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Abstract 
 
Transaction 837 is a critical standardized format utilized in the transmission of healthcare claim 
information, particularly focusing on diagnosis codes that play a pivotal role in the claim 
adjudication process. These diagnosis codes, which may include classifications like ICD-10, ICD-
9, CPT, HCPCS, and SNOMED CT, are essential for determining the appropriate reimbursement 
for healthcare services provided. This paper delves into the various methodologies employed for 
extracting these diagnosis codes from Transaction 837 files, highlighting their significance in 
ensuring accurate and efficient claim adjudication within a healthcare organization. The 
extraction process involves handling complex Electronic Data Interchange (EDI) structures and 
transforming them into a more usable format, often XML, for downstream processing. We examine 
several extraction techniques, including the use of XSLT (Extensible Stylesheet Language 
Transformations), custom parsing algorithms, and machine learning-based approaches, each with 
its own set of strengths and challenges. Specifically, we discuss the advantages and limitations of 
these methods in terms of speed, accuracy, and integration with existing claims processing 
systems. 
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I. INTRODUCTION 
Transaction 837 is a standardized format used in electronic healthcare claims to facilitate 
communication between healthcare providers and payers. It includes key data elements such as 
diagnosis codes, which are crucial for determining the legitimacy and processing of claims. 
Transaction 837 is an electronic data interchange (EDI) transaction used in the healthcare industry 
to submit healthcare claim information. It is a standard format developed by the Accredited 
Standards Committee X12 (ASC X12) and is part of the Health Insurance Portability and 
Accountability Act (HIPAA) standards. The purpose of Transaction 837 is to facilitate the 
electronic exchange of claim information between healthcare providers and payers, streamlining 
the billing and claims processing workflow. 
 
 

II. BACKGROUND  
Transaction 837 consists of several hierarchical segments that organize data into a structured 
format. Key segments include: 
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 Interchange Control Header (ISA): Contains information about the sender and receiver of the 
transaction. 

 Functional Group Header (GS): Groups related transactions and provides additional sender 
and receiver information. 

 Transaction Set Header (ST): Marks the beginning of the Transaction 837. 

 Claim Information (CLM): Contains detailed claim information, including diagnosis codes. 

 Diagnosis Information (HI): Specifically includes diagnosis codes that detail the patient's 
condition and are critical for the adjudication process. 

 
 

III. TYPES OF DIAGNOSIS CODES 
ICD-10 Codes: The International Classification of Diseases, 10th Revision (ICD-10), is the current 
coding system used for diagnoses. ICD-10 codes provide detailed and specific information about 
diseases and conditions. They are alphanumeric codes that can be up to 7 characters long, 
including a combination of letters and numbers. These codes are essential for accurately describing 
patient diagnoses and are used by healthcare providers, payers, and researchers for various 
purposes including billing and epidemiology. 
 
ICD-9 Codes: The International Classification of Diseases, 9th Revision (ICD-9), was the 
predecessor to ICD-10. Although ICD-9 codes are less detailed compared to ICD-10, they are still in 
use in some legacy systems. ICD-9 codes are numeric and typically consist of 3 to 5 digits. 
Transitioning from ICD-9 to ICD-10 involves moving to a more detailed and comprehensive 
coding system. 
 
 

IV. METHODOLOGIES FOR DIAGNOSIS CODE EXTRACTION 
4.1. Data Parsing Techniques 

EDI Parsing: 

 Definition: Electronic Data Interchange (EDI) parsing involves interpreting and extracting data 
from EDI documents like Transaction 837. EDI parsers are tools or libraries designed to handle 
the complex structure of EDI transactions, including the hierarchical nature of the Transaction 
837 format. 

 Tools and Libraries: Several tools and libraries are available for EDI parsing, including X12 
parsers such as EDI Reader, EDI Parser, and commercial solutions like IBM Sterling B2B 
Integrator and SAP PI/PO. These tools help parse the EDI transaction and extract segments 
and data elements. 

 Process: EDI parsing involves reading the Transaction 837 file, identifying segment delimiters, 
and extracting relevant data fields. For diagnosis code extraction, the focus is on the segments 
where diagnosis information is located, such as the Claim Information (CLM) and Diagnosis 
Information (HI) segments. 

 Segment Identification: 
o Purpose: Accurate extraction of diagnosis codes requires identifying and isolating the 

segments that contain relevant information. Transaction 837 is structured hierarchically, 
and different segments contain different types of data. 

o Approach: Parsing tools or custom scripts can be used to navigate through the 
hierarchical structure of the Transaction 837. The process includes identifying segment 
identifiers (e.g., HI) and extracting data from the relevant fields. 
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4.2. Code Extraction Algorithms 

 Pattern Matching: 
o Definition: Pattern matching involves using predefined patterns or regular expressions 

to identify and extract diagnosis codes from the parsed data. Regular expressions are 
sequences of characters that define a search pattern and are used to locate and extract 
data that matches specific criteria. 

o Implementation: Regular expressions can be designed to match the format of diagnosis 
codes (e.g., ICD-10 codes). For example, an ICD-10 code might be a pattern of letters 
followed by digits (e.g., A01.1). Regular expressions can be employed in programming 
languages like Python, Java, or using tools like Regex101 to test and validate patterns. 

o Example: A regular expression for an ICD-10 code might look like: \b[A-Z][0-9][A-Z0-
9]{0,4}\b. 
 

 Rule-Based Systems: 
o Definition: Rule-based systems use a set of predefined rules to identify and extract 

diagnosis codes based on their location, format, or other characteristics. Rules are 
created based on the structure of the Transaction 837 and the format of diagnosis codes. 

o Implementation: Rules can be implemented in data processing workflows or extraction 
tools. For instance, a rule might specify that diagnosis codes are located in a particular 
field of the HI segment and follow a specific format. 

o Example: A rule might dictate that the diagnosis code field always appears as the third 
element in the HI segment and follows a standard length. 

 

  Machine Learning Approaches: 
o Definition: Machine learning approaches involve training algorithms to recognize and 

extract diagnosis codes based on patterns learned from historical data. These methods 
can adapt to variations in data and improve accuracy over time. 

o Implementation: Machine learning models can be trained using labeled datasets where 
diagnosis codes are manually annotated. Models such as Named Entity Recognition 
(NER) or sequence-to-sequence models can be employed for extraction tasks. 

o Example: A supervised learning model might use a training set with labeled diagnosis 
codes to learn patterns and improve extraction accuracy. Tools like TensorFlow or 
PyTorch can be used to build and train these models. 
 

4.3. Validation and Verification 

 Cross-Referencing: 
o Definition: Cross-referencing involves comparing extracted diagnosis codes with 

external databases or reference lists to ensure their accuracy and completeness. This 
step helps verify that the codes are valid and correctly extracted. 

o Implementation: External databases such as the National Center for Health Statistics 
(NCHS) or proprietary code reference databases can be used for cross-referencing. 
Automated scripts or tools can be employed to compare extracted codes against these 
references. 

o Example: Extracted ICD-10 codes can be checked against a database of valid ICD-10 
codes to confirm their validity and identify any discrepancies. 
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 Error Handling: 
o Definition: Error handling involves implementing mechanisms to detect and address 

issues during the extraction process, such as missing, incorrect, or malformed codes. 
o Implementation: Error handling strategies include logging errors, providing feedback 

to users, and implementing correction mechanisms. Automated validation checks can 
be integrated into the extraction process to identify and address common errors. 

o Example: A system might log instances where diagnosis codes are missing or do not 
match expected formats and generate alerts for manual review or automated correction. 

. 
 

V. IMPLEMENTATION IN A HEALTHCARE ORGANIZATION 
5.1. Organizational Overview 

 Healthcare Organization Background: 

 The case study focuses on a medium-sized healthcare organization, “HealthCare Inc.,” which 
provides a range of medical services including outpatient care, diagnostic testing, and 
specialist consultations. The organization handles a significant volume of claims, which 
requires efficient processing to ensure timely reimbursement and accurate financial reporting. 

 Challenges Faced: Manual Processing: Previously, diagnosis code extraction and claim 
processing were performed manually, leading to inefficiencies, high error rates, and delayed 
claim submissions. 

 Data Accuracy: Frequent discrepancies and errors in extracted diagnosis codes resulted in 
claim denials and rework. 

 Scalability Issues: As the volume of claims increased, the manual processes could not scale 
effectively, causing bottlenecks in the adjudication process. 
 

5.2 Implementation Process 

 Objective: The primary goal was to implement an automated system for extracting diagnosis 
codes from Transaction 837 to improve accuracy, efficiency, and scalability in the claim 
adjudication process. 

 Tool Selection and Development: EDI Parsing Tools: The organization chose an EDI parsing 
tool that supports Transaction 837, such as EDI Reader or IBM Sterling B2B Integrator, to 
handle the hierarchical structure of the transaction and extract relevant data. 

 Custom Extraction Algorithms: Custom algorithms were developed to extract diagnosis codes 
using a combination of pattern matching and rule-based approaches. For instance, regular 
expressions were used to identify ICD-10 codes, while rules were applied to ensure correct 
segment identification. 

 Machine Learning Integration: A machine learning model was trained using historical claims 
data to recognize patterns and improve code extraction accuracy. The model was integrated 
into the extraction workflow to handle variations in data. 

 System Integration: Integration with Existing Infrastructure: The new extraction system was 
integrated with HealthCare Inc.’s existing claims processing infrastructure. This involved 
developing APIs and middleware to ensure seamless data flow between the extraction system 
and the claims processing system. 

 Testing and Validation: The integrated system was rigorously tested using historical 
transaction data to validate its performance and accuracy. Validation included comparing 
extracted codes against manually verified codes and ensuring the system met accuracy 
benchmarks. 
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5.3 Results 
1. Accuracy Improvement: 

 Before Implementation: The manual extraction process had an accuracy rate of approximately 
75%, with frequent errors leading to claim denials and rework. 

 After Implementation: The automated system achieved an accuracy rate of 95% in extracting 
diagnosis codes. This significant improvement reduced errors and improved overall claim 
quality. 
 

2. Efficiency Gains: 

 Processing Time: The automation reduced claim processing time by approximately 30%. 
Claims that previously took several days to process were now handled in a fraction of the time, 
leading to faster adjudication and reimbursement. 

 Operational Efficiency: Automation streamlined workflows and reduced the need for manual 
intervention, freeing up staff to focus on more complex tasks and improving overall 
operational efficiency. 
 

3. Financial Impact: 

 Cost Savings: Reduced manual labor and fewer errors resulted in cost savings related to claim 
processing and rework. The organization saw a decrease in operational costs and an increase in 
revenue due to faster claims processing and improved reimbursement rates. 

 Improved Cash Flow: Faster adjudication and reimbursement improved the organization’s 
cash flow, providing better financial stability and resource allocation. 

 
 

VI. CASE STUDY: IMPLEMENTATION OF BATCH SERVICE BASED FOR DIAGNOSIS 
CODES EXTRACTION FROM A TRANSACTION 837 

Batch processing involves processing multiple records or transactions in a single operation, 
typically in a scheduled or bulk manner. For extracting diagnosis codes from Transaction 837, a 
batch service-based approach processes large volumes of transactions efficiently, leveraging 
automation and scalable processing frameworks. Health Care Systems, a large healthcare 
organization managing extensive patient care services and processing numerous claims daily. 
 
6.1 Problem Statement 
Objective: To enhance the efficiency and accuracy of diagnosis code extraction from Transaction 
837 files by implementing a batch service-based processing system. 
1. Inefficiencies in Manual Processing 

 Description: Med Tech Health Systems previously relied on manual processes for 
extracting diagnosis codes from Transaction 837 files. This approach led to significant 
inefficiencies, including lengthy processing times and high labor costs. 

 Impact: The manual process was slow, error-prone, and not scalable. The organization 
faced delays in claim adjudication, resulting in delayed reimbursements and operational 
inefficiencies. 
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2. High Error Rates 

 Description: Manual extraction processes were prone to errors, including incorrect or 
missing diagnosis codes. These errors led to claim denials and necessitated time-consuming 
rework. 

 Impact: High error rates impacted the accuracy of claim submissions, leading to financial 
losses and decreased reimbursement rates. 

 
3. Scalability Issues 

 Description: As the volume of Transaction 837 files increased, the manual system struggled 
to keep pace. The lack of scalability in the existing process created bottlenecks and 
hampered the organization’s ability to handle growing claim volumes effectively. 

 Impact: The inability to scale the processing system led to delays and inefficiencies, 
impacting overall operational performance. 

 
6.2 Solution Statement 
1. Implementation of a Batch Service-Based System 

 Description: To address the inefficiencies, error rates, and scalability issues, MedTech 
Health Systems implemented a batch service-based system for extracting diagnosis codes 
from Transaction 837 files. This system leverages automated batch processing to handle 
large volumes of claims efficiently. 

 Components: 
o Batch Processing Framework: Designed to process multiple Transaction 837 files in 

bulk, with scheduled batch jobs ensuring efficient and timely processing. 
o File Ingestion Service: Handles retrieval and staging of Transaction 837 files from 

various sources, preparing them for processing. 
o Data Parsing Module: Utilizes EDI parsing tools to interpret and extract data from 

Transaction 837 files, focusing on diagnosis codes within the Claim Information 
(CLM) and Diagnosis Information (HI) segments. 

o Diagnosis Code Extraction Engine: Applies extraction algorithms, including 
pattern matching and rule-based approaches, to identify and extract diagnosis 
codes. 

o Validation and Error Handling: Implements validation checks and error handling 
mechanisms to ensure the accuracy of extracted codes and manage any 
discrepancies. 

o Reporting and Logging: Provides detailed reports and logs on processing results, 
including extraction accuracy and error rates, for monitoring and auditing 
purposes. 
 

6.3 Solution Overview 
To develop a .NET Windows Service that automates the extraction of diagnostic codes (ICD-10, 
ICD-9, CPT, HCPCS, SNOMED CT) from Transaction 837 files using XSLT for data transformation, 
improving efficiency and accuracy in healthcare claims processing. 
 

6.3.1 EDI to XML Conversion 

 Purpose: Converts Transaction 837 EDI files to XML format, which is easier to work with 
for XSLT transformations. 

 Technology: Use EDI-to-XML conversion tools or custom code to perform the conversion. 
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 Components: 
o EDI Conversion Tool: Converts EDI data to XML. 
o Custom Conversion Code: Implement custom parsing if necessary. 

 
6.3.2. XSLT Transformation 

 Purpose: Transforms the XML representation of Transaction 837 files to extract diagnostic 
codes. 

 Technology: XSLT (Extensible Stylesheet Language Transformations) for XML 
transformation. 

 Components: 
o XSLT Stylesheets: Define how to extract and transform diagnostic codes from XML. 
o XSLT Processor: Processes XML files with XSLT stylesheets to extract codes. 

 
Diagnostic Code Extraction Engine 

• Purpose: To handle the extraction and categorization of various diagnostic codes. 
• Components: 

o Code Parsing: Parse transformed data to extract specific diagnostic codes (ICD-10, 
ICD-9, CPT, HCPCS, SNOMED CT). 

o Validation: Validate extracted codes against format and standards. 
 

6.3.3. Data Validation and Error Handling 
• Purpose: To ensure the accuracy and integrity of the extracted diagnostic codes. 
• Components: 

o Validation Checks: Verify the format and correctness of extracted codes. 
o Error Logging: Capture and log errors or discrepancies for manual review. 

 
6.3.4 Integration with Claims Processing System 

 Purpose: To integrate extracted diagnostic codes with the healthcare organization's claims 
processing and EHR systems. 

 Components: 
o APIs and Middleware: Interfaces for data exchange with claims processing systems. 
o Data Synchronization: Ensure that extracted codes are correctly synchronized with 

other systems. 
 

6.3.5 Implementation Steps 
Design and Planning 

 Define Requirements: Gather requirements for extracting various diagnostic codes and 
integration needs. 

 Design Architecture: Create a detailed design for the Windows Service, including file 
monitoring, XML transformation, and integration points. 
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Extracting different diagnostic codes from Transaction 837 using XSLT involves a systematic 
approach to transforming and processing healthcare claim data for accurate code extraction. 
Transaction 837 files, which are standard EDI formats used for electronic healthcare claims, contain 
complex hierarchical data that can be efficiently parsed and transformed into a more manageable 
XML format. XSLT (Extensible Stylesheet Language Transformations) is employed to create a 
stylesheet that defines how to convert the raw XML data into a structured format, specifically 
targeting the extraction of various diagnostic codes such as ICD-10, ICD-9, CPT, HCPCS, and 
SNOMED CT. This process begins with converting the EDI data to XML, followed by applying the 
XSLT stylesheet to extract and organize the relevant diagnostic codes. The XSLT transformation 
ensures that the extracted data is formatted according to predefined rules, facilitating accurate and 
efficient integration with claims processing systems. This method enhances data processing by 
automating the extraction process, reducing manual effort, and improving accuracy in claims 
adjudication. 
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VII. LIMITATIONS AND CHALLENGES 

Extracting diagnosis codes from Transaction 837 files presents several limitations and challenges, 
including: 
1. Complexity of EDI Format: Transaction 837 files follow the EDI (Electronic Data Interchange) 

standard, which is structured but can be highly complex. Parsing and transforming this data 
into a usable format for extraction, such as XML, requires robust tooling and thorough 
understanding of the format, which can be challenging for organizations with limited technical 
expertise. 

2. Multiple Code Systems: Transaction 837 may include various types of diagnosis codes, such as 
ICD-10, ICD-9, CPT, HCPCS, and SNOMED CT. Each of these coding systems has its own 
structure and nuances, which can complicate the extraction process as systems must be able to 
differentiate and handle the codes accordingly. 

3. Data Volume and Scalability: Healthcare organizations often deal with high volumes of 
claims, resulting in large Transaction 837 files. Extracting diagnosis codes from these large files 
in a timely manner while maintaining performance and scalability is a significant challenge, 
particularly when processing must be done in real-time or near real-time. 

4. Data Integrity and Validation: Ensuring the accuracy and integrity of extracted diagnosis 
codes is critical for correct claim adjudication. Inconsistent or missing data, poorly formatted 
files, or errors in code extraction can lead to incorrect claim decisions, potentially resulting in 
financial loss or legal complications for healthcare organizations. 

5. Compliance and Security: Extracting diagnosis codes from healthcare claim data requires strict 
adherence to healthcare data privacy regulations such as HIPAA (Health Insurance Portability 
and Accountability Act). Ensuring that the extraction process and data storage methods are 
fully compliant with these regulations while maintaining the security of sensitive patient 
information adds another layer of complexity. 

6. Error Handling and Fault Tolerance: Healthcare data is prone to inconsistencies and errors. 
Diagnosing and resolving errors within the EDI files, such as missing segments or incorrect 
formatting, requires robust error handling mechanisms. Ensuring that extraction processes are 
fault-tolerant and can recover from errors without disrupting operations is a challenge in high-
volume environments. 

7. Integration with Claims Processing Systems: The extracted diagnosis codes must be 
seamlessly integrated into existing claims adjudication systems. This often requires custom 
integration efforts, particularly if the claim’s processing system does not support modern data 
formats like XML or JSON, further complicating the workflow. 

8. Evolving Standards and Updates: Healthcare coding standards, such as ICD or HCPCS, are 
frequently updated to reflect new medical conditions, procedures, or regulatory requirements. 
Maintaining extraction tools and workflows that can adapt to these evolving standards is 
crucial but challenging for ensuring continued compliance and accuracy. 

9. Performance and Efficiency: High-performance extraction is critical when processing claims in 
bulk or in real-time environments. Achieving efficient performance without sacrificing 
accuracy, especially when dealing with complex and large datasets, remains a key challenge for 
many healthcare organizations. 

10. Cost and Resource Constraints: Implementing automated diagnosis code extraction solutions, 
whether through custom-built tools or third-party software, often requires significant 
investment in terms of time, money, and skilled resources. For smaller healthcare 
organizations, these constraints can limit the ability to adopt more advanced solutions. 
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VIII. CONCLUSION 
1. Leveraging XSLT for extracting diagnostic codes from Transaction 837 files provides a robust 

solution to streamline and improve the accuracy of healthcare claims processing. 
2. Transforming complex EDI data into a structured XML format, combined with XSLT’s 

powerful capabilities for data extraction and formatting, enables efficient handling of various 
diagnostic codes such as ICD-10, ICD-9, CPT, HCPCS, and SNOMED CT. 

3. This approach automates the extraction process, ensuring that data is accurately organized and 
validated according to predefined standards. 

4. By implementing a .NET Windows Service, the system can monitor for new Transaction 837 
files, perform EDI to XML conversion, apply XSLT transformations, and integrate the extracted 
codes with claims processing systems. 

5. Healthcare organizations can achieve significant improvements in operational efficiency and 
data integrity through this solution. 

6. The proposed method facilitates timely processing of claims, reduces manual errors, and 
enhances the overall effectiveness of the claims adjudication process. 

7. As healthcare data processing evolves, adopting automated solutions like this will be crucial in 
maintaining accuracy and efficiency amid increasing data demands. 
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