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Chapter 8: Intelligent Medical Coding and Risk 

Adjustment Systems 

8.1. Introduction 

Intelligent medical coding automates the assignment of standard codes to clinical 

documents. These codes are employed to support revenue generation, audit 

preparedness, claims reimbursement, and risk stratification for population health and 

value-based care management. Risk adjustment attempts to quantify the influence of 

socio-demographic factors, clinical conditions, resource utilization, and care giver 

attributes on health system performance metrics. Accurately accounting for these 

influences helps ensure that care quality is appropriately recognized and penalized or 

rewarded. 

Existing research highlights data quality as a prerequisite for reliable machine learning 

and natural language processing models. Attention to encoding governance significantly 

enhances the quality of clinical coding. Intelligent medical coding and risk adjustment 

systems address these needs by using artificial intelligence, natural language processing, 

and natural language understanding methods. 

8.2. Foundations of Medical Coding 

Coding standardization constituents comprise the breadth and depth of anatomy, 

pathology, procedures, and clinical conditions on a society-wide scale, defining what is 

available for coders and how well the coding system reflects what is actually being 

rendered. A limited number of coding inaccuracies can significantly influence cost 

estimates using risk-adjusted models. Medical coding historical evolution and standards 

trace the coding systems, domains of accuracy, accreditation, and quality assurance, and 

the bodies involved in medical coding standardization and its impact on automated 

processes. The attributes, characteristics, and purpose of the key coding schemes and 

taxonomies affect the clinical coding process in a hospital or medical setting. Intelligent 
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medical coding systems fulfil administrative and clinical requirements of submitting 

coded claims to payers for reimbursement, enable the reconciliation of diagnosis and 

procedure codes used in submissions, and facilitate audit readiness. Coding accuracy 

influences risk adjustment and its downstream consequences, including how accurately 

a population's health costs are accommodated and how closely the quality of care or 

outcomes reflects the money spent. 

 

Fig 8.1: Intelligent Medical Coding: Leveraging Advanced Taxonomies and AI for 

Enhanced Accuracy, Risk Adjustment, and Health Cost Optimization 

Three major systems—the International Classification of Diseases, the Current 

Procedural Terminology codes, and the Health Care Procedure Coding System—are 

combined with the Systematized Nomenclature of Medicine–Clinical Terms and the 

Healthcare Infection Control Practices Advisory Committee taxonomy. Risks related to 

managing and mitigating infective diseases in care settings are coded using the 

Healthcare Infection Control Practices Advisory Committee procedure codes. The 

Fourth Edition of the Systematized Nomenclature of Medicine–Clinical Terms, which 
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has near encyclopaedic coverage of clinical concepts, codes every concept in a single 

coding system. Intelligent medical coding systems are also deployed to provide for the 

unification of structured data in trading partner systems, extraction of codes from 

narrative clinical text, and addressing the inherent ambiguity associated with natural 

language. 

8.2.1. Historical Evolution and Standards 

From inception to the present, the systems supporting medical coding have experienced 

a mix of organic growth and imposed order. Early attempts to introduce structure into 

medical records drew from the field of economics rather than medicine and concentrated 

on disease duration rather than disease frequency. Evidence-based selections for 

accuracy became necessary, and coding for reimbursement made standardization a 

requirement for interface Vijayan; Swaminathan; Dinaman. With health systems around 

the world reporting increasing costs, decision-makers sought to understand the drivers 

of these costs through research. Health services research relied on the effectiveness and 

efficacy of treatment and preventive protocols. As more funded studies reported 

effectiveness, health services research moved to pragmatics and dug deeper into the 

cost–benefit of care. Efforts to undertake large-scale longitudinal studies in the study of 

disease naturally drew resources in the convergence of epidemiology and public 

healthcare systems. 

Whether reflecting disease frequency or investigating cost–benefit, large studies created 

massive datasets at the study end-point. The challenge for future work then became how 

to manage the much larger explorable query space across the entire coverage period. As 

with many application areas, the eventual solution was found through a combination of 

increased processing power and algorithm coding-support that removed the repetitive 

part of the task and left only the hard decisions for the main coding. Decades of 

controlling the reporting exercise brought stability, and natural language processing—

now heralded as the next big innovation to alter decision-making—has actually been 

increasingly used in decisions and reporting/coding for many years through the 

supervised and unsupervised training of classifiers as the supervised learning gain of the 

faster processing work is a short-term gain in speed, not ultimate output quality. 

8.2.2. Key Coding Schemes and Taxonomies 

The performance of medical coding relies on several coding schemes and domain 

taxonomies that delineate the nature of healthcare claims in great detail. The most 

popular ones include the International Classification of Diseases, Clinical Modifications, 

and Procedure Coding System (ICD-10-CM/PCS); Current Procedural Terminology 
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(CPT); Healthcare Infection Control Practices Advisory Committee coding scheme 

(HICPAC); and Systematized Nomenclature of Medicine, Clinical Terms (SNOMED 

CT). Although these coding systems are determined for specific purposes, their 

underlying concepts need to remain aligned for enhancing interoperability and aiding 

through clinical analytics, such as intelligent coding and risk adjustment in health 

services. 

Intelligent coding systems can draw on ICD-10-CM/PCS for its risk-oriented structure, 

HICPAC for its focus on detecting healthcare-associated infections, and SNOMED CT 

for its comprehensive enumeration of clinical entities. Becker’s Hospital Review 

provides further splitting of codes with respect to payers and hospital billing rules, 

enabling coding for ambulatory patients by analyzing SNOMED CT codes associated 

with outpatient encounters. Conversely, CPT codes relate closely to the service 

provider’s momentary decision-making and hence, coding of outpatient encounters 

based on these codes is not trivial. 

8.3. Risk Adjustment Concepts 

Risk adjustment is intended to account for differences in the predicted costs of caring 

for different patients and can be applied to many aspects of health care, including risk-

sharing arrangements, pay-for-performance programs, and benchmarking of quality. 

These diverse applications imply an equal diversity in the type of populations and 

constituencies for which risk adjustment is done—from health plans and acute-care 

hospitals to physician practices and community health organizations. Users of these 

analyses typically look to adjust for the risk factors that are significantly related to the 

costs of care by grouping patients with similar expected costs together. Without such 

groupings, the relative performance of the health systems, groups, or hospitals would be 

heavily influenced by differences in the composition of patients in these organizations. 

Good risk adjustment has a demonstrably important effect on establishing meaningful 

comparisons among entities that otherwise might appear to be quite different, such as 

those that specialize in different types of care or that serve significantly disparate 

populations. Simply stated, adjusting for the impact of set-level demographics, clinical 

diagnoses, and perhaps other factors, such as social determinants, improves the accuracy 

of comparing relative levels of expenditures, utilization, and, ultimately, care outcome 

quality. Whether risk adjustment is being undertaken for a value-based purchasing 

program, in order to evaluate the accuracy of a health plan’s bidding process, or to assess 

an organization’s efficiency relative to another, it is essential to accurately account for 

the differences in patients being evaluated or compared. To that end, the development of 

quality measurements is based on the idea of stratifying care quality outcomes according 

to patients’ sets of risk characteristics. 
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8.3.1. The Rationale for Risk Stratification 

Risk stratification has gained traction in healthcare due to demands for personalized 

patient management and monitoring. Service delivery costs are more difficult to forecast 

and manage in populations with diverse age-group-specific needs or with varying 

disease prevalences and progression rates. Risk adjustment is also increasingly used in 

reimbursement structures. Risk-sharing arrangements need an empirical understanding 

of expected spending across multi-sited providers. Information-capturing models assure 

that quality is measured equally across patients and organizations with differing risk 

differentials. Certain patient groups need special consideration; working-age cancer 

patients often experience reduced quality of life, and risk adjustment helps correlate their 

quality of life with treatment effects. 

Randomized trials are not the only way to assess new treatments. Risk adjustment 

extends quality measures to applications that the traditional empirical analysis cannot 

accommodate. Risk adjustment is also often used for private sector deployments, where 

such regulation is absent. Leading examples are the hierarchical model used by 

UnitedHealth, the Ambulatory Care Group classification of Wells et al., and the Adjusted 

Clinical Groups system created by Weiner and Goldbarth. The Enhanced Diagnostic 

Group model is one of the more recent implementations; it distinguishes patients with 

chronic disease by their immediate needs and reports on care in the last year of life. It 

distinguishes patients with an underlying chronic disease from those without such a 

disease and also indicates for patients with such a disease whether it is being actively 

managed or in a quiescent state. 

8.3.2. Metrics and Model Inputs 

Risk Adjustment concepts provide a method to control for the potential effects of 

nonclinical differences across populations and providers when computing comparisons 

of outcomes, expenditures, utilization, and anticipating clinical or similar care. In 

addition to Medicare Advantage, risk adjustment is commonly applied in value-based 

payment frameworks and can be employed to enhance the informatics and analytics 

associated with quality measurement. In each instance, the need for risk adjustment can 

be illustrated by the association between health status and the outcome of interest within 

the designated patient population, that is, the tendency for patients with more severe 

illness and disease progression to exhibit worse outcomes. 

The employment of predictive risk models is a common method to assess and control 

for these factors that may confound clinical outcome and quality comparisons. Predictive 

risk models compute the expected risk and probability of occurrence of an event of 

interest (for example, inpatient admission, 30-day readmission, mortality, high- or low-
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cost) over a specified interval. The expected risk or probability of occurrence can then 

be used to stratify the population being evaluated into clinically similar groups prior to 

outcome comparisons. For risk assessment and risk stratification in VBP, it is essential 

that the target population be defined with an unambiguous beginning point and be 

composed of individuals for whom the desired information is available. 

8.4. Intelligent Coding Systems 

Artificial intelligence techniques are being applied to improve the accuracy of coding 

medical services, procedures, and diagnoses in claim submissions. When natural 

language processing (NLP) methods are employed, codes can be automatically extracted 

from unstructured clinical text rather than solely from structured fields. Models may 

utilize supervised or unsupervised learning frameworks, deploy a large number of 

features obtained from domain knowledge and data processing, and implement suitable 

performance metrics to measure predictive accuracy. Three major types of errors are 

typical for AI-based coding: precision, recall, and code prediction error. 

Supervised learning can be used to classify structured data (demographics, symptoms) 

and the codes themselves, but medical coding-related text is generally unlabelled. The 

diversity of natural language and contextual significance of some terms add further 

complexity to code extraction. NLP methods deployed in intelligent medical coding 

systems aim to both extract medical codes directly from clinical notes and facilitate 

automatic coding by unifying information expressed in structured and unstructured 

formats. 

8.4.1. Artificial Intelligence in Coding 

Artificial intelligence offers diverse avenues for intelligent medical coding, leveraging 

expertise from automated information systems, machine learning, and natural language 

processing. Two classes of models drive coding solutions: supervised and unsupervised. 

The former require mappings between clinical inputs and code outputs to sustain 

training; the latter exploit attribute patterns shared by clinical text and pre-defined code 

descriptions. Unfortunately, coding engines in healthcare settings fail to optimally 

exploit coding systems and the knowledge contained in clinical text and often result in 

coding errors that can negatively impact risk adjustment accuracy. This, in turn, 

undermines the validity of payments, quality benchmarks, and improvements in outcome 

and costs. Five key areas warrant further research and development: feature-engineering 

best practices; more sophisticated machine-learning algorithms; appropriate 

performance metrics; better evaluation of prediction and description error types; and 

domain-informed natural-language-processing applications. 



131 
 

Although these engines primarily process structured data from tabular forms, a 

substantial share of required codes must be pulled from unstructured clinical records. 

Natural language processing technologies help bridge the gap. They can extract the 

needed codes directly from clinical text, combine coded and un-coded clinical data for 

risk adjustment, provide a common interface for examiners of clinical data and coders, 

and tackle persistent ambiguities in clinical language. These systems and processes 

enhance coding support for risk adjustment by capitalizing on the full range of available 

clinical-data sources. 

8.4.2. Natural Language Processing Applications 

Natural language processing applies to medical coding in three ways. First, it generates 

codes from clinical text. Second, it unifies structured and unstructured data to combine 

code and clinical text information. Third, it resolves code ambiguity by assigning the 

most likely code after considering context from other codes or medical notes. 

NLP systems can extract the required medical codes from clinical narratives. The coding 

system must be structured to ensure success; textual corpora without a defined coding 

structure would require a different system. The solutions can be employed on their own. 

However, unifying coded and non-coded information in the same semantic 

representation adds significant value to decision-support tools. 

The coded information represents summaries of clinical consultations and treatments, 

with marked clinical aspects being coded. For every diagnostic and/or therapeutic action, 

the set of codes is typically limited (i.e., a paralleled set of HICPAC, SNOMED CT, and 

CPT codes are produced), making the problem one of disambiguation rather than 

extraction. Nonetheless, a single clinical note normally contains very few diagnostic and 

therapeutic disambiguated references. Furthermore, casual language indiscriminately 

uses and mixes medical terms with non-specialized words in relatively small document 

pieces. Thus, synonym resolution prior to disambiguation seems to be appropriately 

performed by the human coder. In this context, the amalgamation of unstructured 

information (by the NAT system) and structured information (from the coded sets) in a 

single semantic representation facilitates the disambiguation of medical codes. 

When the clinical notes do not provide sufficient context, typically due to the absence of 

synonym terms, the assignment of the correct HICPAC/SNOMED CT or CPT code may 

be more difficult. The quality of assigned codes can improve considerably if the selection 

of the correct code is performed after considering all parallel medical actions and/or 

ceremonies. 
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8.5. Data Governance and Privacy 

Data governance encompasses all aspects of data quality, accessibility, and security 

within an organization. This section tackles quality from the perspectives of fitness for 

purpose, data sources, and data linking; describes compliance with regulations governing 

the privacy and security of health information; and discusses related aspects such as data 

stewardship and lineage. 

 

Fig 8.2: A Unified Framework for Clinical Data Governance: Balancing 

Interoperability, Quality, and Compliance in Healthcare Information Systems 

Data quality is the degree to which data is fit for its intended use. While there is no 

universal definition or set of criteria, the most commonly cited dimensions include 

accuracy, completeness, consistency, timeliness, and uniqueness. Quality may also be 

defined with respect to established standards such as the Health Level Seven (HL7) Fast 

Healthcare Interoperability Resources (FHIR), a set of specifications developed by HL7 

International for exchanging health information. Interoperability describes the capability 

of software applications to share data and assets through standardized interfaces and 

semantics. The International Organization for Standardization (ISO) has elaborated a 
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framework for assessing how well a software system implements interoperability by 

examining its semantic, technical, syntactic, and governance aspects. Successfully 

addressing the establishment of quality standards, the development of interfaces, and the 

maintenance of sufficient semantic fidelity for any two applications to access and share 

their data supports the ease of validation and subsequent through-life custodial functions. 

Privacy and security are concerns about the unauthorized access, use, or sharing of 

information. In the United States, the Health Insurance Portability and Accountability 

Act (HIPAA) and regulations that arise from it set out privacy rules governing the way 

certain health information is isolated, distributed, and incorporated while also 

determining the expectations of reproductive services and the accountability for their 

oversight. An individual’s health information is defined narrowly; when these identifiers 

are removed, any remaining random assembly of information may no longer be 

considered health information. Related to this, health care organizations are required to 

establish and maintain adequate procedures for safeguarding the privacy and security of 

any individually identifiable health information created or received. Audit trails for any 

interactions with these data are required to capture positives and negatives—those 

involved in the accessing or distribution of these records and monitor each individual’s 

purpose for doing so. 

8.5.1. Data Quality and Interoperability 

Intelligent Medical Coding and Risk Adjustment Systems 

Data quality management and interoperability are foundational aspects of clinical and 

claims data governance. Data quality is defined by a set of dimensions assessing the 

suitability of data for business use. The most-widely cited framework comprises 

accuracy, completeness, consistency, currency, and timeliness, as well as data lineage, 

data definition, and metadata. Defining data quality criteria for intelligent coding 

systems should follow a top-down approach, whereby systems are built to meet 

established quality thresholds. Achieving this configuration is aided by the application 

of data quality standards such as the Health Level Seven (HL7) Fast Healthcare 

Interoperability Resources (FHIR) and the Clinical Data Interchange Standards 

Consortium (CDISC). Modelling and SQL queries for data lineage, operational 

stewardship, and information governance should be established during the data design 

stage of the system development lifecycle. 

Interoperability enables accurate coding of claims data, which support submission of 

claims to payers and healthcare audits. Interoperability is defined as the ability to 

transmit, receive and use digital health and health-related information across institutional 

boundaries, sectors and technologies, in a coordinated and value-added manner. The 
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HL7 FHIR standard framework for interoperability expresses several key principles: 

patient mediation; spanning information; domain model notations; and data use for 

different dimensions of interoperability. Data systems should be guided by the principles 

of stewardship and fairness, and provide patients with an inventory of systems holding 

their data. 

8.5.2. Privacy, Security, and Compliance 

The Health Insurance Portability and Accountability Act (HIPAA) and similar 

frameworks globally regulate healthcare data privacy and security. These laws govern 

the protection of electronic patient data and define patient identifiers. When patients 

cannot be identified using protected health information (PHI), secondary uses of the data 

need not comply with HIPAA as long as data are made “de-identified” according to one 

of two approaches outlined in the regulation. Data cannot support the identification of 

patients if coded, and the list of codes for de-identification must be treatment, payment, 

and healthcare operation operations. Compensatory or punitive damages may result from 

data breaches, confidentiality constraints, data losses or thefts, outsourcing breaches, 

increased costs for vendors, disaster recovery, and public relations efforts. HIPAA 

identifies Security Rule safeguards—administrative, technical, and physical—to protect 

electronic PHI. 

Healthcare organizations establish security controls to ensure security during the use, 

maintenance, transport, and disposal of health data. Security controls may be technical, 

administrative, or physical. Technical safeguards define access controls, audit controls, 

data integrity, encryption or decryption, and transmission security. Controls restrict 

appropriate access to PHI and prevent discovery of the information by unauthorized 

individuals. Administrative controls describe policies and procedures to address risk 

assessments, security roles, manual password controls, authentication, sanction policies, 

workforce clearance procedures, termination procedures, continuity planning, and 

strategy for the relationship of the organization with its business associates and data 

owners. The measures involving equipment and facilities are physical safeguards that 

control physical access to facilities, management of workstation use in both secure and 

non-secure areas, mobile device policy, and security of transmission media. 

8.6. Clinical and Administrative Impacts 

Claim submission, reimbursement, and audit readiness 

The examined methods help health systems accurately submit claims to payers, thereby 

minimizing losses while ensuring that submitted claims are adequately supported for 
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audits. Claims submission entails two key challenges: correctly encoding the clinical 

data with billing codes accepted by payers and assuring that the code-selection process 

complies with payer-specific rules. These endeavors represent a central function of third-

party vendors called Medical Coding Services Providers (MCSPs), which are often 

accessed by health systems to minimize the human resource burden. These services 

utilize human resources located offshore, often in India, where the level of compensation 

is substantially lower than in the United States. As with any outsourcing arrangement, a 

potential risk is that these third parties furnish work that is of inferior quality or that is 

not accepted by the payers. 

An indicator of the quality of coded claims is the percentage of claims denied by payers. 

For the healthcare provider, a high denial rate entails operational inefficiencies, for 

which reason health systems may perform internal quality reviews of claims data before 

submission. An expert-skills review is employed to assess whether these pre-submission 

quality inspections are effectively preventing hospitals from incurring costs that can 

result from post-payment audits, as is the policy of Medicare, Medicaid, and other 

private payers. 

Coding accuracy and health outcomes 

Greater accuracy in clinical coding yields more accurate risk adjustment scores, which 

can in turn lead to enhanced generalizability of the estimates of effects on health 

outcomes, resource use, costs, and overall quality of care associated with delivered care. 

Coding precision has additional effects via the Heuristic Patient Classification (HPC) 

models. Apart from performance metrics such as Mobilization-to-Ward or Length of 

Stay, which lie in the domain of effectiveness, HPC models also encompass total & 

revenue-cycle costs; Care Costs; and Resource-utilization cost per patient, which 

respectively constitute cost-effectiveness and cost–utility features of delivered hospital 

care. 

8.6.1. Submissions, Reimbursement, and Audit Readiness 

Successful preparation for the submission of claims for medical services to third-party 

payers requires careful attention to a multitude of factors involved throughout the claims 

submission process. Accurate, high-quality medical coding is essential for the successful 

submission of claims for reimbursement. Furthermore, accuracy of coding is a crucial 

consideration throughout the enterprise, as insurers will apply the highest payment levels 

for the services rendered only when they can find those services listed in the medical-

record documentation. It is expected as a normal course of business that claims submitted 

to third-party payers will be required to withstand more scrutiny than others, both during 
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the life of the claim as well as during processes such as post-payment audits and 

regulatory scrutiny. 

Coding accuracy is thus a major concern for many organizations in an audit-readiness 

context. The strategic goal of optimizing preparation for third-party audits of claims 

submission is closely aligned with the financial objective of making every reasonable 

effort to maximize returns on business activity while minimizing the costs associated 

with that process. Consequently, both the financial and audit-readiness considerations 

are central motivating factors for many organizations' initiatives for enhancing the 

accuracy of clinical coding. However, these initiatives are often justified using a 

different rationale—namely, that enhanced accuracy in coding will lead to concomitant 

improvements in risk adjustment, and thus parallel improvements in the quality of the 

estimates of population needs that guide resource allocation decisions and ultimately 

impact patient outcomes. 

8.6.2. Coding Accuracy and Health Outcomes 

Coding precision affects risk adjustment, capitation rates, value-based reimbursements, 

and quality measures. Upholding institutional management expectations and payer rules 

lowers the risk of Medicare and Medicaid audits, potentially mitigating penalties for 

fraud, waste, and abuse. Accurate coding substantiates medical necessity and support 

resource utilization. 

Inaccurate coding leads to systemic divergence and revenue fluctuation for healthcare 

providers and payers. Inaccurate claims submission can generate loss of reimbursement 

or lower capitation in certain payment models, affecting health quality measures such as 

the Centers for Medicare and Medicaid Services' (CMS) Five-Star Quality Rating 

System for Medicaid plans and the Healthcare Effectiveness Data and Information Set 

(HEDIS). Indeterminate audit preparedness may hive off a disproportionate segment of 

CMS audit resources, down-trending the US Government Accountability Office's high-

risk designation for Medicare and Medicaid. 

8.7. Implementation Considerations 

Implementation considers system architecture, features, and user engagement.  

The architecture supports modular deployment to communities of different sizes and 

capabilities. Configurable, secure data pipelines facilitate information transfer across 

systems, while modular mesh networks enable features to be combined as needed. 

Application programming interfaces allow interoperability with vendor systems, and 

regional data ecosystems help integrate intelligent coding with EHR tools. 
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Change management strategies encourage buy-in and adoption from key stakeholders at 

all levels. Explicit governance structures enable open discussions, training promotes 

familiarity, and demonstrations support integration into other management processes. 

8.7.1. System Architecture and Integration 

The architecture of intelligent medical coding and risk adjustment systems follows a 

modular approach. Multiple components, often referred to as microservices, function 

together in a loosely coupled manner. Several data pipelines perform distinct operations 

but make use of shared underlying data sources. Moreover, the system remains 

decoupled from the clinical information systems used to access patients' clinical 

encounters, enabling the system to be independently maintained and updated. Yet it 

remains capable of seamless interoperability through well-defined application 

programming interfaces (APIs). 

The resulting architecture promotes rapid prototyping, validation, production 

deployment, and testing of each module on its own. It further allows the system to 

leverage and test any number of underlying data sources while providing maximum 

resilience against data poisoning and cyberattacks. The defined data pipeline architecture 

allows for automated model retraining, validation, deployment, and rollback. These 

features will further ease the maintenance and operational effort required to keep the 

analysis drivers functional over time. The system has been successfully tested using a 

combination of APIs and test EHRs deployed in a cloud-based platform. 

For systems that analyze patient or social data, such as those predicting care journeys or 

behavioral health outcomes, direct integration with patient external data will support 

model building. For those that predict clinical coding, direct integration with access 

systems onto clinical transient data will promote accurate coding. These capabilities will 

simplify data exchange and access efforts and prepare the system for data, outcome, and 

accuracy enhancement. 

8.7.2. Change Management and Stakeholder Engagement 

Change management is essential to the success of any system deployment that alters 

established work practices. Early, visible participation of the main stakeholders in the 

development process will assist change management and enhance the quality of the final 

product. Several management committees, including clinical, coding, and administrator 

groups, should be formed to oversee development and implementation from their own 

perspectives. These committees will also provide critical input on communications and 
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training. Finally, once the system has been validated and tweaks made, a formal rollout 

to all users must be implemented. 

The primary users of coding systems are the coders, and they must be convinced of the 

value of any implementation. Coders will lose little of their data extraction capacity from 

an intelligent coding system, but it will change their processes. Coders are likely to 

remain responsible for assignment of codes, but their efficiency and effectiveness will 

be increased such that they can devote more time to audit preparation, education and 

training of clinical personnel, and resolution of identification requirements. As with 

many automated systems, end-user training and experiences will drive adoption. 

Training should now include a dual focus on accurate and complete clinical 

documentation complemented by proper and accurate coding for all clinical encounters. 

8.8. Ethical and Legal Considerations 

The potential adoption of automated medical coding and associated methods raises 

ethical and legal concerns associated with AI. Bias can be introduced during model 

training, in the choice of a model or coding taxonomy, and during the testing/validation 

process. Investigating bias and fairness therefore forms a critical aspect of responsible 

development. Considerations regarding the use of automated coding systems in criminal 

fraud detection, auditing for fraud, and ancillary purposes also merit discussion. 

All individuals working with automated coding systems must understand how the 

systems operate and the potential role of humans in the coding process. Governance 

mechanisms should be established to provide oversight of these systems, define 

accountability, outline processes to carry out decisions, and ensure compliance with 

applicable laws and regulations, including those covering false claims and fraud. 

8.8.1. Bias, Fairness, and Transparency 

Artificial intelligence (AI) and machine learning (ML) systems are not immune to biases 

that stem from skewed or unrepresentative training data. These systems may further 

perpetuate existing inequalities, especially in healthcare, where patient populations may 

differ greatly in race, ethnicity, or socioeconomic status. Bias manifests in different 

forms for various stakeholders; therefore, it is essential to audit models for bias from the 

viewpoints of all relevant stakeholders. For intelligent medical coding systems, the 

major stakeholder group is the patients. These systems may become biased if the training 

dataset contains relatively few samples belonging to a certain class that corresponds to 

a particular race or ethnicity. For example, a medical coding model that was trained 

mainly on claims with white patients could potentially generate inaccurate codes for 
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claims belonging to patients of Asian heritage. Therefore, the following two fairness-

related questions must be addressed: How fair is the deployed model? Is there any group 

that is disproportionally mispredicted? 

The first question is often assessed using the equal opportunity metric. Audit 

methodologies permit the identification of bodies responsible for coding errors, which 

in turn enables appropriate correction for all affected claims during system deployment. 

Transparency is another important aspect of intelligent coding systems. The principle of 

explainability requires that details on how input claims were processed, the exact 

reasoning used by AI models, and possible modifying factors are documented and 

published for public information, especially for claims that were incorrectly coded. 

Ideally, post-hoc explainability methods should be applied to a deployed model in a 

transparent manner. 

 

Fig 8.3: Fairness & Transparency Pillars (Ochre Series) 

8.8.2. Governance and Accountability 

Provisions for auditing fairness in intelligent medical coding and risk adjustment 

systems, as well as for establishing accountability for their use, are gaining traction. 

Algorithms, procedures, and decisions that impact individuals and society should be 

transparent, and the governance of intelligent coding and risk adjustment systems should 
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minimize potential biases. Accountability mechanisms can also facilitate compliance 

with regulatory frameworks governing the use of patient health information. 

Clear policies and standards for these systems will assign responsibility for their design, 

deployment, and operation. Governance structures should guarantee oversight by 

knowledgeable committees when decisions are made via these systems. Such checks on 

the decisions generated will reduce the risk of erroneous determinations while also 

supporting change management for their introduction and evolution. 

8.9. Current Trends and Case Studies 

Real-world deployments of Intelligent Medical Coding and Risk Adjustment Systems 

are summarized, evaluating outcomes, obstacles, and takeaways. Examples span claims 

coding, predicting diabetes, unpaid claims recovery, and risk-adjusted quality 

measurement. 

A cloud-agnostic framework for automating Dangerous Goods Shipments supports 

multiple computational environments. Experience highlights prerequisites for success: a 

mature data science practice; well-defined business cloud and data standards; clear 

internal and external responsibilities for data processing; and established governance, 

operationalization, and change management processes. Standards and guidelines are 

identified to help others navigate the journey. 

A foundation for deploying Intelligent Medical Risk Adjustment Systems is explored, 

enabling the automation of coding submissions to Payers and pre-audit validation. Key 

design considerations and examples of product layers guide interested organizations. 

These frameworks assist health care organizations, technology manufacturers, and 

system integrators in contextualizing, understanding, and refining product ideas. 

Natural Language Processing transforms unstructured clinical documents into clinical 

codes for Intelligent Medical Coding use cases. Two examples demonstrate Predictive-

Coding, predicting unstructured clinical documents for each of the clinical codes and 

converting it into structured encoding, and Joint-Fusion, taking both unstructured 

clinical document and other structured clinical tables as sources to predict clinical codes. 

8.9.1. Real-World Deployments 

Numerous intelligent medical coding systems have been proposed, with many 

operational in production environments. These implementations have not only yielded 

insights into the challenges and best practices associated with intelligent coding but have 

also demonstrated tangible benefits, including stricter adherence to payer guidelines, 
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accurate risk adjustment, and improved audit preparedness. Organizations that have 

successfully deployed intelligent coding systems include Geisinger, but details 

concerning the precise workings of these systems are sparse. Further, at least two public 

reports describe real-world deployment efforts at the Medical University of South 

Carolina and the University of California, Irvine. The deployment narrative emerges 

from these projects, with selected project outcomes, common challenges, and lessons 

learned summarized in. 

Deployments can be grouped based on coding accuracy: (1) Proof of concept for coding 

decisions in a test bed; and (2) Production deployment for health insurance submission, 

billing, and payer reimbursement. Productions tend to emphasize detection of decision 

support rule violations or health outcome measures. An intelligent coding approach has 

been designed to generate codes for clinical notes detailing hospital visits in accordance 

with the Health Insurance Portability and Accountability Act with a focus on the United 

States. An explicit goal was to automate coding decisions in an error-prone test bed. 

8.9.2. Emerging Technologies and Future Directions 

The Intelligent Medical Coding and Risk Adjustment System domain is an active area 

of research and development. The emerging technologies for intelligent medical coding 

and risk adjustment can be summarized by the WS-DAM trend: workflow, service-

oriented, data-driven, autonomous, and multidisciplinary. The future vision is to support 

proactive health-care delivery with predictive, species-oriented, bidding-based, and 

decision-auditing intelligent medical IC&RA systems. 

There is great innovation potential in intelligent medical IC&RA systems. Deeper and 

broader understanding would facilitate research in these areas: 1) Code Extraction and 

Coding Assistant. Beyond code extraction, these two applications unify termination and 

source-domain data by generating structured values for coding data sources and 

performing IC coding. 2) Feature Engineering and Model Development for Automated 

Coding. It learns from a wider supervisory dataset, augments low-resource languages 

using multilingual representational learning, generates more in-depth concept cues, 

handles the curative–preventive bidirectional relation with GNSS, and identifies risk 

attributions. 3) Data Interchange with Smart Contracts. Future IC&RA systems will 

apply smart contracts to guarantee consortium data reachability and ICO permission-

setting on access-requested resources. Rich features beyond subdomain T&P 

information are utilized, and the contextual relation among subtle potential-illness pairs 

optimizes disease interaction during T&P prediction. 4) Decision Auditing for 

Deliberately Faulty Decisions. IC&RA systems would allow decision-auditing service 

outsourcing for transparently purposely faulty decisions and non-IC in-payment ratings. 
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8.10. Conclusion 

This work explored the emergence of intelligent medical coding and risk adjustment 

systems. Intelligent medical coding systems employ artificial intelligence, natural 

language processing, and controlled vocabulary to automate the coding of clinical and 

laboratory information for submission to health insurers. Submissions generated from 

medical records represent the clinical care delivered and are critical for processing 

claims and reimbursement. Their accuracy directly impacts the performance of risk 

adjustment models used in payment, quality measurement, and clinical performance 

assessment. Although considerable literature supports the use of medical coding systems 

and quality outcomes, evidence of intelligent medical coding development and 

deployment remains sparse. 

Deployment is complicated by the need to ensure accurate, trustworthy, and fair systems 

that encompass the entire data life cycle—including data generation, acquisition, 

storage, transmission, use, sharing, and deletion. Nevertheless, a growing number of 

intelligent medical coding systems are now available. These deployments highlight 

operational requirements and clearly delineate benefits and obstacles to adoption. There 

is a vision for integrated intelligent medical coding and risk adjustment systems, 

encompassing the three main areas of artificial intelligence research: supervised 

learning, unsupervised learning, and reinforcement learning. 
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