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ABSTRACT— Static Application Security Testing (SAST) 

tools play a critical role in software security by identifying 

vulnerabilities in source code early in the development 

process. However, their utility is often hampered by the 

high rate of false positives—incorrect identification of 

secure code as vulnerable. False positives increase 

developer workload and erode trust in SAST tools. This 

manuscript explores the sources of false positives and 

presents state-of-the-art techniques for their elimination, 

including machine learning (ML), advanced static 

analysis techniques, and hybrid methodologies. 

Experimental results show that implementing these 

techniques can significantly reduce false positives without 

sacrificing detection accuracy, enabling more efficient 

and reliable software development workflows. 

KEYWORDS— Static Application Security Testing, SAST 

tools, false positives, machine learning, hybrid techniques, 
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Introduction 

Software vulnerabilities are among the primary causes of data 

breaches and cyberattacks in modern digital systems. As 

organizations increasingly adopt DevSecOps practices, 

integrating security into every stage of development becomes 

imperative. SAST tools are indispensable in this process, 

offering automated mechanisms to detect vulnerabilities in 

the source code without executing it. 

 

Despite their advantages, SAST tools are often criticized for 

generating a significant number of false positives. These false 

positives not only waste developers’ time but also obscure 

genuine security issues. Eliminating these inaccuracies is 

crucial for fostering trust in SAST tools and enhancing their 

practical applicability. 

This manuscript aims to address the following: 
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1. Understanding the primary sources of false positives 

in SAST tools. 

2. Reviewing existing techniques for false positive 

elimination. 

3. Proposing a hybrid methodology that integrates ML 

and rule-based approaches. 

4. Evaluating the proposed solution and discussing its 

real-world implications. 

 

Literature Review 

Overview of Static Application Security Testing (SAST) 

SAST tools analyze code statically, relying on predefined 

rules and heuristics to identify vulnerabilities such as SQL 

injection, cross-site scripting (XSS), and insecure 

configurations. Popular tools include Checkmarx, 

SonarQube, and Fortify. These tools enable early detection of 

security issues, aligning with secure coding practices. 

False Positives in SAST Tools 

False positives in SAST arise primarily due to: 

1. Overly Generic Rules: Rules that prioritize breadth 

over precision, flagging non-vulnerable code 

patterns. 

2. Contextual Misinterpretation: Failing to account 

for specific application contexts or defensive coding 

practices. 

3. Library and Framework Mismatches: Incorrectly 

interpreting third-party library usage or framework-

specific constructs. 

Approaches to False Positive Mitigation 

1. Rule Refinement 

• Manually refining detection rules to account for 

specific programming patterns or application 

contexts. 

• While effective, this approach is time-intensive and 

dependent on security expertise. 

2. Data Flow and Taint Analysis 

• Advanced static analysis techniques that track data 

flow through variables and functions to eliminate 

false positives caused by contextual 

misinterpretations. 

3. Machine Learning-Based Techniques 

• Using ML algorithms to learn from historical 

vulnerability data and improve classification 

accuracy. 

• Examples include supervised learning models 

trained on labeled datasets of true and false 

positives. 

4. Hybrid Approaches 

• Combining traditional static analysis techniques 

with ML for improved precision. 

https://ijcscer.org/
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• These approaches leverage the strengths of both 

methodologies, addressing the limitations of each. 

Research Gaps 

Despite advancements, achieving optimal trade-offs between 

detection accuracy and computational efficiency remains a 

challenge. This paper addresses these gaps by proposing a 

robust hybrid approach. 

Methodology 

The proposed methodology addresses the elimination of false 

positives in Static Application Security Testing (SAST) tools 

through a hybrid approach combining rule-based analysis, 

machine learning (ML), and iterative refinement. The process 

is divided into several stages: 

1. Rule-Based Filtering 

SAST tools traditionally rely on static rules to detect 

vulnerabilities. To refine this process: 

• Customized Rule Definitions: Rules were tailored 

to exclude patterns known to generate false positives 

in specific contexts, such as defensive coding 

constructs (e.g., using prepared statements to avoid 

SQL injection). 

• Context-Aware Adjustments: Rules were 

augmented with contextual analysis, accounting for 

the nuances of application frameworks and libraries. 

For instance, safe uses of eval in sandboxed 

environments were excluded from flagged results. 

2. Machine Learning Integration 

A supervised learning model was employed to classify 

vulnerability reports into true positives and false positives. 

The following steps were taken: 

• Feature Extraction: 

• Code-Level Features: Variables such as 

data flow, code structure, and function 

dependencies. 

• Static Analysis Metadata: Frequency of 

rule matches, confidence scores, and SAST 

tool annotations. 

• Third-Party Library Analysis: Patterns 

in library calls and their known 

vulnerabilities. 

• Training and Validation: 

• A dataset of 10,000 vulnerability reports 

was split into 70% for training and 30% for 

validation. 

• A Random Forest Classifier was selected 

for its robustness and interpretability. 

• Metrics such as precision, recall, and F1-

score guided model evaluation. 

3. Feedback Loops for Continuous Improvement 

To improve over time, developer feedback on flagged 

vulnerabilities was collected and used to retrain the ML 

model. This feedback included: 

• Manual confirmation of true positives and false 

positives. 

• Annotations for specific edge cases missed by the 

tool. 

4. Hybrid Framework 

The hybrid framework combined: 

1. Rule-based filtering as the first layer to eliminate 

obvious false positives. 

2. ML classification to refine the remaining results, 

leveraging historical data and contextual features. 

https://ijcscer.org/
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3. A Priority Scoring System, assigning a confidence 

score to each finding based on outputs from both 

techniques, with higher confidence findings flagged 

for immediate attention. 

Performance Metrics of False Positive Reduction 

Techniques 

Techniq
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Rule-

Based 

Filtering 

85 80 82 25 10 

Machine 

Learning 

91 89 90 15 25 

Hybrid 

Approach 

96 92 94 10 40 

 

 

Results 

Dataset Characteristics 

The dataset comprised vulnerability reports from open-source 

and proprietary software projects: 

• Types of Vulnerabilities: SQL injection, cross-site 

scripting (XSS), insecure deserialization, and others. 

• False Positive Rate: 45% of the initial flagged 

vulnerabilities were manually verified as false 

positives. 

Performance of Techniques 

Rule-Based Filtering 

• Initial refinement using customized rules reduced 

false positives by 25%. 

• Accuracy improvements were limited by complex, 

context-dependent cases, highlighting the need for 

ML integration. 

Machine Learning Model 

• Random Forest Classifier: 

• Precision: 91% 

• Recall: 89% 

• F1-Score: 90% 

• False Positive Rate: Reduced by 30% 

compared to the baseline. 

Hybrid Framework 

The combination of rule-based filtering and ML achieved 

significant improvements: 

• False Positive Reduction: Reduced to 10% from 

the initial 45%. 

• Precision: Increased to 96%. 

• Recall: 92%. 

• F1-Score: 94%. 
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• Time Efficiency: Developers reported a 40% 

reduction in time spent on triaging false positives. 

Discussion 

1. Benefits of the Hybrid Framework 

• Enhanced Precision: By combining deterministic 

rules with probabilistic ML predictions, the hybrid 

approach outperformed traditional methods. 

• Context Awareness: The system adapted to project-

specific contexts, reducing library- and framework-

related false positives. 

• Scalability: Feedback loops ensured continuous 

learning, making the solution scalable across 

different projects and evolving software ecosystems. 

2. Developer Feedback 

A survey of 15 developers using the framework revealed: 

• Improved Confidence: Developers trusted the 

SAST tool more, with confidence scores increasing 

from 65% to 85%. 

• Time Savings: A 40% reduction in time spent on 

false positive triaging allowed more focus on 

addressing true positives. 

• Ease of Use: Feedback integration was 

straightforward, requiring minimal additional effort. 

3. Challenges and Limitations 

• Initial Overhead: Training the ML model and 

customizing rules required significant upfront effort. 

• Dependency on Training Data: The quality and 

representativeness of the training data directly 

influenced ML performance. 

• Computational Resources: ML integration 

introduced additional computational overhead, 

necessitating optimized resource allocation. 

Conclusion 

The prevalence of false positives in SAST tools has long been 

a barrier to their widespread adoption in software 

development workflows. This study addressed this challenge 

by proposing and implementing a hybrid approach that 

combines rule-based filtering, machine learning 

classification, and iterative feedback loops. 

Key Outcomes 

• False positives were reduced from 45% to 10%, 

significantly improving tool accuracy. 

• Developer confidence and time efficiency were 

greatly enhanced. 

• The hybrid approach demonstrated scalability and 

adaptability, making it suitable for diverse projects 

and contexts. 

Future Directions 

1. Unsupervised Learning: Exploring unsupervised 

techniques to reduce reliance on labeled datasets. 

2. Automated Feedback Integration: Developing 

tools to seamlessly integrate developer feedback. 

3. Real-Time Performance Optimization: Improving 

computational efficiency to support real-time 

vulnerability detection. 

By addressing these areas, the proposed framework can 

continue to evolve, offering a more robust and reliable 

solution for static application security testing in increasingly 

complex software environments. 
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