivial frequency of missing items; widespread discrepancies across items; discrepancies material in both sources; many avoidable computational errors; neither source shown to be more accurate

	Chalmers et al. (2026)
	HCRIS Medicaid discharge and patient-day counts compared with Medicaid claims (T-MSIS Analytic Files), general hospitals, 2020 to 2021
	In 25 states, some hospitals reported fewer Medicaid discharges in HCRIS than in the claims data, with inconsistent reporting of managed-care Medicaid discharges and patient days


4.4 Evidence on Hospital Cross-Subsidization
Table 7 compares the two studies identified on how hospitals use the additional revenue associated with higher commercial prices.
Table 7. Comparison of Evidence on Hospital Cross-Subsidization
	Dimension
	Blavin et al. (2023)
	Wang and Anderson (2022)

	Sample
	156 health systems; standardized audited financial data
	8,862 hospital-year observations; nonprofit hospitals

	Measure
	Ratio of commercial-to-Medicare inpatient prices
	Private-to-Medicare payment ratio

	Finding
	A one-unit increase in the price ratio was associated with a 21.3% increase in days cash on hand and a 2.7 percentage point increase in operating margins
	Higher ratios were associated mainly with greater operating surplus and administrative cost, with smaller increases in patient care and charity care spending

	Bearing on cross-subsidization
	Inconsistent with the view that higher commercial prices mainly offset public-payer shortfalls
	Complicates the assumption that additional margins are spent cross-subsidizing unprofitable services


5. A Domain-Specific Framework for Explainable Cost-Allocation Anomaly Detection
The synthesis suggests that the approaches needed to support explainable cost-allocation analytics have been pursued, but they are not organized under the headings used in the cost report. Table 8 provides one possible solution. The columns specify where each approach could be applied, which variable or ratio was used to evaluate the MCR, the benchmark against which the ratio was compared, the methods that could be used to detect outliers for this ratio, and an explanation method that could be used to show why a particular hospital was singled out. The first four approaches were applied to the MCR because it is the most comprehensive overview of hospital costs. The methods for detecting outliers range from the simplest to the most complex. Robust z-scores emphasize the median and the median absolute deviation within a reference group. They are relatively easy to understand, are resistant to masking effects, and work best with single ratios (Rousseeuw & Hubert, 2018). Isolation Forest uses randomly selected partitions to identify objects with extreme values, and it works well with large sets of variables describing the cost profile of each hospital (Liu et al., 2008). Local outlier factor is similar to isolation forest, but it focuses on comparing the density of a given object to the density of its neighbors. It was therefore applied to peer groups with different structures (Breunig et al., 2000). Finally, SHAP uses game theory to indicate how much each input contributes to the final result of a predictive model (Lundberg & Lee, 2017). The explanation method was applied to tree-based models because the isolation forest itself is made of decision trees (Lundberg et al., 2020). There are several indicators that have been used in health policy research, including administrative cost measures derived from the cost report (Zhou et al., 2026). These were specifically developed for administrative, nursing administration, and medical records expense categories.
Table 8. Conceptual Framework Linking Medicare Cost Report Structure to Explainable Anomaly Indicators
	MCR Area Tested
	Variable or Ratio
	Expected Benchmark
	Anomaly-Detection Method
	Explanation Method

	Statistical allocation bases
	Square footage per bed; each cost center's share of total square footage; other basis statistics relative to activity volume
	Peer-group median for hospitals of similar size, type, and teaching status; the hospital's own prior filings
	Robust z-scores within peer group; local outlier factor on the multivariate basis profile
	SHAP attribution to individual basis values, supported by a side-by-side peer comparison

	Administrative and general (A&G) costs
	A&G cost as a share of total operating cost; A&G cost per adjusted patient day
	Peer-group distribution conditioned on size, system affiliation, and teaching status
	Isolation Forest on cost-center shares; robust z-scores for the single ratio
	SHAP values identifying which cost-center shares drive the anomaly score

	Employee benefit allocations
	Employee benefits relative to gross salaries; each center's benefit share compared with its salary share
	Close correspondence between benefit and salary shares, since gross salaries are the standard basis; peer benefits-to-salary ratio
	Robust z-scores on the ratio; deviation between benefit and salary shares
	SHAP; counterfactual showing the allocation consistent with the salary basis

	Cost-to-charge ratios
	Departmental and hospital-wide cost-to-charge ratios
	Departmental peer medians; plausible ranges; prior-year values
	Robust z-scores by department; local outlier factor on the vector of departmental ratios
	SHAP or LIME showing which departments drive the flag

	Reclassifications and adjustments
	Net reclassification as a share of cost-center expense; movements between reimbursable and non-reimbursable centers
	The hospital's own reclassification history; peer frequency and magnitude
	Isolation Forest; robust z-scores
	SHAP, followed by review of the supporting reclassification schedules

	Year-over-year changes
	Percentage change in cost-center costs, allocation statistics, and cost-to-charge ratios between consecutive filings
	The hospital's own trajectory; contemporaneous peer-group change
	Robust z-scores on changes; Isolation Forest on change vectors
	SHAP on change features; attention weights if filings are modeled as sequences



Three design principles follow from the audit perspective adopted in this review. Each flag is an investigative lead; an unusually high A&G share may reflect the system's decision to centralize administrative services and a large square-footage basis may reflect a newly opened facility; the explanation attached to a flag is what enables the auditor to check these alternatives quickly. Benchmarks must be conditioned on peer groups and the hospital's own history, because pooled national distributions confuse anomalies with structural differences in size, case mix, and teaching status. Validation should exploit the best available quasi-labels, such as discrepancies between MCR data and independent sources (Lamboy-Ruiz et al., 2019; Chalmers et al., 2026) or amendments and reopenings of the same cost report (Di Paolo Harrison et al., 2022), while acknowledging that none of these are a direct measure of misreporting.
6. Discussion
The review indicates that research on MCR data quality, Medicare fraud detection, and XAI in auditing has advanced on different axes without intersecting on the question of cost-allocation anomalies. The closest methodological parallel, unsupervised anomaly detection with provider-level explanations of Medicare claims (Shekhar et al., 2026), demonstrates that explainable anomaly detection is viable in a related Medicare context. Cost reports are a different signal to claims. Whereas they capture coding in individual encounters, they capture how a hospital apportions its costs across departments, and this step-down logic and allocation bases grant the signal structure that can be exploited analytically.
For research, what is needed is less a novel algorithm than a principled adaptation of existing detection and explanation methods to the structure of cost-report data that the framework in Table 8 is designed to support. For practice, the public availability of HCRIS and of open tools that build on it (Locey & Stein, 2023) reduces the barrier to developing and benchmarking such methods without access to restricted claims files.
The potential users of such tools are not limited to CMS and its contractors. With cost-report data now feeding the formulas by which hospitals are paid beyond their own settlement, including disproportionate share distributions (Markell et al., 2026), and widely used in health policy research (Chalmers et al., 2026; Locey & Stein, 2023), distortions in reported data can propagate well beyond a single hospital. Hospital internal audit and compliance functions could leverage explainable screening to detect and remediate reporting issues prior to contractor review, and researchers that rely on HCRIS would benefit from a systematized method of uncovering implausible values prior to analysis.
Several tensions merit mention. The evidence on how hospitals exploit pricing power is itself contentious (Blavin et al., 2023; Wang & Anderson, 2022), and this warns against treating every statistical outlier as an indication of strategic behavior rather than legitimate variation in case mix or facility structure. Explanation methods have their own limitations: explanation stability represents an unresolved concern within the audit XAI literature (Arias-González et al., 2026), and a feature attribution describes the model rather than confirming that a hospital manipulated its report. Finally, the leeway permitted in reclassification and in contractor-approved changes to allocation bases implies that some cross-hospital variance is an artifact of the reporting system rather than a flaw (42 C.F.R. § 413.24). Each of these points reinforces the principle that flags are leads to be investigated, not findings.
The practical case for explainability is bolstered by the context in which such tools would be used. Oversight agencies have increasingly characterized data analytics as a component of program integrity work, but this shift is documented only in regulatory and practitioner sources rather than in peer-reviewed research, and so falls outside the scope of this review. The implication for the current argument is nonetheless explicit: any tool that auditors or regulators adopt for cost-report review must withstand the kind of scrutiny that unexplained model outputs struggle to survive.
The auditing literature makes the same argument from the perspective of the profession. Zhang, Cho and Vasarhelyi (2022) tie XAI techniques to the requirements of existing audit standards, and recent reviews highlight explanation stability and regulatory adaptation as open challenges (Arias-González et al., 2026). For a cost-allocation tool designed for professional or regulatory use, explanations are therefore a requirement rather than an optional augmentation of internal exploratory analysis.
The interdisciplinary nature of the problem is also worth noting. Accounting researchers investigating MCR data quality, computer scientists building Medicare fraud classifiers, and researchers developing XAI for auditing have rarely cited one another on the evidence gathered here. Bridging these literatures does not require a major algorithmic breakthrough, but it does necessitate an understanding of how cost reports are structured, which a framework centered around MCR structure is intended to provide.
This review has limitations. As a narrative review based on targeted searches, it is selective, and does not claim to capture every relevant study; a study that combines explainable anomaly detection with cost-report data may exist that we did not find. Some sources were only available as abstracts, which may underestimate the methodological detail. The framework in Table 8 is conceptual. Its indicators, benchmarks, and method pairings have not been tested on HCRIS data, and its value should be demonstrated through empiricism rather than assumed.
7. Conclusion
Hospital cost reports remain central to Medicare cost finding, settlement, and rate setting, despite the fact that most hospital payments are prospective, and the data contain documented reliability problems. In the same period, machine-learning methods for analyzing Medicare claims have matured, and XAI methods for accounting and auditing have developed. This review finds that these literatures, and research on MCR data quality, have proceeded nearly separately, and we do not find a study that applies an explainable anomaly detector to hospital cost-allocation data at the cost-center level. The review's primary contribution is a domain-specific framework that translates MCR structure to auditable anomaly indicators, linking each to a detection and explanation method on the premise that flagged results are investigative leads, not conclusions about error or fraud. Because the review was focused rather than systematic, a formal systematic or scoping review using predefined search strings, screening, and PRISMA-ScR reporting, would be a useful next step to confirm the gap found here.
Empirical work should apply the framework to HCRIS panels by defining peer groups, computing robust benchmarks for each indicator, computing robust z-scores, Isolation Forest, and the local outlier factor, and testing whether SHAP explanations remain stable across years and peer-group definitions. Results should be validated against the best quasi-labels available, including cross-source discrepancies and amended or reopened reports. A field study of how auditors and analysts interpret and act on these explanations would also be valuable, since this review can only show that the methods are plausibly suited to the task, not how they perform in practice.
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