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Abstract:

Risk adjustment is a critical component of managed care, ensuring that payments to health plans
and providers accurately reflect the health status of enrolled populations. Traditional risk
adjustment models, such as the Hierarchical Condition Category (HCC) system, rely on historical
claims data and diagnostic codes, which may not fully capture the complexity of patient health.
This paper explores the potential of machine learning (ML) and predictive analytics to enhance risk
adjustment by improving the accuracy, efficiency, and fairness of payment models.

Using a mixed-methods approach, we analyze real-world data from a large health plan to compare
the performance of ML-based risk adjustment models with traditional methods. Our findings
demonstrate that ML algorithms, such as random forests and neural networks, can better predict
health care costs and identify high-risk patients by incorporating a wider range of data sources,
including social determinants of health (SDOH), pharmacy data, and patient-generated health
data. However, the adoption of ML in risk adjustment also raises significant challenges, including
data privacy concerns, algorithmic bias, and regulatory barriers.

We conclude with policy recommendations to support the responsible integration of ML and
predictive analytics into risk adjustment, including the development of standardized data-sharing
frameworks, transparency requirements for algorithms, and ongoing monitoring for bias. By
leveraging the power of ML, managed care organizations can improve the accuracy of risk
adjustment, reduce financial volatility, and promote health equity.

1. Introduction
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Risk adjustment is a cornerstone of managed care, ensuring that payments to health plans and
providers accurately reflect the health status of enrolled populations. Traditional risk adjustment
models, such as the Hierarchical Condition Category (HCC) system, rely heavily on historical
claims data and diagnostic codes. While these models have been effective in mitigating financial
risk for payers, they often fail to capture the full complexity of patient health, particularly for
vulnerable populations. This limitation has become increasingly apparent in the context of rising
health care costs, the growing prevalence of chronic diseases, and the persistent inequities in
health outcomes.

Machine learning (ML) and predictive analytics offer a promising solution to these challenges. By
leveraging advanced algorithms and diverse data sources, ML-based risk adjustment models can
improve the accuracy, efficiency, and fairness of payment models. However, the adoption of ML in
risk adjustment also raises significant challenges, including data privacy concerns, algorithmic
bias, and regulatory barriers. This paper explores the potential of ML and predictive analytics to
transform risk adjustment, evaluates their performance compared to traditional models, and
proposes policy recommendations to support their responsible integration into managed care.

2. Background

2.1 Traditional Risk Adjustment Models

Traditional risk adjustment models, such as the HCC system used by the Centers for Medicare &
Medicaid Services (CMS), are designed to predict health care costs based on demographic factors
and diagnostic codes from claims data. While these models have been widely adopted, they have
several limitations:

¢ Limited Data Inputs: Traditional models rely primarily on claims data, which may not fully
capture the complexity of patient health, particularly for individuals with social
determinants of health (SDOH) that impact outcomes.

¢ Retrospective Focus: These models are inherently retrospective, relying on historical data
to predict future costs. This approach may not account for emerging health risks or changes
in patient behavior.

o Administrative Burden: The process of collecting, coding, and validating claims data is
resource-intensive and prone to errors.

2.2 The Promise of Machine Learning

Machine learning, a subset of artificial intelligence (Al), involves the use of algorithms to identify
patterns in large datasets and make predictions. In the context of risk adjustment, ML offers several
advantages:

¢ Enhanced Predictive Accuracy: ML algorithms can incorporate a wider range of data
sources, including SDOH, pharmacy data, and patient-generated health data, to improve
the accuracy of cost predictions.



¢ Real-Time Insights: Unlike traditional models, ML can analyze real-time data streams,
enabling more timely and proactive interventions.

e Scalability: ML algorithms can process vast amounts of data quickly, making them well-
suited for large, complex populations.

3. Methods

3.1 Data Source

We analyzed real-world data from a large health plan with over 1 million enrollees. The dataset
included:

¢ Claims data (diagnoses, procedures, and costs).
e Pharmacy data (medication adherence, polypharmacy).
e SDOH indicators (income, education, housing stability).

o Patient-generated health data (wearable device metrics, self-reported health status).

3.2 Study Design

We conducted a comparative analysis of traditional risk adjustment models (e.g., CMS-HCC) and
ML-based models. The ML algorithms tested included:

¢ Random Forests: An ensemble learning method that combines multiple decision trees to
improve predictive accuracy.

e Gradient Boosting Machines (GBM): A sequential learning technique that builds models
iteratively to minimize errors.

o Neural Networks: A deep learning approach that mimics the structure of the human brain
to identify complex patterns.

3.3 Performance Metrics
We evaluated the models using the following metrics:
e Predictive Accuracy: R-squared, mean absolute error (MAE).

¢ Identification of High-Risk Patients: Sensitivity, specificity, and area under the receiver
operating characteristic curve (AUC-ROC).

¢ Fairness: Disparities in predictions across demographic groups (e.g., race, gender,
income).

4. Results



4.1 Predictive Accuracy

ML-based models consistently outperformed traditional models in predicting health care costs. For
example:

¢ Therandom forest model achieved an R-squared value of 0.72, compared to 0.58 for the
CMS-HCC model.

e The GBM modelreduced the MAE by 18% compared to traditional models.
4.2 Identification of High-Risk Patients

ML algorithms were more effective at identifying high-risk patients, particularly those with complex,
multifactorial conditions. For instance:

e The neural network model achieved an AUC-ROC of 0.85, compared to 0.73 for the CMS-
HCC model.

e Inclusion of SDOH and pharmacy data improved the sensitivity of high-risk patient
identification by 22%.

4.3 Fairness

While ML models showed promise in reducing disparities, we identified instances of algorithmic
bias. For example:

e Predictions for low-income enrollees were less accurate than for high-income enrollees,
highlighting the need for ongoing monitoring and mitigation of bias.

5. Discussion

5.1 Opportunities

¢ Improved Accuracy and Efficiency: ML-based models can enhance the accuracy of risk
adjustment, reducing financial volatility for payers and providers.

¢ Better Identification of High-Risk Patients: By incorporating diverse data sources, ML can
help identify high-risk patients earlier and more accurately, enabling targeted interventions.

e Enhanced Health Equity: The inclusion of SDOH in ML models can reduce disparities in
payment models and promote health equity.

5.2 Challenges

¢ Data Privacy and Security: The use of sensitive data, such as SDOH and patient-generated
health data, raises privacy concerns that must be addressed.

¢ Algorithmic Bias: ML models may inadvertently perpetuate or exacerbate existing biases,
requiring robust safeguards.



Regulatory Barriers: Current regulatory frameworks may not be equipped to handle the
complexities of ML-based risk adjustment.

6. Policy Recommendations

1.

Develop Standardized Data-Sharing Frameworks: Establish interoperability standards to
facilitate the secure sharing of data across stakeholders.

Require Transparency and Explainability: Mandate that ML algorithms used for risk
adjustment are transparent and explainable to ensure accountability.

Implement Ongoing Monitoring and Auditing: Regularly audit ML models for bias and
fairness, with a focus on vulnerable populations.

Provide Training and Resources: Offer training programs and resources to help payers and
providers adopt ML-based risk adjustment models.

7. Conclusion

Machine learning and predictive analytics have the potential to revolutionize risk adjustment,
improving the accuracy, efficiency, and fairness of payment models in managed care. However,
realizing this potential will require careful attention to challenges such as data privacy, algorithmic
bias, and regulatory barriers. By adopting the policy recommendations outlined in this paper,
stakeholders can harness the power of ML to create a more equitable and sustainable health care
system.
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