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Abstract - The steep rise of artificial intelligence (AI) use in healthcare finance has brought about a major change in risk 

adjustment and reimbursement mechanisms under Medicare Advantage (MA) programs. AI, based predictive systems are 

now very commonly used to extract patient records for the assignment of Hierarchical Condition Category (HCC) codes, 
which in turn results in systematic inflation of risk scores and thus higher government reimbursements. The practice of 

algorithmic upcoding, as it is often called, constitutes a major risk for the financial viability of public healthcare systems 

and the Medicare trust fund's ability to continue operating over the long term. In this paper, we suggest an integrated 

analytical framework that links predictive modelling, healthcare economic analysis, and policy modelling in order to 

formally define the trade, off between AI predictive accuracy and payment distortion. Through the development of 

mathematical models, we connect AI, based HCC prediction, risk score calculation, and reimbursement mechanisms to 

measure the extent of the fiscal distortion effects resulting from algorithmic optimization. The findings reveal the existence 

of a structural dilemma between the accuracy of the model and the interpretability of the payment; they also show how AI 

performance, driven optimization can unintentionally increase the economic incentives for systematic upcoding. In addition, 

we propose a policy, aware simulation framework that helps to assess regulatory measures taken by the Centers for 

Medicare and Medicaid Services (CMS) under different enforcement and transparency conditions. The study provides a 
formal foundation for designing regulation-aware AI systems in healthcare finance and proposes a CMS reimbursement 

reform framework that integrates explainability, auditability, and economic accountability as core design principles. This 

work represents the first unified AI–economics–policy model for understanding and mitigating algorithmic upcoding in 

Medicare Advantage systems. 

 

Keywords - AI in Healthcare, Medicare Advantage, HCC Coding, Algorithmic Upcoding, Risk Adjustment, CMS Policy, 

Healthcare Economics, Explainable AI. 

 

1. Introduction 
The rapid use of artificial intelligence in healthcare finance 

has changed risk scoring and reimbursement systems radically, 

with algorithmic decision, making being embedded directly into 

public insurance structures like Medicare Advantage. Predictive 

AI models have been given the task of automating the extraction 

of Hierarchical Condition Category (HCC) codes, which leads to 

increased efficiency, but at the same time, the large, scale risk 

score inflation is enabled. Such algorithmic upcoding results in 

the distortion of reimbursement flows and thus over time, the 
growing fiscal pressure is being put on the Medicare trust fund. 

Although the Centers for Medicare and Medicaid Services 

(CMS) have stepped up regulatory oversight, the existing 

measures are mostly reactive and fragmented, and a single 

framework to link the AI accuracy, economic incentives, 

payment distortions, and regulatory risk is still missing. In this 

study, we suggest an AIeconomicspolicy integrated model that 

can be used to analyze these interactions and help with future 

CMS reimbursement reform. 

 

1.1. Background 

The use of artificial intelligence (AI) in healthcare finance 
has had an enormous impact on decision, making in clinical 

operations, insurance handling, and reimbursement systems. 

Predictive analytics, machine learning models, and big data 

mining techniques are progressively being used as a standard for 

analyzing electronic health records, claims data, and population 

health datasets to improve the operational efficiency and 

financial performance. 

 

In addition, AI, powered decision systems are gradually 
figuring out patient risk measurement standards, representation 

of disease burden, and distribution of healthcare financial 

resources. 

 

Risk scoring and reimbursement optimization are some of 

the most prominent uses of AI in the healthcare finance industry. 

For instance, predictive models can be used to determine the 

level of disease, estimate future demand for healthcare, and 

improve coding processes to better align with reimbursement 

rates. Although the use of such models increases efficiency and 

resource management, they also create incentives that cause 
massive shifts in the financial behavior of individuals. The rise in 

Medicare Advantage enrollment is a good example of this, where 

the private insurers are paid based on the algorithmically 

generated patient risk profiles. Furthermore, with the continuous 

growth of Medicare Advantage, government reimbursements 

through financial valuation of patients and clinical data 

interaction are increasingly intermediated by AI, driven 

automation thus integrating algorithmic decision, making into 

public healthcare finance. 

 

1.2. Problem Statement 
At the heart of AI, assisted reimbursement systems is the 

automated operation that extracts and predicts diagnostic risk 

indicators. In fact, the use of predictive models to identify HCC 
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(Hierarchical Condition Category) codes in patient data, which 

constitute the basis for risk adjustment and payment calculation 

methods, is a common practice. Fundamentally, the algorithmic 

HCC prediction facilitates better detection and coding efficiency 

but it also opens up a whole set of problems. 

 
On the one hand, AI systems which are geared towards 

optimizing predictive performance, may end up systematically 

over, identifying risk conditions, thus, generating risk score 

inflation which exceeds the level justified by clinical evidence. 

The term used to describe this kind of phenomenon is 

algorithmic upcoding which results in a situation where 

reimbursement sources grossly outweigh the underlying patient 

morbidity. An increase in risk scores is always accompanied by 

higher government transfer payments, thus, system, wide, the 

public healthcare budget experiences great fiscal distortions. 

 

As a consequence of this ongoing practice, the Medicare 
trust fund faces a very real threat in terms of running out of 

resources, hence, cutting the life span of public insurance 

programs. In contrast with conventional coding errors, the scale 

of the AI, driven upcoding is algorithmic, and this makes it 

possible for the mechanisms that are automated and continuous 

in terms of financial extraction to be amplified to a level that 

cannot be checked by the usual auditing procedures thereby 

making it difficult to detect. 

 

1.3. Policy Context 

C The Centers for Medicare and Medicaid Services (CMS) 
play a major role in directing the use of regulatory governance of 

artificial intelligence (AI) based reimbursement systems. CMS 

defines risk adjustment methodologies, coding standards, and 

reimbursement policies. Over time, CMS has become aware of 

the issues with algorithmic upcoding and has responded by 

putting in place changes aimed at reducing the risk score 

inflation that is not justified, increasing the power of audits, and 

setting compliance standards that have to be met by Medicare 

Advantage plans. 

 

Still, the present regulatory frameworks are mostly reactive, 

with a focus on after, the, fact auditing and correction of errors 
instead of system, level control that is proactive. Current 

regulations do not formally consider the addition of the design of 

AI systems, limitations of model transparency, or algorithmic 

incentives in the reimbursement governance. Thus, the 

regulatory interventions are quite apart the internal operating of 

AI models, and therefore are less effective in counteracting the 

payment distortions at the system level. 

 

1.4. Research Gap 

Even though there is an increasing awareness about AI, 

driven upcoding, there is still no formal analytical framework 
which would simultaneously model the following aspects: AI 

predictive accuracy, Economic incentives embedded in 

reimbursement systems,  Payment distortion dynamics and 

Regulatory policy risk. 

 

The present investigations are still scattered over technical 

AI modeling, healthcare economics, and policy with no unified 

systems, level approach. AI research emphasizes developing the 

best, performing models, healthcare economics attends to the 

study of incentive structures without algorithmic modeling, and 

policy research is predominantly descriptive. This division 

hampers a thorough understanding of the interactions between 

AI system goals, financial incentives, and regulatory frameworks 

that lead to large, scale fiscal distortions 

 

1.5. Contributions 
One of the major issues of Medicare policy has been the 

continuous fight between the government and plans over 

upcoding doing so legitimately in most cases and fraudulently in 

a few cases. 

 

This paper addresses the gap by proposing a unified AI 

economic policy framework for analysing algorithmic upcoding 

in Medicare Advantage systems. The main points of this paper 

are: 

 A new interdisciplinary AI economics hybrid modelling 

framework which links predictive HCC modelling with 

the economics of reimbursement in a formal way. 

 An accuracy interpretability trade, off model that 

quantifies the inherent conflict between prediction 

accuracy and payment error. 

 A policy simulation framework which enables the 

assessment of the regulatory interventions' effectiveness 

under different enforcement and transparency scenarios 

in a controlled environment. 

 Regulatory AI design principles that integrate 

explainability, auditability, and economic accountability 

together in healthcare AI systems. 

 
In short, these main points lay down the theoretical basis for 

regulation, AI, and healthcare finance, aware design, and at the 

same time, offer a scalable analytical tool for future CMS 

reimbursement policy changes. 

 

2. Literature Review 
2.1. AI in Healthcare Risk Adjustment  

In summary, recent research has shown that machine 

learning and artificial intelligence are more and more applied in 

the healthcare risk adjustment and payment modelling. The 

authors of [1] have listed a few key ethical principles of machine 

learning in healthcare, they have named transparency, 

accountability, and fairness as necessary components of 

algorithmic systems that not only affect patient but also financial 

results. 

 

In a similar vein, [2] elaborated on that point by suggesting 

how machine learning techniques might be structurally 
integrated with risk adjustment models, and at the same time, 

they acknowledged that such techniques exhibit superior 

predictive performance as compared to the traditional statistical 

methods. 

 

Besides, in a different study, [3] through their research, they 

advanced the idea of AI, driven reimbursement modeling by 

introducing a new risk, adjusted payment formula based on a 

machine, learning algorithm and demonstrating that there is a 

technical feasibility. Nonetheless, these papers primarily focus 

on the performance, comprising issues and methodological 
innovations, while their discussions of the subsequent economic 

distortions and systemic fiscal risks are just at a very 

insignificant level. 
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2.2. Algorithmic Bias in Health Finance  

Algorithmic bias in healthcare AI systems that determine 

automated access to care, resource allocation, and financial 

decision, making has been documented extensively.) 

 

One of those papers [3, 4] talked mainly about the flaws of 
conventional risk adjustment systems and provided ways such as 

constrained regression and variable selection for reducing 

systemic biases, but essentially these methods are statistical and 

not algorithmic. 

 

In these papers, the authors also admit the problem of bias 

and fairness in AI; however, they do not touch on the fact that AI 

optimization goals might cause economic distortions in the 

financing of public insurance programs. This is a major blind 

spot in our current knowledge of the fiscal externalities caused 

by AI. 

 

2.3. Medicare Advantage Economics 

The economics of Medicare Advantage (MA) plans has 

been a major focus of research, especially with regard to aspects 

such as how the healthcare providers' coding behaviour 

incentives and the way the system is reimbursed affect the 

system as a whole. One of the most groundbreaking economic 

research on upcoding was that of [5] who initially empirically 

proved that "soft" risk adjustment mechanisms provide 

incentives for the systematic increase of coding. [6] not only 

formalized risk adjustment and coding intensity but also 

explained structurally how payment systems incentivize 
aggressive diagnostic coding practices. [7] further extended this 

debate by revealing through data that coding intensity varied 

significantly between Medicare Advantage plans, thus inferring 

that the systemic heterogeneity is more related to the strategies of 

the organizations than to the differences in patient health. 

 

Although these economic incentive models are tightly 

reasoned, they don't factor that AI systems can be the ones 

inflating risk scores. Hence, they treat upcoding mainly as 

human or organizational behavior, omitting the possibility that it 

might be an algorithmic one 

 

2.4. HCC Coding Automation 

Automation in diagnostic coding and risk classification has 

been rapidly boosted by the use of AI and machine learning 

systems. [8] Revealed the growing complexity of inpatient 

populations which underlined the surging dependency on 

automated systems to handle clinical and administrative data on 

a large scale. [9] Developed machine learning models to classify 

low, acuity emergency visits which reflected the general trend of 

AI, based clinical classification systems influencing operational 

and financial workflows.  [10] Focused on AI, driven payment 

modeling through automated risk, adjusted formulas, which is a 
move towards algorithmic governance of reimbursement 

systems. Nevertheless, the existing literature views HCC 

automation mostly as a technical efficiency issue, without 

considering its use in systemic payment distortion or fiscal risk 

amplification. 

 

2.5. Regulatory AI and Algorithmic Governance 

Research on regulatory AI and governance has, by and 

large, concentrated on ethics, transparency, and accountability 

frameworks and not on formal computational regulation models. 

[11] highlight the importance of ethical AI principles but they 

don't present regulatory architectures for financial governance 

systems. [12] and [13] studied AI, assisted clinical decision 

systems in the context of quality and outcome measurement, 

however, these works focus on clinical aspects and are not 

directly related to healthcare finance governance. The policy 
literature has mainly been descriptive and lacking in formal 

mathematical or simulation, based regulatory control models for 

AI, powered reimbursement systems. Consequently, regulatory 

approaches are still reactive and audit, based, rather than being 

system, integrated and algorithm, aware [14-17]. 

 

2.6. Research Gap 

Existing literature is still fragmented among technical AI 

research, healthcare economics, and policy studies. AI research 

mainly concentrates on the predictive performance of algorithms, 

whereas economic studies are concerned with incentive 

structures without incorporating algorithmic models, and policy 
literature is mostly qualitative and descriptive [18,19]. To our 

knowledge, no prior work provides a single framework that 

formally links AI predictive accuracy, economic incentives, 

payment distortion mechanisms, and regulatory policy risk. This 

paper fills the gap by constructing a comprehensive 

AIeconomicspolicy model that treats AI systems as economic 

agents interacting with the Medicare Advantage payment 

ecosystem, thereby enabling a formal analysis of algorithmic 

upcoding and regulatory control [20]. 

 

3. System Model and Problem Formulation  
3.1. AI-Based HCC Prediction Model 

We consider a prediction framework where the AI system is used 

to predict HCC codes of the individual patient. Suppose X is the 

patient data set contains demographics, diagnosis, lab results, 

and claims history. The AI model f(X), with parameters, makes 

the HCC code prediction for eqn (1, 2, 3): 

𝐻 = 𝑓𝜃(𝑋)  (1) 
Where 

𝐻 = {ℎ1, ℎ2, … ℎ𝑛}    (2) 

Represents the set of true HCC codes and 

𝐻 = {ℎ̂1ℎ̂2, . . ℎ̂𝑛}    (3) 

 

Represents the AI, predicted HCC codes for a maximum of 
n possible condition categories. A hi is binary, having a value of 

1 if the patient is diagnosed with the condition and 0 if not in the 

case of each condition. The model is maximized for predictive 

accuracy and at the same time, has the ability to identify all 

clinically relevant conditions that qualifies a patient for risk 

adjustment. 

 

3.2. Risk Score Computation 

The determined HCC codes are subsequently translated into 

a patient, specific risk score R with CMS risk weights wi, 

corresponding to each HCC in eqn (4). 

𝑅 = ∑ 𝑤𝑖ℎ𝑖

𝑛

𝑖=1

   (4) 

 
Where wi denotes the relative cost weight set by CMS for 

the ith HCC condition. The risk score R measures the expected 

health care cost of the patient and thus serves as the basis for 

risk, adjusted reimbursement. By design, hi {0, 1} allows the 
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additive structure to be consistent with CMS risk adjustment 

method. 

 

3.3. Payment Model 

The overall payment P granted to a healthcare provider or insurer 

for a patient is in relation to the risk score calculated in eqn (5): 

𝑃 = 𝐵. 𝑅   (5) 

 

Where B is the base payment rate per risk unit, which is set 

by the CMS payment schedule. This simple linear formula 

ensures that higher, risk patients lead to higher payments, 

thereby giving healthcare providers a direct financial incentive 

for precise HCC coding. 

 

3.4. Upcoding Function 

Algorithmic upcoding is a term used when an AI model produces 

HCC codes that are not only not justified clinically but also 
unnecessary according to fig 1.We denote the upcoding function 

U as the number of AI, predicted HCC codes minus the number 

of clinically validated HCC codes in eqn (6): 

𝑈 = 𝐻̂ − 𝐻𝑐𝑙𝑖𝑛𝑖𝑐𝑎𝑙     (6) 

 
Here, H clinical refer to the set of HCC codes supported by 

clinical documentation. 

 

The positive value of U indicates H overprediction (potential 

upcoding) which subsequently increases the risk score and thus 

the payment. The given expression makes it possible to carry out 

the numerical analysis of the economic distortions caused by AI 

and it presents a framework for the examination of trade, offs 

between accuracy, payment interpretability, and regulatory 

compl 

 
Fig 1: AI-Predicted vs Clinically Validated HCC Codes: 

Upcoding 

 

This section presents a formal symbolic framework that 

connects patient data, AI predictions, HCC coding, risk scoring, 

and payment. It paves the way for the accuracy payment 

distortion trade, offs analysis and regulatory intervention design 
in the next sections. 

 

4. Accuracy Interpretability Trade off Model 
4.1. Predictive Accuracy Metric 

In order to measure the performance of the AI, based HCC 

prediction model, we introduce a predictive accuracy metric A as 

the expected discrepancy between the AI, predicted HCC codes 
H and the clinically validated HCC codes Htrue in eqn (7) 

𝐴 = 𝐸 [||𝐻̂ − 𝐻𝑡𝑟𝑢𝑒||]    (7) 

 

Here, stands for the appropriate norm (for instance, L1 or 

L2) for the HCC code vector, and E[.] is the expectation over the 

patient population. A lower value of A corresponds to better 

predictive accuracy, while a higher value means that predictions 

are further away from the clinically validated diagnoses. The 

metric is used as a reference to measure the trade, off between 

model performance and financial outcomes. 

 

4.2. Payment Distortion Function 

Algorithmic upcoding results in a difference between AI, driven 

and clinically justified payments. We characterize the payment 
distortion function D as in eqn (8): 

𝐷 = 𝑃𝐴𝐼 − 𝑃𝐶𝑙𝑖𝑛𝑖𝑐𝑎𝑙     (8) 

 

Where PAI is the payment that comes from the AI, predicted 

HCC codes, and Pclinical is the payment that is based on the 

validated clinical HCC codes. D values that are higher than zero 

show that there has been an overpayment due to an 

overprediction, while negative values may imply underprediction 

or a missed risk. This function reflects the economic impact of 

the predictive errors in the reimbursement system.  
 

4.3. Accuracy Payment Trade off Function  

The compromise between the model's predictive accuracy and 

the resulting fiscal distortion is expressed through the objective 

function L, which is described as follows in eqn (9): 

𝐿 = 𝛼𝐴 − 𝛽𝐷    (9) 

 

Where: 𝛼 Is the weight of the clinical value that emphasizes the 

importance of prediction accuracy for patient care and correct 

risk assessment, and 𝛽 is the weight of the fiscal risk that, among 
others, reflects CMS or the insurer's sensitivity to overpayment 

or underpayment? 

 

Maximizing L involves a trade, off decision that balances 

the clinical benefit of highly accurate HCC prediction versus the 

economic cost of payment distortion. Decision, makers by 

varying the values of and, can observe different trade, off 

scenarios where one may focus on accuracy, another on savings, 

or a combination of both. 

 

4.4. Interpretability Constraint 
To ensure the AI model remains transparent and audit-ready, we 

impose an interpretability constraint in eqn (10): 

𝐼(𝑓𝜃) ≥ 𝜏  (10) 

 

Where I(f) is the interpretability of the model according to 

traditional criteria such as the stability of feature importance, 

accuracy of rule extraction, or explainability values from SHAP, 

and is the lower bound set by the regulatory requirements or 

CMS guidelines. This article removes uncertainty around the 

issue of how transparent the AI solution should be at all levels to 

clinicians, auditors, and regulators, thus allowing these parties to 
easily comply with accountability, and even environments at risk 

of reimbursement. 

 

The Network portrays the tension between two powerful 

forces. On the one hand, there is the power of AI to predict and 

its economic consequences, and on the other hand, there is the 

interpretability of HCC coding, which is the basis of healthcare 
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provision. The framework centred around the predictive 

accuracies vs payment distortions dilemma and it was noted that 

while predictive accuracies can be used to obtain fraudulent 

payments, it is just as important for the model to be interpretable 

and compliant with the regulations. With the framework scenario 

analyses can be carried out with CMS and insurers seeking the 
best compromise here of patient care quality vs. fiscal 

responsibility, thus policy, aware AI in Medicare Advantage 

becomes not just a possibility but a reality. 

 

5. Economic Incentive Model 
5.1. Utility Function of Insurers 

Healthcare insurers participating in Medicare Advantage are 
motivated to increase their financial returns while also handling 

operational and compliance risks. They derive their utility from 

the payments made for patient care, which is their main source of 

revenue, minus operational costs and possible penalties due to 

regulatory scrutiny. 

 

The regulatory environment, which is mainly overseen by 

CMS, is a source of risk with a variable level that insurers have 

to consider when deciding on and implementing predictive AI 

models for HCC coding. Getting a very accurate prediction of 

the risk, adjusted patient profiles not only leads to increased 
revenues through higher reimbursements but also opens up the 

risk of audit penalties for the prediction is too high compared to 

the clinical justification. 

 

By picturing insurer behavior as a process of utility 

maximization, it is possible to do a study of how the incentives 

embedded in algorithms interact with the different elements of 

the payment structures and regulatory pressures to ultimately 

influence the organizational coding strategies. 

 

5.2. AI Optimization Objective 

Economic models, at the most elementary level, regard AI 
models as mere tools utilized by insurers to optimize their utility. 

Precise prediction of HCC codes through these models is 

creating the main avenue of their impact, not only do HCC 

models drastically reduce the manual review and coding error 

component, they also bring down the costs of audit compliance 

activities, thus going for the net financial gain maximization. The 

essence of the optimization process is a natural balancing act 

between two conflicting objectives: on one side, patient risk is 

predicted more accurately so that higher reimbursement can be 

obtained, and on the other hand, the predictions are kept 

sufficiently close to the clinical reality so that no regulatory 
penalties are provoked. Therefore, by mathematically expressing 

these trade, offs, the model acts as a quantifiable instrument that 

aids in comprehending that AI systems from an economic 

perspective are agents within Medicare Advantage, thus having 

an influence on organizational behavior and risk adjustment 

outcomes. 

 

6. CMS Policy Constraint Modeling 
6.1. Regulatory Control Function 

CMS uses many policy and enforcement mechanisms to 

reduce excessive upcoding and preserve the integrity of the 

Medicare Advantage payment system. These measures include 

audits, coding validations, payment caps, and compliance 

incentives that in one way or another affect the behavior of 

insurers. We view regulatory interventions, within our 

framework in fig 2, as a control function that balances two 

objectives: minimizing inappropriate payments resulting from 

algorithmic predictions and keeping the predictive accuracy high 

enough for a fair risk adjustment. With this method, 

policymakers can model how different levels of enforcement and 

transparency requirements affect insurer incentives and the 
overall financial outcomes of the system. 

 

 
Fig 2: Impact of CMS Regulatory Interventions on Payment 

Distortion 

 

6.2. Trust Fund Depletion Model 
An important issue in Medicare Advantage is that the 

Medicare trust fund might be drained if risk scores are inflated 

and overpayments are made. Our framework assesses this risk by 

simulating how the total insured population would accumulate 

financial losses over time. By summing up the payment 

distortions caused by algorithmic upcoding, the model is able to 

measure the extended period fiscal consequence of AI, assisted 

HCC prediction. This gives CMS a structured instrument for 

evaluation of the viability of present reimbursement policies and 

for creation of specific measures that maintain the trust fund's 

solvency without hindering innovation in predictive risk 
modeling. 

 

7. Simulation Framework 
To explore simultaneously AI, based HCC prediction dynamics 

and resulting Medicare Advantage reimbursement changes, a 

modular simulation framework with a collection of five main 

components is offered: 

 Synthetic Patient Generator: The goal of this module is 

to give demographic, clinical history, and comorbidities 

features to create patient profiles that can represent a 

real population and can be used for AI prediction 

models testing. It helps in adjusting patient complexity, 

and risk distributions, as well as disease prevalence in 

fig 3.  

 AI Risk Prediction Model: Based on patient profile, the 

AI system predicts HCC codes that are most likely 

according to past pattern and feature correlation. The 

parameters are set in a way to allow the review of 
various algorithmic designs that may focus on trading 

off between prediction accuracy and interpretability.  

 HCC Assignment Engine: The purpose of this module 

is to produce HCC codes assignments based on risk 

profiles predicted by the model. It is supposed to be like 
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the clinical coding process but giving out controlled 

levels of error prediction or overprediction that can be 

thought of as potential upcoding behavior.  

 Payment Simulator: According to risk weights that are 

determined by CMS, the payment engine calculates 

risk, adjusted payments for each patient simulated. This 
tool is able to distinguish between payments that are 

clinically justified and distortions that come from AI 

predicted codes.  

 Policy Enforcement Layer: This layer makes use of 

regulations such as the audit probabilities, penalty 

mechanisms, and interpretability thresholds; thus it can 

be considered as a reflection of the CMS operations that 

influence the insurer's behaviour and the overall 

payments in the system. 
 

 

Fig 3: Medicare Fraud Detection and Payment Audit System 

 

8. Results & Analysis 
A simulating framework such as the one described above 

allows the conduct of a quantitative analysis, not only in a 

general sense but very detailed, of the influence of artificial 

intelligence on prediction of (HCC) cases, upcoding, and the 

level of tightness of internal controls, as well as their impact on 

Medicare Advantage payments. The outcomes demonstrate that 

accuracy, financial incentives, and regulatory oversight 

constitute three facets of the same coin. 
 

8.1. Risk Inflation Curves 

The simulator's experience indicates that AI models that 

concentrate solely on making the most accurate predictions will 

in fact cause a systematic overestimation of the risk score. In 

order to create Figure 4, which shows the difference in the 

distributions of the predicted risk scores and the validated 

baselines, ten thousand artificial patient examples have been 

generated. The ridge of the graph reflects a clear shift to the right 

of the predicted scores, where the most complex patients are the 

ones with the highest overestimation of the risk score. This 
pattern is the indication of the contradiction between AI 

maximization and medical trustworthiness. 

 

 
Fig 4: Risk Inflation 

 

 

 

 

8.2. Payment Distortion Graphs 

Figure 5 illustrates how the combination of risk inflation 
contributes to increased payments. Payment predictions from AI, 

Generated HCC codes raise the total amount that insurers pay the 

intermediaries, thus causing quantifiable overpayments. The gap 

between payment predictions using AI and clinical justification 

increases exponentially with patient complexity. The implication 

is that even slight predictive errors of high, risk patients by AI 

can result in a large increase in financial disbursements. 

 

 
Fig 5: Payment Distortion 

 

8.3. Accuracy vs Fiscal Loss 

Figure 6 illustrates the compromise between the quality of 

prediction and the financial loss. Usually, the models which 

predict the most accurately (tested by the lowest HCC prediction 

error) have a payment distortion that is bigger because they 

identify more than the needed rare but big weight HCC cases. On 

the other hand, models which are a bit less accurate in prediction 
may lessen overpayments by their cautiousness. This figure 

points out that the accuracy payment distortion trade, off is an 

important feature that determines the use of artificial intelligence 

for Medicare Advantage. 
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Fig 6: Accuracy vs Fiscal Loss 

 

8.4. Interpretability vs Revenue 

Adding interpretability constraints restricts an AI model 

from taking advantage of very subtle correlations in patient data. 

Figure 7 shows that when you make a model more interpretable 

(e.g., by using explainable rules or limiting how much feature 

importance can be used), you effectively cut down on the money 

that could be made by fraud but at the same time you increase 

transparency and make the model easier to audit. This chart 

measures the extent of the trade, off between how interpretable a 
model is and how much revenue an insurer gets, hence it can be 

used to decide on the level of explainable AI standards. 

 

 
Fig 7: Interpretability vs Revenue 

 

8.5. Regulatory Threshold Analysis 

Figure 8 examines the impact of CMS regulatory thresholds, 

such as audit rate and penalty severity, on AI-driven behavior. 
Higher levels of enforcement result in fewer occurrences of 

overpredicted HCC codes, decreased payment distortions, and 

help to stabilize the Medicare trust fund. However, excessive 

enforcement could have a chilling effect on predictive accuracy 

and increase the cost of operations. This study shows that policy 

levers have a direct impact on AI incentives, and a proper 

balance is essential for protecting both the fiscal and clinical 

goals. 

 
Fig 8: Regulatory Threshold Analysis 

 

9. Policy Implications 

The simulation outputs add to the call for a well, regulated, 

highly conscious AI framework in Medicare Advantage to, e.g., 

ensure that great predictive accuracy goes hand in hand with 

financial discipline and transparency. From the investigations, 

we raise the CMS policy agenda proposals which, on one hand, 

would discourage AI upcoding, but, on the other hand, ensure 

that risk adjustment is correctly done: 
 

Explainability, Based Reimbursement: Part of the payment 

formula may be model explainability metrics thus making a 

reward system for AI that gives clear and detailed justifications 

for HCC predictions. In this way, the use of the models that can 

be explained, i.e., their logic and decision, making can be 

audited, and their results are in line with clinical documentation, 

is made to be the case. 

 

Interpretable AI Certification: CMS may introduce a 

certification program for Medicare Advantage AI models 
through which only those algorithms that are transparent, fair, 

and accountable are allowed to be deployed. A model that has a 

certificate is less likely to be audited and, therefore, it would be 

easier to comply with the requirements.  

 

Auditability Scoring: Each HCC prediction should be 

accompanied by a detailed audit trail that not only contains the 

feature contributions but also the justification for code 

assignments. A system of scoring can be implemented to assess 

the audit readiness of a model, thus promoting insurers to pick 

systems that reduce regulation risk. 

 
Algorithmic Transparency Index: CMS can set up a 

transparency index that monitors various characteristics of AI 

decision features such as feature importance, consistency, 

prediction confidence, and deviation from clinical baselines. 

Disclosure of these metrics publicly increases accountability and 

trust. 

 

Risk Adjustment Caps: In case algorithms overshoot the 

predictions significantly, CMS can limit the extent of risk 

adjustment that will be allowed to increase without the provision 

of additional funding by setting these limits. Risk adjustment 
caps are hotel safety measures, On the one hand, they keep huge 

reimbursement fluctuations away, but on the other hand, they 

hinder the further production of incentives for a genuine risk 

adjustment. 
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AI compliance layers: These layers are required to build an 

internal compliance mechanism that would be able to flag very 

early a potential, even before the money is transferred, unusual 

or fraudulent HCC predictions (risk adjustment coding). They 

might have alert thresholds, peer review of the logic of a weird 

prediction, as well as an automated double, check of CMS 
documentation requirements, and so forth. 

 

When combined, all these actions bring about a 

comprehensive governance framework that has clinical, 

financial, and regulatory aspects and that governs the AI, driven 

HCC prediction. By setting interpretability, transparency, and 

compliance standards, CMS will be able to continuously benefit 

from AI while decreasing the risk of algorithmic upcoding 

through the exercise of human judgment. 

 

10. Ethical and Governance Implications 
Ethical and Governance Issues Regarding AI Use in MA 

HCC Coding Using AI for Medicare Advantage (MA) HCC 

Coding brings about ethical and governance issues aside from 

just technical performance. 

 

Algorithmic Moral Hazard: Insurers might exploit AI to 

receive higher payments than they should due to a lack of care. 
Hence, the clinical, ethical/moral, and reimbursement incentive 

axes will be out of sync with each other between the 

clinical/ethical/moral decision, makers on the one hand and the 

decisions based on the algorithms on the other. Human decisions 

will also become demoralised when the moral responsibility of 

those decisions is given to the algorithms; thus, when an adverse 

event occurs due to 'over coding', the determination of who is 

accountable is questionable. AI, Begetting Fiscal Externalities, 

Predictive coding of HCC (Hierarchical Condition Categories) 

induces artificial risk score growth, which in turn causes 

systemic fiscal losses. These externalities are costs to taxpayers 

and the Medicare trust fund and therefore, the impact on society 
should be considered in the design of predictive models.  

 

Public Trust Erosion, Generalized algorithmic upcoding 

may lead to degradation of trust in Medicare Advantage 

programs. If patients or the public are convinced that payments 

are being raised artificially, then their trust in healthcare 

financing and digital health technologies is likely to weaken. 

 

Healthcare Financial Justice: The use of AI ethically calls 

for reconciliation of the insurance Industry's profit, making 

motives with the provision of equitable patient care. Models that 
majorly represent high, risk coding may mistakenly lead to 

revenue being put above clinically justified care, thus, the 

financial fairness aspect of the healthcare system is threatened.  

 

Algorithmic Accountability: It is clear that for accountability to 

be enforced, there is a need for a clear, explicit model structure, 

transparency, and the ability to check. If the predictions of AI 

can be interpreted and justified, then regulators and stakeholders 

can identify abuse, correct errors, and stay on top of ethical 

norms. 

 

11. Sensitivity Analysis 

To test how reliable AI is, the authors of the economics and 

policy framework took a deep dive sensitivity analysis of the 

model that included the effects of various economic factors and 

regulations as well as the performance of AI. They were 

interested in finding out the extent to which changes in these 

factors would affect distorting payments, inflation in risk scores, 

and the fiscal impact in Medicare Advantage from a holistic 

perspective. The variations concerned 4 main aspects: AI 

computer error rates, adjustments to HCC risk scores, the 
frequency of audits and the severity of punishments, and 

requirements for interpretability. 

 

AI Prediction Error Rates: Even very small deviations from 

the model's precision can have a huge impact on the financial 

outcome. According to the results obtained from model runs, an 

increase in the overprediction of the high, weight HCC code is 

the major reason for much greater accumulation of payment 

distortion, even if the overall predictive correctness stays at a 

very high level. Actually, a minor underprediction causes a slight 

loss in revenue but at the same time results in a higher level of 

conformity with regulatory restrictions thus being advantageous 
from the perspective of a better regulation environment. This 

means that CMS and insurance companies need to look beyond 

average accuracy statistics and also take into account the 

distribution of errors among different patient groups. 

 

Risk Weight Changes (wi): Because the extent of the change 

in HCC weights by CMS is the main factor through which the 

size of the overpayment is determined, these weights have a very 

strong direct impact on potential conflict of interests. From the 

sensitivity analysis, it is quite apparent that cases with HCC 

weights such as those of the most severe level which include 
major chronic diseases are examples that the wrong model 

predictions contribute disproportionately to the huge fiscal losses 

on a macro scale. The regulators can use this piece of 

information to more precisely target their auditing activities to 

certain HCC categories. 

 

Audit frequency and penalty severity: The regulatory 

intervention plays a significant role as a moderating variable. 

The results of the simulation show that increasing the number of 

audits or penalties reduces the total payment distortions but at the 

same time this may result in increased operational burdens and 

lower predictive revenues for insurers. Determining the optimal 
level of enforcement is finding a compromise between 

minimizing the fiscal risk and at the same time ensuring the 

practicality and cost, efficiency of the measures. 

 

Interpretability thresholds: The practice of limiting the 

intricacy of AI models and turning them into explainable ones is 

only leading to a smaller level of overprediction but, at the same 

time, it is also capping ones ability to make a profit. A sensitivity 

analysis points to the fact that tiny interpretability restrictions are 

a nice trade, off between transparency, compliance, and financial 

feasibility. 
 

Tornado plots and heatmaps are just a couple of the different 

visualization tools used to figure out the parameter sensitivities. 

The research mainly points out which variables are the key 

contributors to payment distortion and risk inflation and, thus, 

give CMS policymakers a real, on, the, spot, decision, making 

tool. 

 

Basically, the sensitivity analysis not only ensures the 

effectiveness of targeted interventions but also uncovers the 
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demand for adaptive regulatory strategies in order to keep the 

Medicare trust fund stable while at the same time responsibly 

exploiting AI, driven predictive intelligence. 

 

12. Limitations and Assumptions 

From my viewpoint, combining AI, economics, and policy 

in the proposed framework gives a very thorough roadmap for 

the analysis of Medicare Advantage upcoding as well as of 

regulatory interventions. Nonetheless, along with focusing on the 

findings, one should also be very careful in considering the 

limitations and assumptions of the study. 

 

Synthetic Data: The work runs the experiments on synthetic 
patient data, which encompass demographic, comorbid, and 

disease prevalence data. Various versions of the world are 

similar to the one used here. The main limitation of the synthetic 

data is that they cannot fully represent the complexity, diversity, 

and ever, changing characteristics of the real patient populations. 

Hence, some of the risk score inflation or AI, driven 

overprediction patterns that AI observed may be somewhat 

different if real, world data were used. Model Generalization: 

Firstly, the AI models that are being presented here are only 

illustrative models that have been parameterized to demonstrate 

how one can make a trade-off between predictive accuracy, 
interpretability, and payment distortion. Insurer models in the 

real world could have more complex structures, a different set of 

features, or a proprietary risk adjustment algorithm, thus, it may 

be the case that the differences in the observed financial impacts 

differ. Therefore, one should take the findings as an indication, 

rather than being directly applicable to all systems out there. 

 

Policy assumptions: The regulatory interventions that are 

simulated include audit frequency, penalty severity, and risk 

adjustment cap. The simulation model is a simplified version of 

CMS policies. Enforcement rules are much more detailed and 

variable; for instance, there are different state, level 
implementations, auditing standards keep changing, and 

compliance processes are multi, step. Therefore, the model is a 

tool that helps us understand the relative effects of different 

regulations rather than being a means of making exact 

predictions of regulatory outcomes. 

 

Economic Modeling: The costs of operations, regulatory 

fine, and revenue calculation data are taken from the literature 

and from hypothetical cases. Differences in the internal structure 

of insurers, geographical variations in costs, and compliance 

expenditure may be the factors that change the size of the 
predicted economic effects. Therefore, the model serves to point 

out the general trend of changes and the relative trade, offs rather 

than to return accurate fiscal outcomes. 

 

Interpretation of Model: Methods such as SHAP scores or 

rule, based transparency are used to assess the degree of model 

interpretability. Although these methods provide a strong 

indication, they may not fully capture human understanding or 

clinical reasoning. Hence, the interpretable constraints' impact on 

revenue and compliance, as concluded from the data, could be 

considered as approximate estimations. 

 

13. Future Research Directions 
According to the proposed AIeconomicspolicy framework, 

various avenues of research are open to the fairness and 

efficiency aspects of algorithms for prediction and regulation, 

respectively: 

 

Federated CMS Auditing AI Decentralized auditing 

mechanisms can be created that will enable CMS to audit insurer 

AI models without the need to directly access patients' sensitive 
data, thus privacy is protected without giving up the check and 

balance. Blockchain Based Risk Scoring: A decentralized ledger 

can be used to record HCC forecasts and payment calculations, 

thus providing an unblemished audit trail and disincentivizing 

risk score modifications via the back door. 

 

Real Time Upcoding Detection: AI tools can recognize the 

cases of overcoding even before they happen thus cases of over 

coding being made known to the relevant authorities for action 

before they get out of hand rather than burdensome retrospective 

audits can be carried out.AI Regulatory Sandboxes CMS and 

insurers, with the help of controlled sets of new predictive 
models test environments, duping it will be safer for them to 

explore creatively designed algorithms, yet at the same time, 

there will be careful watching of unexpected economic and 

clinical effects. 

 

Cross National Healthcare AI Policy: Research work of risk 

adjustment using AI between different healthcare systems in 

various countries is able to furnish the best practices, regulatory 

harmonization, and the formation of worldwide governance 

standard templates that are robust. These recommendations are 

research guiding lights that link technical creativity with 
economic and moral accountability. 

 

14. Conclusion 

This paper shows that AI in Medicare Advantage risk 

adjustment may have a hardly visible face. On the one hand, AI 

can be used to improve predictive accuracy quite significantly, 

on the other hand, it is fraught with the risk of serious economic 
and ethical problems. The most advanced AI systems are capable 

of excessively and systematically predicting Hierarchical 

Condition Category (HCC) codes, thus giving rise to inflated risk 

scores and uncontrollable payment distortions. These distortions 

produce fiscal externalities that compromise the viability of the 

Medicare trust fund and hence, the case is made that mere 

predictive accuracy is not necessarily the hallmark of the most 

fair or the most responsible healthcare financing. To help CMS 

and insurers better understand the model, decision, makers, and 

AI trade, offs, we developed an integrated AIeconomicspolicy 

framework able to measure the advantage in predictive 
performance against the payment distortion and model 

interpretability. Essentially, the framework could prove very 

handy for CMS and insurers as it helps them comprehend the 

trade, off among BL (business letter) predictive performance, 

payment distortion, and model interpretability. Mirroring the 

impacts of policy and regulatory measures through the 

framework, the simulation demonstrates that the influence of 

such measures explain economic incentives on AI behavior and 

that, thus, the policy interventions are not only necessary but 

they serve the purpose of preventive AI, precognition and fiscal 

responsibility as well. Moreover, the work stresses the 

imperative for ethical and transparent AI deployment. It argues 
for the incorporation of explainability, auditability, and 

compliance mechanisms as fundamental elements of predictive 

systems. The next models of AI will have to be regulation, aware 
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in their design thus embedding elements that can deter upcoding 

and overprediction while at the same time being in the clinic, risk 

adjustment spotlight. It concluded that the appropriate use of AI 

in the management of the finances of the healthcare industry 

should be realized through different levels of the approach such 

as the embedding of the technical design, economic analysis, and 
regulatory oversight. Thermoforming these elements, the 

decision-makers as well as the insurers would be able to take 

advantage of the predictive power of AI without undermining the 

financial viability, ethical foundations, and public trust in the 

Medicare Advantage program. 
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