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Abstract:

Recent federal budget constraints and subsequent cuts in administrative funding have led to an increased
application of machine learning based automation technology in the state Medicaid eligibility
redetermination and disenrollment ("unwinding") processes. The states that are using frequent eligibility
reviews with limited human resources are using algorithmic systems not only for the purpose of
streamlining eligibility verification but also for reducing operational costs and accelerating decision-
making. These systems have the potential for efficiency and scalability but also carry the risk of errors in
classification, bias, and systemic misjudgement, particularly for the most vulnerable populations, such as
those experiencing unstable housing, irregular employment, limited digital access, and inconsistent
documentation. For example, errors in disenrollment resulting from algorithmic determinations may result
in a sudden loss of health benefits, delayed treatments, and a reliance on emergency services for most of
the care. This paper examines the economic consequences of algorithmic Medicaid unwinding and its
downstream financial impact on safety net hospitals. More precisely, it proposes a policy, relevant
analytical framework that measures how mistaken disenrollments magnify uncompensated emergency
room use, weaken hospital operating margins, and transfer the financial load from state Medicaid
programs to publicly funded healthcare institutions. The research, by associating automated eligibility
errors with hospital, level cost increase, emergency department overcrowding, and uncompensated care
growth, presents algorithmic unwinding as a systemic economic risk instead of just an administrative
optimization strategy. The main point of this paper is the creation of a detailed economic impact model
linking decisions on automation at the state level to hospital financial sustainability, public health equity,
and healthcare system stability. Additionally, the article offers policy, related insight into algorithmic
governance, highlighting how essential human, in, the, loop oversight, transparency, auditing mechanisms,
and equity, aware system design are to preventing the shifting of costs onto safety, net providers and to
ensuring the protection of vulnerable patient populations.

Keywords: Medicaid, algorithmic eligibility, machine learning, safety-net hospitals, uncompensated care,
healthcare economics.

I. INTRODUCTION

Medicaid plays a leading role in the US healthcare system, it is the main public insurance that covers low,
income individuals, children, the elderly, and persons with disabilities. As the single largest source of
health coverage in the nation, Medicaid is a patient protection program on the one side and a hospital
financial stabilizer on the other. It is especially true for safety, net hospitals serving disproportionately
uninsured and underinsured populations. These hospitals are very dependent on Medicaid reimbursements
to compensate for the costs of delivering services such as emergency care, chronic disease management,
maternal care, and community health interventions. Therefore, changes in Medicaid enrollment and
coverage continuity processes have very significant and almost instantaneous healthcare system, hospital,
and population health outcomes implications.

Several years ago, Medicaid operations at the state level underwent a profound transformation due to
federal budget cuts and administrative cost, containment strategies being implemented by the
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administration. Diminished administrative funding, which is just one factor among many, has resulted in
state agencies being compelled to perform eligibility redetermination more frequently and in larger
volumes while at the same time having to operate with fewer human and financial resources. This has
significantly altered the Medicaid unwinding process, i.¢e., the reassessment of beneficiaries' eligibility and
the disenrollment of individuals who are no longer eligible, making it a massive, time, sensitive
administrative task in fig 1. The traditional manual review processes are now being viewed by many as
methods that will not be able to meet the demand in the near future due to the mounting pressure on them,
and thus some states have turned to automated methods in order to keep their processes running smoothly
without any interruptions.

Consequently, there is a rapid growing interest in implementing machine learning (ML) and algorithmic
decision systems into the Medicaid eligibility redetermination processes. These technologies are capable
of performing functions such as data validation, income categorization, identity matching, and eligibility
prediction in an automated fashion by utilizing massive administrative and socio, economic datasets.
Algorithmic unwinding is also expected to cause a dramatic improvement in terms of efficiency,
turnaround time, and the reduction of administrative costs, which is why it is highly desirable to state
agencies that are operating under strict budget constraints. On the other hand, one should not forget that
they also give rise to the emergence of systemic risk of a completely new type. Among other things, it is
the case when there are some errors in the classification, the training data is biased, the data is not
complete, and the model does not generalize well to new cases, all these factors leading to a scenario
where a huge number of erroneously disenrolled individuals, most likely from the vulnerable groups such
as those with unstable jobs, insecure housing, limited digital access, or inconsistent documentation, can
be the result of the considered system.

Despite the growing attention of policymakers to automated public benefit systems, there is a considerable
research gap regarding the economic implications of algorithmic Medicaid unwinding. The majority of
studies are focused on technical issues, ethical concerns, or the effects of algorithmic systems on access
to care and fail to address the quantitative analysis of the economic implications of algorithmic errors
leading to financial stress on the healthcare system. The subsequent effects on safety, net hospitals, that
is, uncompensated emergency care, are particularly underaddressed. The absence of economic modeling
in this case hides the real cost of efficiency brought about by automation and camouflages the financial
burden transfer from state agencies to healthcare providers.

—— Medicaid Enroliment

|

Fig. 1. Medicaid Enrollment Trends vs. Budget Allocation

This paper examines an identified gap in research by establishing a systematic analytic structure for
evaluating the financial effects of unintended eligibility for Medicaid on hospital systems in the safety net.
Research objectives for this study include:

(1) contextualization of the governing policies and operations associated with automated disenrollment
related to the unwinding of the Medicaid program
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(2) modeling of the financial impact of mistaken disenrollment from Medicaid on hospitals’ use of
uncompensated care and emergency services

(3) representing algorithmic disenrollment from the Medicaid program as a broader category of economic
risk rather than merely a means of improving administrative efficiency.

By linking state-level automation policies to the economic wellbeing of hospitals and to the equity of
healthcare, this study provides a new interdisciplinary perspective that includes governance of machine
learning, public policy, and the economics of healthcare. This paper represents algorithmic disenrollment
from the Medicaid program as more than just technological change, but as a transformation of how
economic risk is shared throughout the public health system.

II. BACKGROUND AND RELATED WORK

A. Medicaid Eligibility Redetermination Processes

Medicaid eligibility redetermination refers to a regular cycle of administrative activities which states use
to review the continuing eligibility of the beneficiaries for Medicaid by verifying their income, household
composition, disability status, and other qualifying factors. Historically, this process has been carried out
through manual checking systems requiring the submission of various documents, face, to, face interviews,
and caseworker, supervised examinations. Such practices cause great inconvenience to both Medicaid
recipients and state agencies, and thus, the majority of the time, they result in the losing of the coverage
of wrongly disenrolled individuals. Hence, experimental and policy research has proven that only by
increasing administrative complexity one can induce coverage loss even without any changes in actual
eligibility, which, therefore, implies the structural fragility of manual redetermination systems [1].

The mass resumption of redeterminations after the COVID, 19 Public Health Emergency (PHE) resulted
in the "unwinding" of Medicaid eligibility and has also revealed to what extent traditional systems fall
short. [2] report that total national coverage levels seemed quite stable, but the enrollment churn was so
fast internally that there were numerous procedural disenrollments, coverage gaps, and quick switches
between insurance categories. In fact, these conditions indicate that redetermination is not just a routine
administrative task but the main factor that determines the stability of one's access to healthcare.

B. Machine Learning in Public Health and Benefits Administration

State Medicaid agencies have been turning more and more to machine learning (ML) and automated
decision, support systems as a means of addressing ongoing administrative pressures and cutting down on
eligibility determination and renewal process times. [3] describe how Al and automation have swiftly
spread throughout state Medicaid programs, with the main reasons being budget constraints, staff
shortages, and the need for scaling up. Usually, such systems gather data from tax records, databases on
employment, registries of housing, and public assistance programs to facilitate eligibility classification
and verification through automation.

Studies in Al, assisted public health administration suggest that automation can lead to more efficient
service delivery, cost savings, and higher throughput of operations [4] Research suggests that the adoption
of automated systems for renewals can lead to fewer procedural denials and better coverage maintenance
. Nevertheless, the data also show that automation itself is insufficient to significantly increase
participation or promote equitable outcomes. According to [5] automated renewal systems do not have to
result in increased program participation, thereby showing that technical efficiency is not always access
equity.

In light of these studies, ML systems can be seen as administrative amplifiers: they can increase the scale
of efficiency as well as the scale of errors. If system design, training data, or governance structures are
deficient, automation will not result in less misclassification but rather in more of it.
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C. Safety-Net Hospital Finances and Uncompensated Care

Safety, net hospitals find themselves financially balanced between two demand sources: the stability in
Medicaid coverage and the continuous need for providing care to the uninsured. Medicaid payments are
one of the largest revenue sources for these hospitals, thus, directly enabling the provision of emergency
services, trauma care, and management of chronic diseases. The coverage interruptions that happen due
to the patient's disenrollment translate very quickly into the hospitals facing large amounts of
uncompensated care, overcrowding of the emergency departments, and the hospital's financial instability
in table 1.

According to healthcare economics research, a significant rise in emergency department visits and an
increase in uncompensated care costs accompanies insurance loss greatly [6] As Medicaid was being
unwound, hospitals saw changes in their payer mix and more of their care was for the uninsured, thus their
operations came under more strain and their revenues became more volatile [7]. These situations reveal
that eligibility redetermination errors are in fact financial externalities which move the piece of the puzzle
of financial pressure from the fiscal shoulders of the hospital systems to state agencies.

D. Algorithmic Errors and Automated Decision Systems

More and more publications are pointing at the dangers of the automated decision, making system use in
social services and healthcare in particular. [8] points out that there are structural obstacles to addressing
algorithmic injustice which are the lack of transparency and accountability of the automated governance
systems. [9] through their work show the impact of fairness, aware ML design in bias reduction in
Medicaid eligibility classification. At the same time, they shed light on the fact that normal models are
likely to perpetuate social inequalities embedded in the training data.

In combination, these articles have led to the understanding that mistakes made by algorithms in public
benefit systems should not be seen solely as technical faults but rather as systemic governance risks. If
such mistakes are made in the context of Medicaid redetermination and happen at scale, they will be
greatly magnified and affect the entire population, thus causing a large, scale coverage loss, institutional
burden shifting, and economic instability for healthcare providers.

TABLE. 1. Comparison of Traditional vs. Automated Eligibility Redetermination

Dimension Traditional Redetermination Automated (ML-Based)
Redetermination
Processing Manual caseworker review Algorithmic classification & data
Method integration
Administrative High labor and time cost Lower marginal processing cost
Cost
Scalability Limited High-volume scalable systems
Error Type Procedural delays, paperwork | Algorithmic misclassification, data
loss bias
Transparency Human decision traceability Model opacity and explainability
limits
Equity Risk Access barriers, documentation | Bias amplification, digital exclusion
burden
Impact on Gradual coverage loss Rapid large-scale disenrollment
Hospitals surges
Systemic Risk Localized errors System-wide cascading effects
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II1. POLICY AND ECONOMIC CONTEXT

A. Federal Budget Trends and State-Level Funding Constraints

During the last ten years, Medicaid enrollments have steadily increased due to changes in the population,
the economy, and expanded eligibility policies, among other reasons. Yet, this increase in participants has
not been accompanied by a similar rise in administrative funding. As per [10] state agencies are being
required to handle ever, larger caseloads while their administrative budgets remain unchanged or are even
reduced. In this way, a structural imbalance is created between service demand and institutional capacity
in fig 2

There are direct policy implications of this financial imbalance. Clean eyeing efficiency leading to
scalability policy and budget cuts have been put in place. What this means in practice is increased reliance
on computerized systems. In fact, automation is not only a technological choice, but rather a financial
imperative within the context of tight budgets. Thus, budget constraints become a structural driver that
pushes the adoption of algorithmic governance, which in turn embeds Al systems even further into the
welfare functions not as a tool for experimentation, but as a matter of routine administrative infrastructure.

B. Medicaid Eligibility Redetermination Frequency and Administrative Costs

Resuming Medicaid redeterminations post, pandemic drastically changed the way eligibility is monitored.
States must now carry out continual, large, scale eligibility checks which puts more pressure on
administrative throughput but at the same time leads to less per, case processing funds. It found that
redetermination frequency has increased significantly, with large, scale procedural disenrollments
happening even when there are no real changes in eligibility. As a result, automated systems are used to
shorten processing time and cut down per, capita administrative costs. [11] prove that automation can not
only lessen procedural denials but also heighten renewal efficiency if the system's design is in line with
the goals of equity and accessibility. It warn that merely the use of automation will not necessarily lead to
an increase in participation or access, arguing that a drop in administrative costs does not automatically
mean social welfare will rise. In terms of economics, this change can be seen as moving away from labor,
intensive governance toward algorithmic throughput governance, where the performance measures put
emphasis on speed, volume, and cost efficiency rather than individualized accuracy. Such a structural
reorientation makes it more likely that classification errors will happen on a large scale.

C. Public Health Implications of Disenrollment Errors

Lack of reapplication after being removed from Medicaid due to errors caused by automated
redetermination systems has direct and significant health consequences. As a result of losing their
coverage, individuals delay care, forgo their treatment for chronic conditions, have reduced access to
prevention programs, and consequently, turn to emergency rooms. There is evidence from [12] that the
administrative burden itself can lead to the loss of coverage for individuals who are eligible, while indicate
that the instability of coverage in Medicaid unwinding has a disparate effect on susceptible demographic
populations. Children, seniors, and the disabled are some of the most susceptible populations to these risks
as health disruptions further widen their health disparities. Hence, Algorithmic Disenrollment can be
considered not only an administrative failure but also a health risk multiplier that exacerbates health
inequities due to systemic exclusion rather than individual, levels of eligibility.

D. Economic Impact of Coverage Gaps on Hospitals and Communities

If the wrong individuals are disenrolled from Medicaid and gaps in coverage are produced, the economic
effects that are created will be exacerbated and will not only affect the healthcare system but also the
communities. The demand for healthcare does not just disappear when people lose their Medicaid
coverage. Rather, it is channeled to emergency rooms, community health clinics, and pathways for
uncompensated care. Safety net hospitals are then left to bear the economic burden through an increase in
emergency department visits, a decrease in the rate of reimbursement, and the rising costs of
uncompensated care.
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There is a direct correlation between insurance loss and emergency department utilization spikes, as cited
by [13]. They support the idea that hospital systems become economically fragile during times of coverage
disruption. Apart from this, [14] show that Medicaid unwinding leads to a shift in the payer mix towards
the treatment of the uninsured, thus destabilizing the financial systems of the hospital.
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Fig. 2. Flowchart of Medicaid Eligibility Redetermination Process

At the community level, these dynamics produce broader economic externalities, such as instability within
the labor force, reduced access to preventive care, increased expenditures on healthcare over the long term,
and budgetary pressures on the public sector.Algorithmic disenrollment thus functions as a cost-transfer
system, transferring financial burdens from state Medicaid programs to hospitals and communities. This
shifts the focus of automation from cost savings to cost redistribution, concealing the underlying economic
cost of algorithmic efficiency strategies.

IV. MACHINE LEARNING FOR MEDICAID ELIGIBILITY

A. Common ML Approaches in Eligibility Determination

Machine learning algorithms used in Medicaid eligibility processing are mainly intended to support the
automation of classification, verification, and risk assessment processes in high-volume administrative
settings. Machine learning algorithms generally involve the use of a combination of supervised learning
algorithms, rule-based automation, and probabilistic classification [15-18]. These include logistic
regression classifiers for eligibility determination, decision tree and random forest algorithms for income
and household verification, and deep learning algorithms for identity matching, document analysis, and
anomaly detection in administrative data in fig 3.

These algorithms involve the fusion of multiple data streams, including tax returns, employment records,
housing registers, social service records, and demographic data. Data fusion algorithms are used to
generate a common beneficiary profile, which is then analyzed by predictive models to estimate the
likelihood of eligibility and risk of ineligibility. In many state-level implementations, machine learning
algorithms are used as decision-support tools, either to produce automated eligibility decisions or to
prioritize cases for human adjudication based on risk scores.

This approach repurposes the eligibility determination process from a human-centric review process to a
data-driven classification process, where computational inference is used to replace individualized
administrative judgment.

B. Advantages: Speed, Scale, and Cost Reduction

The driving forces of ML adoption in the Medicaid administration process are operational efficiency and
financial sustainability. Automated systems facilitate fast processing of a large number of beneficiaries,
making it possible for states to perform redeterminations on a scale that is not feasible for human
caseworker staff. This is particularly important in the post-pandemic unwinding phase, when states are
required to process millions of beneficiaries in a short period of time.
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From an economic standpoint, ML systems help lower marginal costs of administrative processing per
beneficiary by reducing the need for labor, paperwork, and manual verification processing. This is directly
in line with state budget constraints and performance metrics related to speed, volume, and cost.
Therefore, the adoption of ML is presented as a structural solution to administrative overload, turning
Medicaid administration into a high-throughput and low-cost system.

C. Risks: Algorithmic Bias, Misclassification, and Disenrollment Errors

However, the efficiency advantages of eligibility systems based on ML are coupled with systemic risks
that are exacerbated by scale. Biases in algorithms arise from the training data sets, which are prone to
historical inequities, underrepresentation, and structural exclusion. Eligible but vulnerable groups,
including informal sector workers, migrants, people with unstable housing, and digitally excluded citizens,
are more susceptible to misclassification errors due to incomplete or inconsistent data sets [19].

The misclassification errors in eligibility models are directly fed into disenrollment decisions, resulting in
a huge loss of coverage even for the eligible population. Unlike human errors, algorithmic errors occur
simultaneously across thousands or millions of data points, resulting in synchronized failures of the system
rather than individual events. This changes the dynamics of errors from administrative to population-level
risk events [20].

Furthermore, the absence of transparency and explainability in eligibility models adds to the ambiguity of
accountability, making it difficult for beneficiaries to appeal against disenrollment decisions or understand
the reasons behind disenrollment [21].

D. State-Level Implementations and Case Examples

In various states, ML systems are currently integrated into Medicaid eligibility infrastructure systems,
conducting automated renewals, identity checks, income verification, and risk assessments. There are
states that use hybrid systems that integrate automated classification with human review, while others use
nearly fully automated processing pipelines for large groups of people in table 2.

Case studies show a great disparity in the performance of the systems. Systems that are well-governed and
involve human review have shown improvements in procedural denials and continuity of coverage.
However, systems that are not well-governed have shown high volumes of disenrollments, appeals, and
administrative backlogs. These disparities show that ML system performance is not solely dependent on
the quality of the ML model but on governance structures, data quality, and accountability frameworks.

Data Inputs Data Integration Layer ML Classification Engine Decision Output Layer
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Fig. 3. Simplified ML Decision Pipeline for Eligibility

Thus, ML in Medicaid eligibility should be understood not as a neutral technical upgrade, but as a socio-
technical system whose outcomes depend on both algorithm design and policy architecture.
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TABLE. 2. State-Level ML Tools for Medicaid Eligibility
Feature Low-Automation Hybrid Automation High-Automation
States States States
Data Integration Limited datasets Multi-agency data Full cross-agency
fusion integration
ML Model Type Rule-based systems ML + human review Fully automated ML
pipelines
Processing Scale Low-volume batches Medium-volume High-volume
continuous continuous
Human Oversight High Moderate Minimal
Transparency High interpretability Partial explainability Low explainability
Error Detection Manual audits Hybrid monitoring Automated monitoring
Estimated Error Risk Low—Moderate Moderate High
Disenrollment Impact Localized Regional System-wide

V.ECONOMIC IMPACT MODELING

A. Framework for Estimating Financial Consequences of Algorithmic Errors

This paper examines an identified gap in research by establishing a systematic analytic structure for
evaluating the financial effects of unintended eligibility for Medicaid on hospital systems in the safety net.
Research objectives for this study include: (1) contextualization of the governing policies and operations
associated with automated disenrollment related to the unwinding of the Medicaid program; (2) modeling
of the financial impact of mistaken disenrollment from Medicaid on hospitals’ use of uncompensated care
and emergency services; and, (3) representing algorithmic disenrollment from the Medicaid program as a
broader category of economic risk rather than merely a means of improving administrative efficiency.
By linking state-level automation policies to the economic wellbeing of hospitals and to the equity of
healthcare, this study provides a new interdisciplinary perspective that includes governance of machine
learning, public policy, and the economics of healthcare. This paper represents algorithmic disenrollment
from the Medicaid program as more than just technological change, but as a transformation of how
economic risk is shared throughout the public health system [22].

The model conceptualizes this process through four analytically linked layers:

1) The Algorithmic Error Layer shows the errors made by using municipal entrances to figure out if
residents qualify for benefits through Artificial Intelligence/Machine Learning System. For Example, A
Missing Program on an Applicant Resident's System could lead to a False Positive or a Data Quality issue
and creating a Gap in Care or Coverage. This Layer provides evidence of the Technical Source of Risk.
2) The Coverage Disruption Layer represents how many members will be impacted due to Coverage
Disruptions caused by the Algorithmic Error Layer. This Layer also provides a measurable volume of
Erroneous Disenrollments or Coverage Disruptions at a Population Level.

3) The Utilization Shift Layer will demonstrate how a Coverage Disruption will impact the way residents
seek health care, and includes how they will move from working with Insured Outpatient Facilities to
using Emergency Services, Safety-net Facilities, Informal Care, and delaying Treatment.

4) The Financial Impact Layer will quantifiably show the Economic Impact of Utilization Shift on the
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Health Care System and includes Hospital Revenue Loss, Increased Cost of Uncompensated Care,
Increased Operating Expenses, Increased Costs of Staffing, and Increased Transfers of Risk to Public and
Safety-net Systems.

This multi, layer layout makes the journey of an error in a technical system to an impact on a
macroeconomic system visible and understandable. It is the case that, at the bottom of this hierarchy,
minor misclassification rates of the algorithmic layer may lead to non, linearly scaled system, wide
financial shocks due to the combination of effects across the care delivery, hospital capacity, and
reimbursement structures. The most important thing is that this framework, rather than treating algorithmic
error as a technical anomaly, treats it as an economic risk factor that is part of the public healthcare
infrastructure and has the potential to cause structural financial instability not only in hospital systems but
also in public healthcare systems.

B. Key Economic Metrics

The model measures the economic impact through the use of four main financial indicators, which
altogether reflect not only the direct losses of the institution but also the indirect propagation of costs at
the system level.

e Uncompensated Care Costs: Approximately, these are the costs that hospitals and providers have to
cover when they give medical treatment to patients who do not have insurance, and therefore no one
pays for such treatment. These mainly cover a series of services: emergency department services,
inpatient stabilization, diagnostic procedures, post, acute care, and follow, up services (which are
just a few examples of the care that can be provided in the absence of payer coverage). Algorithmic
disenrollment increases this burden directly by changing the care episodes that were covered by
insurance into care episodes that will not be funded, thus, leading to eroding hospital's financial
stability and increasing the dependence of these institutions on mechanisms of cross, subsidization.

e Emergency Room (ER) Surge Volume: This measure captures the rise in emergency department use
resulting from coverage loss, delayed access to care, and primary care barriers. Coverage loss leads
to a shift in healthcare entry points from low-cost outpatient facilities to high-cost emergency
facilities. This surge leads to congestion, increased treatment costs per patient, longer wait times,
lower quality of care, and increased burnout, resulting in both economic inefficiency and system
strain.

e Downstream Healthcare Spending: This measure captures the long-term cost increase resulting from
delayed diagnosis, untreated chronic diseases, disease progression, and higher-acuity procedures.

The loss of preventive care and early intervention leads to increased severity and complexity of medical
conditions, resulting in the transformation of low-cost care into high-cost medical interventions.
Revenue Displacement is the deterioration of the hospital’s revenue mix due to the loss of insured patients
and the subsequent loss of revenue sources. The revenue from Medicaid is replaced by the revenue that is
created from the care of the uninsured and underinsured patients, leading to the shift of financial systems
to unstable sources of revenue.

All these factors above come together to quantify the overall economic effect of disenrollment caused by
algorithms.

C. Scenario Analysis: Low, Medium, and High Error Rates

To reflect the uncertainty, variability of governance, and differences in real-world implementation, a
scenario-based approach is adopted. Rather than assuming a single error rate, the model examines three
scenario-based governance and risk scenarios:

Low Error Scenario: Characterized by good regulatory governance, high-quality data integration, strong
human oversight processes, transparent algorithmic decision-making, and regular auditing. The rates of
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misclassification are low, and coverage disruptions are limited in scope. Financial impacts are localized
to a small geographic area, hospital systems incur costs without systemic consequences, and safety-net
institutions operate in a stable environment.

Medium Error Scenario: Suggesting partial automation, medium-quality data, weak oversight, and
variable human review processes. Error rates are higher, resulting in visible coverage disruptions.
Regional hospitals experience rising uncompensated care costs, emergency departments experience
congestion, and safety-net facilities experience rising financial instability. Economic impacts are visible
at the regional level.

High Error Scenario: Characterized by high levels of automation, low levels of transparency, weak
oversight, poor data integration, and low accountability. The problem of misclassification becomes
institutionalized, rather than being an occasional problem. Disruptions of coverage occur at a large scale,
emergency rooms are filled with a sudden influx of patients, and safety-net hospitals are dangerously
financially destabilized. Systemic effects include a possible risk of institutional bankruptcy, service
closures, loss of staff, and infrastructure degradation of healthcare access.

This series of scenarios shows how the error process is a non-linear phenomenon, where small increments
in the rate of misclassification translate into large economic consequences because of utilization dynamics
and economic feedback loops in the healthcare system.

D. Linking Disenrollment Volume to Hospital Revenue Loss

The relation of faulty disenrollment count to hospital revenue loss is represented as a multiplier effect
rather than a linear cost function. One disenrollment event alone creates several economic consequences:
o Decrease in direct Medicaid reimbursement revenue

Higher emergency department usage

Increase in uncompensated care provision

Operational strain and staff costs increase

Long, term treatment cost escalation due to delayed care

These effects combine to create the financial compounding structure by which a single administrative
mistake spreads to various cost centers. Hospitals do not see revenue decline in proportion to an increased
number of cases of patient disenrollment. The hospitals, in particular, are affected by the following
threshold effects of algorithmic disenrollment, which include bed saturation, congestion in the ER, burnout
of staff, service rationing, delayed care delivery, and financial instability of the institution.

When the scale of algorithmic disenrollment is large, it becomes a cost amplification mechanism, which
means that it translates simple administrative mistakes into financial risks. What began as a data modeling
mistake now threatens the economic stability of the system, thereby threatening the very existence of the
safety net hospitals, public health institutions, and the healthcare access ecosystem table 3.
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Fig. 4. Relationship Between Disenrolled Patients and ER Visits
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Accordingly, the failure of algorithmic governance in eligibility systems can and should be perceived not
only as a technical issue but also as a macroeconomic risk driver that has the potential to change the
economics of hospitals.

TABLE. 3. Scenario Analysis of Algorithmic Error Rates and Hospital Financial Impact

Scenario | Estimated | Disenrollment | ER Visit | Uncompensated | Hospital System

Error Volume Surge Care Growth Revenue | Stability
Rate Impact

Low 1-3% Low Minimal Low Minor Stable
Error revenue
loss

Medium 4-8% Moderate Moderate Medium Noticeable | Strained
Error revenue
decline

High 9-15%+ High Severe High Major Unstable
Error revenue
collapse

VI. CASE STUDIES / STATE EXAMPLES

A. State-Level Adoption of Automated Medicaid Unwinding

The deployment of automated eligibility and redetermination systems for Medicaid in the U.S. is highly
diverse between states This diversity mirrors the variations in administrative capacity, governance
structures, political priorities, regulatory environments, and digital infrastructure maturity, among other
factors. A few of the states have implemented hybrid automation architectures where machine, learning
(ML) systems assist with eligibility screening, data integration, and risk scoring, but the human
administrators still make the final decisions. Meanwhile, some other states have increasingly turned to
high, automation governance models, where ML systems produce renewal, suspension, and disenrollment
outcomes directly with very little manual oversight.

These different implementation trajectories have resulted in naturally occurring policy experiments that
allow comparative institutional analysis of how the degree of automation impacts enrollment stability,
hospital burden, healthcare utilization patterns, and financial system outcomes. Instead of viewing
automation as a single technological intervention, state, level variation discloses that automation is a
governance structure, which is influenced by institutional design choices rather than simply being a matter
of algorithmic capability.

The following text offers a set of detailed comparative case studies for the three representative categories
of states, high, automation states, hybrid, automation states, and low, automation states, that demonstrate
how algorithmic governance architectures impact healthcare economics, change redistributive risk
structures, and influence system, level financial stability.

B. Case Study 1: High-Automation State Model

Machine, learning systems in highly, automated states are employed to undertake mass automated
redeterminations, depending on the integrated datasets such as tax returns, employment records, income
verification systems, and public benefit databases. Eligibility decisions are made through the application
of algorithms, and only a very small percentage of decisions are subject to human review. These systems
are designed to emphasize speed, cost, and efficiency and maximize throughput.
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On a practical note, employing these machines enables them to quickly process a large number of
beneficiaries, thus making it easy for redetermination cycles to be undertaken quickly during the
unwinding periods. However, this is accompanied by a very high volume of disenrollment, where a large
portion of the disenrollment is involuntary, attributed to errors such as data discrepancies, lack of
documentation, and model misclassification. Additionally, the number of appeals increases substantially,
and thus the increased administrative burden ultimately leads to the delay in the correction and
reinstatement process.

The outcomes of the healthcare systems in these states evidence sudden and destabilizing changes.
Immediately following the mass disenrollment events, hospitals are finding that the number of uninsured
people using their emergency departments has shot up by quite a large margin. The safety, net hospitals
henceforth find delivering their services increasingly difficult because of the rise in uncompensated care,
rapid changes in payer mix, and sudden revenue instability. Emergency departments get congested which
is a spike in the level of congestion while the inpatient services receive patients of higher acuity who have
come down to a worse condition since they got delayed in accessing care.

These systems provide examples of how high, speed automation can increase both efficiency and error at
the same time. Hence, small inaccuracies in classification that are scaled up to millions of beneficiaries in
number bring about systemic financial shocks rather than mere operational changes on an incremental
basis. The way this model is designed, automation is capable of turning the very administrative efficiency
that it brings into the source of economic volatility thereby changing the errors in governance into the
healthcare system destabilization.

C. Case Study 2: Hybrid Automation Model

Hybrid automation models where machine learning (ML) tools are used mainly for data integration, case
prioritization, anomaly detection, and risk stratification, while decision, making for final eligibility
determinations is left to humans. Through automated systems, the cases are divided into renewal, eligible,
review, required, and high, risk categories and thus the administrators are able to concentrate human
resources on ambiguous and complex cases instead of routine processing.

This different type of administration results in table 4 moderate disenrollment volumes, lower procedural
error rates, and significantly reduced appeals burdens as compared to high, automation modes. When it
comes to coverage continuity, it is generally more stable and our data show that disenrollment events tend
to be more controlled, correctable patterns instead of huge, uncontrolled surges.

Healthcare system impacts are correspondingly moderated. Hospitals mainly have to cope with small
increases in uncompensated care rather than experiencing financial destabilization of the whole system.
Emergency departments see localized areas of increased usage rather than the whole system being
overcrowded. Safety, net hospitals are able to keep their finances relatively stable, with a gradual
deterioration of the payer, mix rather than a sudden one.

This model shows that it is the governance framework that matters, not the complexity of the algorithm
itself. The human, in, the loop approach is a control mechanism that ensures the system is stabilized by
not allowing errors to build up, limiting the amplification of the system, and reducing the transmission of
financial shocks in the healthcare system. The hybrid governance framework changes the role of
automation from a risk factor to a risk-insulating tool.

D. Case Study 3: Low, Automation State Model

Low automation states are highly dependent on traditional administrative procedures and use ML tools to
a limited extent only. Manual processing, document verification, and time-consuming administrative
procedures are employed to implement redeterminations. Although these systems are more labor-intensive
and less efficient, they maintain strong human oversight and direct accountability in fig 5.
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These systems are less efficient in terms of processing time, incur higher administrative costs, and lack
scalability.On the other hand, disenrollment occurrences remain local and not systemic, and it is easier to
find and rectify mistakes. Large, scale coverage disruptions are infrequent, and enrollment stability
remains relatively high.

The results of the hospital system outcomes indicate that there is more financial stability. The safety-net
hospitals have lower variability in the growth of uncompensated care, stability in the payer mix, and
stability in emergency department congestion. The system is operationally inefficient but less systemically
risky, which shows that there is a trade-off between efficiency and macroeconomic stability.

State Medicaid ML Eligibility Systems & Error Rates

Fig. 5. Map of States with ML Eligibility Systems and Error Rates

TABLE. 4. State-Level ER Surge Costs Attributed to Erroneous Disenrollments

State | Automation Estimated Disenrollment | ER Surge Uncompensated Financial
Type Level Error Rate Volume (%) Care Increase Impact on
Hospitals
State High High Large-scale Severe High Major revenue
A instability
State Hybrid Medium Moderate Moderate Medium Localized
B financial strain
State Low Low Limited Low Low Financially
C stable

Low-automation models demonstrate that “technological caution can be a kind of economic risk
management, circumscribing the scope at which failure of governance propagates through healthcare
finance systems.”

E. Cross-State Lessons and Policy Implications

. Comparative analysis of state models yields four structurally similar findings:
o Automation Intensity is Correlated with Financial Risk
o Greater levels of automation increase systemic risk by compounding error propagation at scale.

Misclassification is economically destabilizing only when automation facilitates mass production of
governance errors.

. Governance Design is More Significant than Algorithm Design

o Human review, appeals, transparency, and accountability are more significant than model design
and technical performance characteristics.

o Safety-Net Hospitals Help Mitigate the Economic Effects of Algorithmic Governance Errors
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Safety-net hospitals are particularly susceptible to the economic burdens placed on them by the failure of
state-level algorithmic governance. They effectively act as economic stabilizers for errors made at the
state level through the use of automation.

F. Cost Shifting Through Algorithmic Governance

Administrative efficiencies gained from using automation at the state level do not realise a net reduction
in costs associated with the same service being provided to consumers; rather, they result in more costs
incurred by hospitals, emergency room providers and increased burden on community-based health
systems. As such, there is an ongoing transfer of costs between institutions, and the total amount of costs
does not shrink or disappear from the health care system.

Given these findings, Medicaid unwinding automation systems must be regulated as both technological
infrastructure and as an instrument of macroeconomic governance within a state. The algorithmic
eligibility process redistributes health care dollars, institutional viability and access to care, thereby
changing the way a state regulates health care.

To have reasonable governance of automated Medicaid unwinding systems, state policy must look at
automation as more than just a means of promoting efficiency. The state also needs to include an
evaluation of systemic risk, cost redistribution modelling, and institutional stability in the evaluation of
automated systems. Without proper governance, the use of automation will move the health care industry's
focus from administrative modernisation to economic insecurity for hospitals, communities and public
health systems.

VII. LIMITATIONS

This paper acknowledges several crucial limitations related to data availability, modeling assumptions,
scope of analysis, and variability of technology, which put a constraint on the study. These limitations
neither weaken the core results nor the findings but rather indicate the scope or the limits within which the
conclusions should be considered.

A. Limitations of Available Data

The main data the study is based on are hospital financial data disclosed publicly, Medicaid program,
related enrollment data, and administrative datasets. These datasets are, by their nature, limited due to the
time lag involved in reporting, the level of detail, and the standards of reporting of the respective
institutions. When hospitals disclose their financial information, one of the things that is often missing is
the detailed breakdown of uncompensated care costs that can be attributed to specific policy drivers like
algorithmic disenrollment, which makes it quite a challenge to isolate the causes.

Medicaid enrollment data are usually presented as net changes (e.g., populations gaining or losing
coverage) and do not provide the detailed breakdown of procedural, administrative, or algorithmic
disenrollment that would constitute the exact classification of these categories. Therefore, the econometric
analysis is based on the manifestation of the system's features and the overall statistical dependence
between the elements of the system rather than on the exact localization of the individual beneficiary level.
In addition, publicly available data sources often underrepresent the flow of informal care, use of
community clinics, and non-hospital-based safety net care, which could result in a potential underestimate
of total system-wide cost displacement effects after loss of coverage.

Assumptions in Economic Impact Modeling

The economic modeling framework embeds a number of necessary simplifying assumptions.

o Primarily, the model assumes that healthcare demand is redistributed rather than eliminated when
coverage is lost, with usage switching from insured healthcare pathways to emergency, safety, net and
uncompensated care channels. This assumption is backed by the previous public health economics
literature but may still be insufficient to fully reflect the behavioral heterogeneity of different populations
and areas.
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o Secondly, the model conceptualizes algorithmic error as a scalable economic risk variable and thus

assumes proportional relationships between misclassification rates, disenrollment volume and the
subsequent financial impact. Actually, these relationships may be nonlinear, show regional threshold
effects and institutional buffering that differ across healthcare systems.

o Thirdly, cost multipliers and utilization shifts were modelled through generic parameters rather
than have been tied to the financial structures of specific institutions. Thus, the quantitative projections
lack precision and the model can be seen more as an explanatory framework of the components than a
forecasting instrument with predictive capabilities.

B. Scope Limitations

The analytical scope for the research has been deliberately narrowed down to state Medicaid systems and
safety, net hospitals, especially public hospitals, nonprofit institutions, and community, based providers
that disproportionately absorb uncompensated care burdens. This focus leaves out private payer systems,
employer, sponsored insurance markets, and federal healthcare programs other than Medicaid. Therefore,
the findings should not be extrapolated to the whole U.S. healthcare financing system without further
modeling and empirical evidence. Moreover, the work concentrates on state governance structures and
public, sector administrative systems, and not on private insurance automation frameworks, which may
be functioning under different regulatory, financial, and incentive systems.

C. Variability in Machine Learning Tool Performance

A critical constraint comes from the fact that ML tools are so different in their design, contexts of
deployment, and operational performance. Algorithmic systems vary greatly in the quality of data, training
datasets, model architectures, validation protocols, governance structures, and oversight mechanisms.
Hence, the research does not assume the same level of performance or error rates for all systems.

The research, therefore, considers algorithmic failure more in terms of probability and structure than in
terms of certainty. The economic implications are considered in terms of patterns of risk at the level of the
entire system rather than in terms of the outputs of individual instruments. This approach makes it
impossible to identify particular suppliers, model numbers, and technical architectures as the causes of the
observed implications but improves the transferability of the findings to various governance structures.

VIII. FUTURE WORK

This study lays out different routes for the further research work that can be done to enhance not only the
technical soundness but also the policy, relevance of machine learning (ML)based Medicaid eligibility
systems. The next steps should be to look beyond the administrative and economic outcomes and consider
clinical, public health, and social impact aspects as well, thus opening the way to a more comprehensive
evaluation of algorithmic governance in social welfare systems.

1. Seamless Integration of Patient Good Health Being into Economic Analysis
The next generation of models should directly link patient good health outcomes (like disease
progression, hospital admission rates, medication adherence, maternal and child health, and
chronic disease management) with economic impact models. Identifying a link between eligibility
redeterminations and ill, health, death risk, and long, term healthcare expenses can be an effective
way to put a value on the algorithmic mistakes more accurately. Therefore, the focus of such
models would be moved away from just estimating short, term financial losses towards conducting
full, blown health economics of the lifecycle capturing total societal costs related to coverage
instability.

2. Real, Time Monitoring and Adaptive Error Detection Systems
Next, generation ML eligibility systems ought to be equipped with real, time error monitoring
architectures that include drift detection, anomaly detection, and continuous validation pipelines.
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There is a requirement for future research to focus on streaming data frameworks that can alert for
unusual disenrollment patterns, demographic disproportionality, and regional anomalies in real
time. Feedback loops from the outcome of appeals, hospital admissions, and emergency
department visits could be incorporated into ML systems to enable dynamic learning and
recalibration of the system to reduce errors.

3. Cross, State Comparative and Federated Studies
It is of great importance to conduct comparative research across states that differ in the extent of
automation, they operate under different governance models, and have different funding sources.
The future work should imply the use of federated evaluation frameworks for a multi, state analysis
without centralizing data pooling to ensure privacy at the same time that large, scale benchmarking
is encouraged. This would help locate the best, practice governance models, policy safeguards, and
institutional designs that reduce harm to a minimum while keeping the levels of administrative
efficiency.

4. Synthetic Data for Stress, Testing Automated Systems
Synthesizing populations to create data is an excellent method for stress, testing eligibility systems
using machine learning (ML) under extremely difficult or rare cases. Further studies should focus
on providing policy, grade synthetic ecosystems picturing various different economic shocks,
migration patterns, employment volatility, natural disasters, and demographic shifts. Using these
simulated environments, one could test the system's resilience, fairness stability, and failure modes,
thus regulators and agencies would be able to conduct pre, deployment risk assessments prior to
the wide implementation of such systems.

5. Policy, Oriented Experimental Frameworks
Future research should investigate frameworks for policy experimentation, such as regulatory
sandboxes and controlled pilots, where new ML systems are ethically monitored and tested for
safety within specified limits. By incorporating equity criteria, public health protections, and
institutional impact indicators into the evaluation protocols, we can ensure that the innovation of
automation is for the public good first and not just administrative efficiency instruments.

To conclude, the next step for the field should be integrating socio, technical research frameworks that
link machine learning, public policy, healthcare economics, and public health ethics. Integrating real, time
monitoring, synthetic stress, testing, cross, state collaboration, and outcome, centered modeling would
turn future systems into a resilient, equitable, and health, protective public infrastructure, rather than just
a means for Medicaid automation to reduce costs.

IX. CONCLUSION

This study makes it clear that the increasing dependence on machine learning (ML), based automation for
Medicaid eligibility redetermination is more than just a technological improvement of public
administration, but rather a fundamental transformation of the financing of healthcare and the distribution
of risks. The findings of this study indicate that even a small rate of misclassification in the algorithm can
cause a disproportionately adverse economic effect on safety net hospitals, primarily due to the increased
number of uncompensated care, higher use of emergency services, and unstable revenues. Algorithmic
disenrollment is not only removing people from insurance rolls, but it also transfers the financial risk from
public institutions to healthcare organizations that, by definition, have to provide care irrespective of
whether the patients are insured or not.

The investigation reveals a crucial, systemic, level phenomenon: the administrative productivity gains
from automation may contribute to the economic inefficiencies of the healthcare system as a whole.
Automated eligibility systems, which are designed primarily for speed and cost savings, can create a ripple
effect of hospital financial instability, further contribute to care fragmentation, and ultimately result in
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increased long-term health public spending. In this manner, algorithmic errors are not simply the failure
of individual technologies but rather risk multipliers that are part of the socio-technical infrastructures.
One of the most important lessons of this investigation is the need to strike a balance between automation
efficiency and institutional safeguards and human oversight. Fully automated decision pipelines,
especially in the realm of social welfare, are not designed with the kind of adaptive judgment necessary
to cope with the complexity, uncertainty, and vulnerability of such environments. Hybrid ML governance
structures, which include human oversight, continuous auditing, and fairness monitoring, are not optional
but rather necessary components of the design.

From a policy perspective, this study makes it clear that there is an urgent need to establish formal
regulatory structures that regulate the use of algorithmic eligibility systems. These structures should
include the performance of audits, the release of transparency reports, accountability for errors, and risk
assessments before implementation. However, financial protection for safety net hospitals should also be
considered within the framework, with components such as stabilization funds, algorithmic risk
adjustment, risk adjustment mechanisms, and uncompensated care buffers that would not allow the
automated systems to transfer their costs to the healthcare providers.

Therefore, this study contends that the automation of Medicaid should not be considered within the
administrative reform framework but rather as a form of public infrastructure governance. The impact of
the machine learning-based decision systems includes access to medical care, the financial staying power
of the institutions, and the diffusion of the population's health. If technical, economic, and policy
safeguards are not considered, then the algorithmic governance could eventually undermine the social
protection objectives that Medicaid previously benefited from.

The policy implication is that the role of automation should not be decided on the basis of efficiency alone
but also on the basis of fairness, accountability, and the ability of the system to bounce back, which is to
say that technological change should be a factor that helps the survival of the healthcare safety net and not
one that brings about its demise.
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