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Abstract 

The U.S. healthcare sector is governed by strict regulatory frameworks such as HIPAA, HITECH, and the 
Affordable Care Act, placing immense compliance burdens on Human Resource Management (HRM) 
software systems. Traditional quality assurance (QA) methods often rely on manual code review and static 
testing, making it difficult to ensure full compliance coverage. This research proposes an NLP-based QA 
automation framework that bridges the gap between legal compliance texts and HRM system requirements. 

mailto:mohammedmajidb@gmail.com
mailto:joymdshaikatalam@gmail.com
mailto:sazzadulislam352@gmail.com
mailto:nadianusrat2023@gmail.com
mailto:ankursarkar@gmail.com
mailto:mohaiminulbd271@gmail.com
mailto:sungidaakther.lima@gmail.com


Tianjin Daxue Xuebao (Ziran Kexue yu Gongcheng Jishu Ban)/ 
Journal of Tianjin University Science and Technology 
ISSN (Online):0493-2137 
E-Publication: Online Open Access 
Vol: 58 Issue: 08:2025 
DOI: 10.5281/zenodo.16931327 

Aug 2025 | 694 

By leveraging Natural Language Processing (NLP) techniques, such as named entity recognition, semantic 
role labeling, and rule-based extraction, the framework automatically translates compliance documents into 
executable validation rules. These rules are then applied during the software QA process to flag deviations 
or potential violations early in development. The proposed model is evaluated using real-world compliance 
data and simulated HRM workflows, demonstrating improved accuracy, coverage, and efficiency compared 
to traditional methods. Our results highlight the framework’s potential to significantly reduce compliance 
errors, streamline QA cycles, and enhance software reliability in the healthcare domain. This study 
contributes a novel, domain-specific application of NLP in compliance automation and provides a foundation 
for further development of intelligent, regulation-aware HRM systems in healthcare. 

Keywords: Natural Language Processing (NLP), Quality Assurance (QA), HRM Software, Healthcare 
Compliance, HRM. 

 
1. INTRODUCTION  

The U.S. healthcare sector is governed by rigorous and continuously evolving regulations 
designed to ensure patient privacy, data security, equitable workforce management, and 
operational transparency. Key regulatory frameworks such as the Health Insurance 
Portability and Accountability Act (HIPAA), the Health Information Technology for 
Economic and Clinical Health (HITECH) Act, and Affordable Care Act (ACA) mandate 
strict standards for handling personal and workforce-related data within healthcare 
institutions. Human Resource Management (HRM) systems, which manage sensitive 
employee information and regulatory documentation, are directly impacted by these 
requirements. As healthcare institutions move toward digital transformation, HRM 
software has become central to compliance operations, payroll, credential tracking, 
workforce scheduling, and legal reporting. However, ensuring continuous compliance of 
HRM systems with federal healthcare regulations presents several challenges. 
Traditional software Quality Assurance (QA) processes are typically manual or semi-
automated, relying on human experts to interpret legal documents and translate them into 
test cases or rule sets. This practice is inefficient, error-prone, and difficult to scale, 
especially as compliance regulations become more complex and subject to change. 
Moreover, gaps between regulatory language (written in legal English) and system-level 
logic (coded in technical languages) further hinder effective translation of requirements 
into verifiable software behaviors. Recent advances in Natural Language Processing 
(NLP) offer promising opportunities to bridge this semantic gap. NLP technologies can be 
leveraged to extract, classify, and structure information from large, unstructured legal 
texts, enabling the transformation of regulatory content into machine-readable rules. 
When integrated into QA pipelines, such rules can drive automated testing processes, 
validate software components against legal standards, and offer early detection of 
potential non-compliance issues. This research proposes a novel NLP-based QA 
automation framework tailored specifically to HRM systems operating in the U.S. 
healthcare sector. The proposed solution uses a pipeline of NLP components—such as 
named entity recognition (NER), dependency parsing, semantic role labeling, and rule-
based inference engines—to transform compliance policies into executable test rules. 
The framework is designed to integrate seamlessly into software development lifecycles, 
thereby enabling ongoing, real-time QA checks aligned with healthcare regulations. 
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Research Problem 

Given the critical need for regulatory compliance and the shortcomings of existing QA 
methodologies, the core problem addressed in this study is: 

How can complex healthcare regulatory requirements be effectively and 
automatically translated into executable QA rules for HRM software systems to 
ensure compliance and reliability? 

Research Objectives 

This research is driven by the following objectives: 

• To explore and apply state-of-the-art NLP techniques for parsing and interpreting 
healthcare compliance documents. 

• To design and implement a scalable QA framework capable of transforming legal 
policies into testable software requirements. 

• To evaluate the framework’s performance against traditional QA approaches in 
terms of accuracy, speed, and compliance coverage. 

Research Questions 

1. How can NLP models be applied to extract structured, rule-based logic from 
unstructured healthcare compliance texts? 

2. What system architecture can effectively integrate NLP-generated rules into the QA 
process for HRM software? 

3. How does an NLP-based QA framework compare to manual or semi-automated QA 
approaches in detecting compliance violations? 

4. What are the scalability and adaptability limitations of such a framework when 
dealing with changing regulatory environments? 

 
LITERATURE REVIEW 

This section provides a comprehensive review of existing work at the intersection of 
regulatory compliance, QA practices in HRM systems, and the use of NLP in legal 
informatics. The discussion is categorized into five key thematic areas: (1) healthcare 
compliance and regulatory complexity, (2) quality assurance methodologies in HRM 
software systems, (3) the role of NLP in legal and regulatory domains, (4) frameworks for 
automated rule extraction, and (5) the integration of NLP and QA in software development 
lifecycles. 

1. Healthcare Compliance and Regulatory Complexity 

Healthcare organizations in the United States operate within a stringent legal landscape 
shaped by federal and state regulations. HIPAA, HITECH, and ACA collectively mandate 
secure handling of both patient and workforce data. HIPAA, for instance, requires 
organizations to protect sensitive employee and patient health information, enforce 



Tianjin Daxue Xuebao (Ziran Kexue yu Gongcheng Jishu Ban)/ 
Journal of Tianjin University Science and Technology 
ISSN (Online):0493-2137 
E-Publication: Online Open Access 
Vol: 58 Issue: 08:2025 
DOI: 10.5281/zenodo.16931327 

Aug 2025 | 696 

access controls, and conduct regular audits. HITECH adds further provisions for 
electronic health record (EHR) systems, while ACA brings in policies around employee 
benefits and organizational transparency. 

Scholars such as Appari and Johnson (2010) have highlighted the operational and 
technical burden placed on healthcare systems due to regulatory compliance. 
Compliance efforts are traditionally manual and reactive, driven by audits, legal 
consultations, and organizational training, making them inherently time-consuming and 
inconsistent. While many healthcare institutions rely on compliance dashboards and 
documentation repositories, there is a lack of dynamic enforcement mechanisms that 
align software behavior with legal requirements in real time (Greenwood et al., 2017). 

The complexity of legal language, coupled with the frequency of regulatory updates, 
further challenges software developers who must interpret and encode policies into 
system logic. As compliance violations can lead to severe financial penalties and 
operational disruptions, there is growing demand for intelligent, automated systems that 
can maintain regulatory alignment across software updates. 

2. Quality Assurance in HRM Software Systems 

HRM platforms in healthcare organizations manage a range of sensitive data, including 
employee health records, training certifications, payroll, and compliance documentation. 
Ensuring the integrity, availability, and compliance of these systems is critical, not only 
for smooth HR operations but also for institutional compliance with federal labor and 
healthcare laws. 

Despite their importance, QA practices in HRM systems remain underdeveloped in terms 
of regulatory enforcement. Basu et al. (2014) and Garcia et al. (2018) note that QA 
methods used in HRM software are largely focused on functional correctness, data 
validation, and interface testing, with limited attention paid to policy enforcement or 
regulatory verification. Compliance checks, when performed, tend to be retrospective, 
conducted during audits or investigations, rather than embedded into the development 
lifecycle. 

Furthermore, QA teams often lack the legal expertise required to accurately interpret 
healthcare policies and translate them into test cases or validation rules. This knowledge 
gap leads to missed requirements, non-compliant implementations, and increased risk 
exposure. The need for intelligent QA frameworks that incorporate compliance logic is 
thus well recognized but remains insufficiently addressed in current software engineering 
practice. 

3. NLP in Legal and Regulatory Domains 

NLP has made significant strides in the processing and interpretation of legal texts. 
Research in legal informatics has explored how NLP can support legal document 
classification, policy analysis, and regulatory extraction.  

Early work by Moens et al. (2007) focused on parsing legal texts for retrieval and 
summarization, while more recent models like LegalBERT (Chalkidis et al., 2020) have 



Tianjin Daxue Xuebao (Ziran Kexue yu Gongcheng Jishu Ban)/ 
Journal of Tianjin University Science and Technology 
ISSN (Online):0493-2137 
E-Publication: Online Open Access 
Vol: 58 Issue: 08:2025 
DOI: 10.5281/zenodo.16931327 

Aug 2025 | 697 

achieved high performance in domain-specific tasks such as clause classification and 
contract analysis. Ashley (2017) argues that NLP can serve as a bridge between legal 
professionals and computational systems, automating parts of legal reasoning through 
syntactic and semantic analysis.  

Techniques such as dependency parsing, named entity recognition, and relation 
extraction have proven effective in capturing legal roles, obligations, and constraints. 
Applications have included contract compliance analysis, case law retrieval, and statutory 
interpretation. However, most of these use cases stop short of translating legal language 
into executable logic. While tools like spaCy, AllenNLP, and Transformers enable deep 
language modeling, few systems have operationalized these insights into rule-based 
engines capable of directly supporting software QA. This research aims to fill that gap by 
using NLP not just for understanding legal text, but for actively driving compliance-aware 
testing within HRM systems. 

4. Automated Rule Extraction and Policy-to-Code Translation 

Translating unstructured regulatory text into structured, executable rules is a non-trivial 
task that lies at the frontier of legal NLP and software engineering. Prior efforts in rule 
extraction have leveraged a combination of machine learning and rule-based approaches. 
Systems such as OpenFisca and MIREL have attempted to codify tax and legal policy 
into decision models, but often require extensive human input to define parameters and 
decision trees. Santos et al. (2019) proposed hybrid models that combine machine 
learning with domain ontologies to extract actionable information from policy documents. 
Similarly, recent research in explainable AI (XAI) emphasizes the need for transparent, 
auditable logic that aligns with regulatory frameworks. Nonetheless, most of these tools 
are domain-general and lack the vertical specialization necessary for healthcare 
compliance or HRM integration. Software QA has yet to fully capitalize on these 
advances. Rule engines such as Drools or Prolog-based systems are capable of 
enforcing predefined logic, but the process of defining that logic remains manual and 
detached from legal source material. An end-to-end pipeline that begins with legal text 
and culminates in QA rule execution is largely absent in current practice, creating a unique 
opportunity for this research. 

5. Integration of NLP and QA in Agile Software Development 

With the shift toward Agile and DevOps practices in software engineering, QA has moved 
closer to development processes through continuous integration and automated testing. 
Amershi et al. (2019) explore the embedding of machine learning into software 
engineering workflows, highlighting the importance of human-in-the-loop systems and 
explainability. Incorporating NLP into QA pipelines aligns well with these trends, enabling 
automated test generation, requirement validation, and semantic traceability. However, 
QA tools are currently limited to detecting code-level issues (e.g., unit or integration test 
failures) and are not equipped to enforce higher-level compliance policies.  

This disconnect highlights the need for QA frameworks that are not only technically robust 
but also semantically aware of the legal and regulatory domains they operate in. 
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6. Research Gap 

The literature clearly reveals a multidisciplinary gap: while legal NLP is advancing, and 
while QA automation tools are becoming more powerful, there is limited convergence 
between these domains, particularly in the context of HRM systems in healthcare. No 
current framework fully automates the translation of healthcare compliance documents 
into QA-executable rules, nor does any system close the loop from policy interpretation 
to software testing within this niche. This study addresses that gap by proposing a novel, 
NLP-powered QA framework that directly integrates regulatory interpretation with HRM 
software validation in the U.S. healthcare context. 
 
2. METHOD  

This section outlines the design and implementation of the proposed NLP-based Quality 
Assurance (QA) automation framework for Human Resource Management (HRM) 
systems operating within the U.S. healthcare sector. The methodology is structured into 
five components: (1) Framework Overview, (2) NLP Pipeline Design, (3) Rule Generation 
and Encoding, (4) Integration with QA Workflow, and (5) Evaluation Strategy. 

2.1. Framework Overview 

The proposed framework is designed to automate the translation of unstructured 
compliance regulations into executable QA rules. It is structured as a modular pipeline 
consisting of the following stages: 

1. Compliance Document Ingestion 

Accepts regulatory documents such as HIPAA policy statements or HITECH 
requirements in PDF, DOCX, or plain text formats. 

2. NLP-based Interpretation Layer 

Applies state-of-the-art Natural Language Processing models to parse and extract 
relevant obligations, entities, and constraints from the legal text. 

3. Rule Transformation Engine 

Converts the extracted information into structured, machine-readable rules that map to 
QA test cases or assertions. 

4. QA Integration Module 

Integrates the generated rules with existing HRM software development pipelines 
using automated test suites (e.g., JUnit, Selenium, Postman). 

5. Monitoring and Feedback Loop 

Continuously refines the NLP models using false positives/negatives and updates from 
new regulatory guidelines. 
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2.2. NLP Pipeline Design 

To interpret compliance documents accurately, the framework employs a multi-stage NLP 
pipeline using domain-adapted models: 

• Preprocessing: Tokenization, sentence segmentation, and noise removal (e.g., 
headers, footnotes). 

• Named Entity Recognition (NER): Detects entities such as roles (e.g., Mostak 

• Dependency Parsing & Semantic Role Labeling: Determines grammatical and 
logical relationships between entities. 

• Obligation Extraction: Identifies mandatory actions or constraints using a 
combination of rule-based and machine learning classifiers. 

• Clause Classification: Categorizes extracted clauses into testable compliance 
domains (e.g., "Data Security", "Access Control"). 

Models like LegalBERT and spaCy are used for fine-tuned performance on legal text. 

2.3. Rule Generation and Encoding 

Once clauses are extracted, they are converted into executable testable rules using a 
defined schema: 

● Rule Schema Format: 

Rule ID Condition Requirement Test Expression 
Compliance 

Category 

R001 
If employee record 
contains PHI 

Data must be 
encrypted at rest 

checkEncryption(E
mployeeRecord) 

Data Security 

R002 
If user accesses 
employee health 
data 

Must log access 
timestamp and user ID 

verifyAuditLog(Use
rAccessEvent) 

Access Control 

R003 
If HR staff updates 
insurance 
information 

Notify employee within 
24 hours 

sendNotification(E
mployeeID, 
“Insurance 
Update”) 

Communication 

R004 
If system detects 
multiple failed 
logins 

Lock account and 
notify security team 

triggerLockout(Use
rAccount) 

Authentication 

R005 

If employee 
submits a request 
to view personal 
data 

Provide access within 
30 days 

checkAccessProvi
sion(EmployeeID, 
30) 

Data Access 
Rights 

R006 
If third-party 
software integrates 
with HRM system 

Must have signed 
Business Associate 
Agreement (BAA) 

validateBAADocu
mentation(VendorI
D) 

Vendor 
Compliance 

R007 
If data is 
transferred outside 
the organization 

Encrypt during 
transmission and 
ensure destination is 
authorized 

checkTransmissio
nSecurity(DataTra
nsfer) 

Data 
Transmission 
Security 
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Encoding Language: 

Rules are encoded in JSON or YAML for portability and parsed by a custom rule engine 
that translates them into assertions used in automated test frameworks. 

Mapping to QA Scripts: 

Rule templates are aligned with existing QA environments (e.g., JavaScript/Java test 
scripts) using a plug-in layer that auto-generates code snippets. 

2.4. Integration with QA Workflow 

The framework is designed to be CI/CD-compatible. Integration steps include: 

• Embedding into version control hooks (e.g., Git pre-commit hooks) to check for 
compliance on code changes. 

• Incorporating into CI pipelines (e.g., Jenkins, GitHub Actions) to trigger compliance 
checks as part of automated builds. 

• Integration with HRM test environments to execute the generated compliance tests 
alongside functional and regression tests. 

This ensures that compliance QA becomes part of the continuous testing lifecycle, not a 
post-development activity. 

2.5. Evaluation Strategy 

The framework is evaluated using a combination of real-world regulatory texts and 
simulated HRM modules: 

• Datasets: 

○ HIPAA Privacy Rule and Security Rule documents 

○ Sample HRM datasets containing employee records, audit logs, and access 
permissions 

• Evaluation Metrics: 

○ Precision and recall of clause extraction and rule accuracy 

○ Coverage Rate: Percentage of applicable compliance rules translated into test 
cases 

○ Test Pass Rate: Number of successful QA validations run against simulated HRM 
modules 

○ Execution Time and Scalability: Performance on large datasets and in multiple 
deployment scenarios 

• Baseline Comparisons: 

Manual QA processes and keyword-based rule generation are used as baselines 
for comparison. 
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• Validation Methods: 

Expert review from legal and QA professionals is incorporated to assess semantic 
accuracy and compliance correctness. 

2.6. Tools and Technologies 

• NLP Frameworks: spaCy, LegalBERT, NLTK, AllenNLP 

• Rule Engines: Drools, custom JSON-based parser 

• QA Platforms: Selenium, JUnit, Postman 

• DevOps Tools: Git, Jenkins, Docker 

• Languages: Python (NLP and rule engine), Java/JavaScript (QA test integration) 
 
3. RESULT ANALYSIS 

This section presents the empirical evaluation of the proposed NLP-based QA automation 
framework against traditional manual QA processes in the context of regulatory 
compliance validation in HRM systems. The analysis emphasizes performance in rule 
extraction accuracy, test coverage, and runtime efficiency. 

1. Experimental Setup 

To simulate a real-world QA environment, a controlled testbed was created using a 
representative HRM system module dealing with employee data management. 
Compliance documents from the HIPAA Privacy and Security Rules were used as the 
source for regulatory obligations. Both QA approaches, manual and NLP-automated, 
were applied to evaluate the same system under identical conditions. 

Key Elements: 

● Compliance Documents: Selected clauses from HIPAA governing data encryption, 
access control, employee privacy rights, and audit logs. 

● Simulated HRM System Features: 

○ Employee profile creation 

○ Access log generation 

○ Data encryption at rest and in transit 

○ Automated alerts and audit trails 

● Evaluation Environment: Dockerized QA test suite with Jenkins CI integration 

● Tools Used: 

○ Manual QA: Human experts and checklists 

○ NLP QA: LegalBERT, spaCy, custom rule engine, and Selenium for automated test 
execution 
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2. Evaluation Metrics 

The framework was assessed using the following five key metrics: 

• Precision: The ratio of correctly identified compliance rules to the total number of 
rules generated by the system. High precision indicates fewer false positives. 

• Recall: The proportion of relevant compliance requirements that the system 
successfully extracted. High recall reflects the model's ability to detect as many 
relevant rules as possible. 

• F1-Score: A balanced metric combining precision and recall to measure overall 
accuracy. 

• Rule Coverage: The percentage of applicable legal clauses that were successfully 
transformed into executable QA rules. 

• Execution Time: The average time (in seconds) taken to validate compliance 
rules in the HRM test environment. 

 3. Comparative Results 

The table below summarizes the performance metrics of the NLP-based QA framework 
and compares them to manual QA: 

Table 1: Result Summary 

Metric 
NLP-Based QA 

Framework 
Manual QA 

Precision 0.91 0.67 

Recall 0.88 0.61 

F1-Score 0.895 0.64 

Rule Coverage 92% 58% 

Execution Time (avg/sec) 1.8 5.2 

4. Visual Analysis 

To better visualize performance differences, the chart below compares both methods 
across all metrics: 

As illustrated, the NLP-based QA framework consistently outperforms the manual 
approach. In particular, the precision and recall values indicate high reliability and low 
error rates in rule identification.  

Moreover, the rule coverage of 92% demonstrates that most relevant compliance 
clauses were successfully operationalized into executable QA checks. 

 

 



Tianjin Daxue Xuebao (Ziran Kexue yu Gongcheng Jishu Ban)/ 
Journal of Tianjin University Science and Technology 
ISSN (Online):0493-2137 
E-Publication: Online Open Access 
Vol: 58 Issue: 08:2025 
DOI: 10.5281/zenodo.16931327 

Aug 2025 | 703 

 

FIG 1: Performance Comparison: NLP-Based QA vs Manual QA 

5. Interpretation of Results 

• Precision and Recall: The NLP-based system achieved high scores (0.91 and 
0.88, respectively), highlighting its effectiveness in extracting accurate, actionable 
rules from regulatory text. Manual QA underperformed due to human interpretation 
variability and oversight in identifying implicit obligations. 

• Rule Coverage: The system achieved 92% coverage, capturing nearly all 
applicable clauses from HIPAA. Manual QA only achieved 58%, as many legal 
conditions were overlooked or interpreted too generally to translate into specific 
tests. 

• F1-Score: A high F1-score of 0.895 reflects the balance between rule correctness 
and completeness, indicating that the NLP framework maintains consistent quality 
across extractions. 

• Execution Time: The NLP framework’s automation capabilities allow test cases to 
execute swiftly (average 1.8 seconds), whereas manual QA averaged 5.2 seconds 
due to step-by-step validation and human decision-making delays. This efficiency is 
critical for integration into Agile/DevOps pipelines. 

 
CONCLUSION  

This study introduced a novel NLP-based QA automation framework aimed at bridging 
the gap between regulatory compliance requirements and software quality assurance 
processes in Human Resource Management (HRM) systems within the U.S. healthcare 
sector. Through the integration of advanced Natural Language Processing techniques 
and automated rule generation mechanisms, the framework effectively translates 
unstructured legal text, such as HIPAA and HITECH regulations, into structured, 
executable validation rules.  
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The results from empirical evaluation demonstrate that the proposed framework 
significantly outperforms manual QA methods across multiple key metrics, including 
precision, recall, rule coverage, and execution time. With over 92% rule coverage and a 
high F1-score (0.895), the system proves capable of automating a substantial portion of 
compliance validation, thereby reducing human error, increasing efficiency, and 
enhancing regulatory alignment. This work contributes to the fields of legal informatics, 
intelligent QA, and compliance-aware software engineering by offering a scalable, 
reproducible, and domain-specific solution. The ability to dynamically interpret and 
enforce complex regulations within QA pipelines represents a significant step forward for 
both healthcare software providers and regulatory technology developers. 

Future Work 

While the framework shows promise, several directions for enhancement remain: 

1. Context-Aware Clause Linking: Future iterations can incorporate cross-referencing 
of multi-section policies using document-level language models (e.g., Longformer, 
LegalT5). 

2. Real-Time Compliance Monitoring: Integration with runtime systems could enable 
live compliance verification during HRM system operation, not just at the development 
stage. 

3. Cross-Domain Applicability: The framework can be adapted for use in other 
regulated industries such as finance, insurance, and education with minor retraining. 

4. Human-in-the-Loop Feedback: Incorporating expert review into the rule refinement 
loop can improve clause disambiguation and increase overall system trustworthiness. 

5. Expansion of Evaluation: Future studies should include a larger dataset of regulatory 
texts, more diverse HRM system components, and real-world deployment in enterprise 
environments. 

In conclusion, this research demonstrates the feasibility and value of using NLP for 
automated compliance QA and sets the foundation for broader adoption of intelligent 
compliance solutions in critical software systems. 
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