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Abstract: As organizations increasingly depend on data-driven decision-making, the complexity of Business 

Intelligence (BI) systems and their data pipelines has grown exponentially. This complexity introduces significant 

challenges in maintaining data quality, ensuring traceability, and guaranteeing system reliability. Unmanaged data 

dependencies in upstream BI components can lead to data inconsistencies, system failures, and compromised analytics. 

This paper presents a comprehensive framework for monitoring and managing data dependencies in upstream BI 

systems, with a primary focus on the Dependency Discovery Engine utilizing Static Code Analysis. The framework 

provides a systematic approach to identifying, tracking, and managing data dependencies across the entire BI 

ecosystem using advanced static code analysis techniques. Detailed methodologies, algorithms, and implementation 

considerations for static code analysis are discussed. This framework offers a robust solution for organizations seeking 

to enhance data quality, system reliability, and operational efficiency in their BI systems. Future research will expand on 

dynamic runtime analysis and machine learning- based methods to further enhance the framework. 
 

Keywords: Data Dependency Monitoring, Business Intelligence Systems, Static Code Analysis, Data Lineage, Data 

Governance, Data Quality, Dependency Discovery. 
 

I. INTRODUCTION 

A. Background: 

Business Intelligence (BI) systems have become indispensable tools for organizations aiming to leverage data for 

strategic decision-making. These systems process vast amounts of data from diverse sources, transforming raw data into 

actionable insights. The evolution of BI systems has led to increasingly complex data pipelines involving numerous data 

sources, extraction processes, transformation procedures, and loading mechanisms. This complexity poses significant 

challenges in managing data dependencies, ensuring data quality, and maintaining system reliability. 
 

Data dependencies refer to the relationships and interconnections between various data elements and processeswithin 

a BI system. In upstream BI components, which include data sources, extraction processes, and transformation pipelines, 

unmanaged data dependencies can lead to cascading failures, data inconsistencies, and compromised analytics. Effective 

management of these dependencies is critical for maintaining the integrity of data and the reliability of BI systems. 
 

B. Problem Statement: 

Traditional approaches to managing data dependencies often rely on manual documentation, ad-hoc scripts, or limited 

tools that do not scale well with the increasing complexity of modern BI ecosystems. These methods are inadequate for 

addressing the challenges posed by dynamic data environments, where changes in one component can have unforeseen and far-

reaching consequences on downstream systems. The lack of comprehensive visibility into data dependencies hinders the 

ability to perform effective impact analysis, monitor data quality, and ensure system reliability. 
 

C. Unmanaged data dependencies can result in: 

a) Data Quality Issues:  

 Inaccurate, incomplete, or inconsistent data leading to erroneous insights. 
 

b) System Downtime:  

 Failures in upstream components affecting the availability of downstream applications. 
 

c) Inefficient Change Management:  

 Difficulty in assessing the impact of changes, leading to prolonged development cycles and increased risk. 
 

d)  Compliance Risks:  

 Inability to trace data lineage, affecting compliance with regulations like GDPR and HIPAA. 
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Addressing these challenges requires a systematic and scalable approach to monitoring and managing data dependencies in 

upstream BI systems.  
 

Research Objectives The primary objective of this research is to develop a comprehensive framework that enables 

organizations to effectively monitor and manage data dependencies in upstream BI systems. Specifically, this paper focuses 

on: 

e) Automated Dependency Discovery Using Static Code Analysis:  

 Introduce techniques for automated discovery of data dependencies through static examination of source code 

without executing it. 
 

f) Dependency Mapping and Visualization:  

 Develop methods for representing and visualizing data dependencies to facilitate understanding and analysis. 
 

g) Implementation Strategies for Static Code Analysis:  

 Present detailed methodologies and algorithms for static code analysis, along with considerations for scalability, 

security, and integration. 
 

h) Metadata Management and Governance Integration:  

 Integrate metadata management practices to support data lineage, governance policies, and compliance requirements. 

While the proposed framework includes additional components such as dynamic runtime analysis and machine learning-

based dependency discovery, these areas will be explored in future research. 
 

D. PROPOSED FRAMEWORKL: 

 The proposed framework offers a holistic solution for monitoring and managing data dependencies in upstream BI 

systems. It comprises five main components: 

 Dependency Discovery Engine 

 Dependency Mapping and Visualization Module 

 Real-Time Monitoring and Alerting System 

 Impact Analysis Engine 

 Metadata Management and Governance Layer 
 

 Each component addresses specific aspects of dependency management, collectively providing a systematic approach 

to maintaining data quality and system reliability. 
 

 

Figure 1: High-Level Architecture of the Data Dependency Monitoring Framework 
 

 Figure 1 depicts the high-level architecture of the Data Dependency Monitoring Framework, consisting of five 

interconnected components: 
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Dependency Discovery Engine:  

This component is responsible for identifying data dependencies within the BI system. It utilizes three primary methods: 

a) Static Code Analysis: 

 Examines source code to extract dependencies without executing the code. 
 

b) Dynamic Runtime Analysis:  

 Monitors the execution of processes to capture actual data flows. 
 

c) Machine Learning-Based Dependency Discovery:  

 Employs algorithms to detect hidden or implicit dependencies from historical data. 
 

d) Dependency Mapping and Visualization Module:  

It receives input from the Dependency Discovery Engine to construct a comprehensive dependency graph. This 

module provides visual representations of data dependencies, facilitating exploration and analysis through interactive 

interfaces. 
 

e) Real-Time Monitoring and Alerting System:  

 This system continuously tracks data flows, system performance, and detects anomalies. It interacts with the dependency 

graph to understand the context of anomalies and prioritize alerts accordingly. 
 

f) Impact Analysis Engine:  

 Utilizing information from the dependency graph and real-time monitoring, this engine assesses the potential impact 

of changes or detected anomalies. It supports what-if scenarios and provides automated recommendations for change 

management. 
 

g) Metadata Management and Governance Layer:  

 Serving as the foundation, this layer ensures comprehensive metadata management and supports data governance 

initiatives. It integrates with all other components to maintain data lineage, enforce governance policies, and ensure 

compliance with regulatory requirements. 
 

E. Interactions between Components: 

 The Dependency Discovery Engine feeds dependency data into the Dependency Mapping and Visualization Module, 

updating the dependency graph. The Dependency Mapping and Visualization Module provides structural context to the 

Impact Analysis Engine for assessing change impacts. 
 

The Real-Time Monitoring and Alerting System use insights from both the dependency graph and impact analysis to 

detect anomalies and issue alerts. The Impact Analysis Engine communicates findings back to the Real-Time Monitoring and 

Alerting System to adjust monitoring strategies. The Metadata Management and Governance Layer interacts with all 

components to ensure data consistency, compliance, and adherence to governance policies. 
 

F. Focus of the Paper: 

 While the proposed framework encompasses several components crucial for comprehensive data dependency 

management, this paper focuses primarily on the Dependency Discovery Engine, specifically the Static Code Analysis method. 

The emphasis is on demonstrating how static code analysis can be effectively utilized to identify data dependencies within 

upstream BI systems. Detailed methodologies, algorithms, and implementation strategies for static code analysis are 

presented to provide a deep understanding of its role and benefits. 
 

G. Future Work: 

Future research will expand on the other aspects of the framework, including: 

a) Dynamic Runtime Analysis:  

 Developing methods to monitor actual data flows during execution to capture runtime dependencies. 
 

b) Machine Learning-Based Dependency Discovery:  

 Employing advanced algorithms to detect hidden or implicit dependencies from historical data patterns. 
 

c) Integration Strategies:  

 Exploring how these methods can be integrated within the framework to enhance accuracy and efficiency. 
 

d) Enhancement of Other Components:  

 Further detailing the Dependency Mapping and Visualization Module, Real-Time Monitoring and Alerting System, 

Impact Analysis Engine, and Metadata Management and Governance Layer. 
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By focusing on these areas in future work, the framework can be further refined to address the complexities of modern 

BI systems comprehensively. 

II. DEPENDENCY DISCOVERY ENGINE -STATIC CODE ANALYSIS: 

 The Dependency Discovery Engine is responsible for identifying data dependencies using static code analysis, dynamic 

runtime analysis, and machine learning-based methods. 
 

 Static code analysis is a critical component of the Dependency Discovery Engine, focusing on examining source code to 

extract data dependency information without executing the code. This approach provides a systematic method for identifying 

dependencies inherent in the codebase, such as data source references, data transformations, and data outputs. The process 

involves parsing code artifacts, building abstract representations, and analyzing these representations to uncover 

dependencies. 
 

A. The static code analysis process comprises several key steps: 

a) Code Parsing:  

Source code files, including ETL scripts, SQL queries, stored procedures, and data transformation scripts, are parsed to 

construct syntactic representations. 
 

b) Abstract Syntax Tree (AST) Generation:  

An AST is generated for each code artifact, providing ahierarchical, tree-like structure representing the 

syntactic constructs of the code. 
 

c) Semantic Analysis:  

The AST is traversed to perform semantic analysis, where the meanings of syntactic elements are interpreted in 

context. This step identifies variable usages, function calls, data source references, and data manipulations. 
 

d) Dependency Extraction:  

Data dependencies are extracted based on the semantic relationships identified. Dependencies include data flows 

between sources and targets, transformations applied, and conditional logic affecting data paths. 
 

e) Dependency Graph Construction:  

The extracted dependencies are used to build a dependency graph, where nodes represent data elements or processes, 

and edges represent dependencies. 
 

B. Code Parsing and AST Generation: 

 The parsing process begins with lexical analysis, where the source code is broken down into tokens—basic units such 

as keywords, identifiers, literals, and operators. A parser then processes these tokens according to a defined grammar, 

constructing an AST. 
 

a) Example of a Context-Free Grammar (CFG): 

 A simplified CFG for SQL queries is defined to capture essential constructs: 

⟨query⟩ ∷ 

= SELECT ⟨select_list⟩ FROM ⟨table_list⟩ [WHERE 

⟨𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛⟩] [𝐺𝑅𝑂𝑈𝑃 𝐵𝑌 ⟨𝑔𝑟𝑜𝑢𝑝_𝑙𝑖𝑠𝑡⟩][𝑂𝑅𝐷𝐸𝑅 𝐵𝑌⟨𝑜𝑟𝑑𝑒𝑟_𝑙𝑖𝑠𝑡⟩] 

⟨𝑠𝑒𝑙𝑒𝑐𝑡_𝑙𝑖𝑠𝑡⟩ ∷ 

= ⟨𝑐𝑜𝑙𝑢𝑚𝑛 ⟩ [𝐴𝑆 ⟨𝑎𝑙𝑖𝑎𝑠 ⟩] [, ⟨𝑠𝑒𝑙𝑒𝑐𝑡_𝑙𝑖𝑠𝑡 ⟩] 

⟨𝑡𝑎𝑏𝑙𝑒_𝑙𝑖𝑠𝑡 ⟩ ∷= ⟨𝑡𝑎𝑏𝑙𝑒 ⟩ [𝐴𝑆 ⟨𝑎𝑙𝑖𝑎𝑠 ⟩] [, ⟨𝑡𝑎𝑏𝑙𝑒_𝑙𝑖𝑠𝑡 ⟩] 

⟨𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 ⟩ ∷= ⟨𝑒𝑥𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 ⟩ [𝐴𝑁𝐷 | 𝑂𝑅 ⟨𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 ⟩] 

⟨𝑒𝑥𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛⟩ ∷= ⟨𝑐𝑜𝑙𝑢𝑚𝑛 ⟩⟨𝑜𝑝𝑒𝑟𝑎𝑡𝑜𝑟⟩⟨𝑣𝑎𝑙𝑢𝑒⟩ 

⟨𝑜𝑝𝑒𝑟𝑎𝑡𝑜𝑟⟩ ∷= = | < | > | ≤ | ≥ | 

≠  | 𝐿𝐼𝐾𝐸| 𝐼𝑁| 𝐵𝐸𝑇𝑊𝐸𝐸𝑁] 
 

 This grammar allows the parser to recognize and represent complex SQL queries, including nested subqueries, joins, 

aggregations, and conditional statements. 
 

b) AST Representation: 

 An AST represents the syntactic structure of the code in a tree format. Each node corresponds to a construct in the 

grammar, with child nodes representing subordinate constructs. 
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c) Example: 

SELECT c.customer_id, SUM(o.order_total) AS total_spent FROM customers c 

JOIN orders o ON c.customer_id = o.customer_id WHERE o.order_date >= '2023-01-01' 

GROUP BY c.customer_id ORDER BY total_spent DESC; 
 

d) The AST would represent: 

• Root Node: <query> 

• Child Nodes: 

• <select_list>: 

• <column>: c.customer_id 

• <function>: SUM(o.order_total), with alias total_spent 

• <table_list>: 

• <join>: 

• <table>: customers c 

• <table>: orders o 

• <join_condition> 

• : c.customer_id = o.customer_id 

• <condition>: o.order_date >= '2023-01-01' 

• <group_by>: c.customer_id 

• <order_by>: total_spent DESC 
 

e) Semantic Analysis: 

 Semantic analysis interprets the AST to understand the meaning of code constructs in context. This step involves: 
 

f) Symbol Table Construction:  

 Building a symbol table that maps identifiers (e.g., variables, columns, tables) to their definitions and attributes. 
 

g) Type Checking:  

 Ensuring that operations are semantically valid, such as matching data types in expressions. 
 

h) Reference Resolution:  

 Linking identifiers to their declarations, such as resolving column references to their respective tables. 
 

i) Data Flow Analysis:  

 Determining how data moves through the code, including data sources, transformations, and destinations. 
 

C. Data Dependency Identification: 

a) Dependencies are identified by analyzing: 

i) Data Source References:  

 Tables and columns specified in FROM clauses. 
 

ii) Data Transformations:  

 Functions and calculations applied to data, such as aggregations, arithmetic operations, and data type conversions. 
 

iii) Data Filtering Conditions:  

 WHERE clauses that affect which data records are selected. 
 

iv) Data Aggregation and Grouping:  

 GROUP BY and aggregate functions that transform data. 
 

v) Data Ordering and Limiting:  

 ORDER BY and LIMIT clauses that influence data output. 
 

b) Dependency Extraction and Graph Construction: 

 Once dependencies are identified, they are extracted and used to construct the dependency graph.  
 

c) Nodes in the Dependency Graph: 

i) Data Sources:  

 Tables, views, external data files. 
 

ii) Data Elements:  
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 Columns, variables, parameters. 
 

iii) Processes:  

 ETL jobs, stored procedures, functions. 
 

iv) Data Outputs:  

 Intermediate results, final outputs. Edges in the Dependency Graph: 
 

v) Read Dependencies:  

 Edges from data sources to processes that read the data. 
 

vi) Write Dependencies:  

 Edges from processes to data outputs or destinations. 
 

vii) Transform Dependencies:  

 Edges representing data transformations applied by processes. 
 

viii) Control Dependencies:  

 Edges representing control flow that affects data paths, such as conditional statements. 
 

D. Example Dependency Graph Construction: 

a) Using the earlier SQL query example, the dependency graph would include: 

 Nodes: 

 customers table 

 orders table 

 customer_id column 

 order_total column 

 order_date column 

 ETL Process: The query itself as a process node 

 total_spent output column 

 Edges: 

 From customers table to ETL Process (read dependency) 

 From orders table to ETL Process (read dependency) 

 From ETL Process to total_spent (write dependency) 

 From customer_id column to ETL Process (used in join and grouping) 

 From order_total column to ETL Process (used in aggregation) 

 From order_date column to ETL Process (used in condition) 
 

Table 1: Graph Representation Table 

Source Node Target Node Dependency Type Notes 
customers ETL Process Read Reads customer data 

Orders ETL Process Read Reads order data 

Customer ID ETL Process Read Used in join and GROUP BY 

Order Total ETL Process Read Used in SUM aggregation 
 

III. HANDLING COMPLEX CODE CONSTRUCTS 

A. Static code analysis must handle complex code constructs, including: 

a) Nested Queries:  

 Subqueries within SELECT, FROM, or WHERE clauses. 
 

b) Common Table Expressions (CTEs):  

 Using WITH clauses to define temporary result sets. 
 

c) Stored Procedures and Functions:  

 Analyzing procedural code that may include control flow statements (e.g., loops, conditionals). 
 

d) Dynamic SQL:  

 SQL statements constructed at runtime, which may require heuristic or conservative analysis. 
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B. Approach for Complex Constructs: 

a) Inline Expansion:  

 For nested queries and CTEs, expand them inline in the AST to capture dependencies. 
 

b) Interprocedural Analysis:  

 Analyze called procedures and functions to include their dependencies. 
 

c) Control Flow Graphs (CFGs):  

 Construct CFGs to model the flow of execution, especially in procedural code. 
 

d) Approximation for Dynamic SQL:  

 Use patterns and templates to approximate dependencies or supplement with dynamic analysis. 
 

IV. CHALLENGES AND MITIGATION STRATEGIES 

A. Scalability: 

 Analyzing large codebases with numerous scripts and complex logic can be computationally intensive. 
 

B. Mitigation: 

• Utilize parallel processing and distributed computing frameworks to scale analysis tasks. 

• Implement incremental analysis, updating only parts of the dependency graph affected by code changes. 

• Dynamic Code Constructs 

• Dynamic SQL and code that generates queries at runtime can obscure dependencies. 
 

C. Mitigation: 

• Employ conservative analysis by assuming maximum possible dependencies based on code patterns. Supplement with 

dynamic runtime analysis to capture actual dependencies during execution. 

• Language and Platform Diversity 

• BI systems may use multiple programming languages and platforms (e.g., Python scripts, Java applications, SQL 

dialects). 

• Mitigation: 

• Develop or adopt parsers and analyzers for each language or use language-agnostic intermediate representations. 

• Standardize metadata extraction formats to unify analysis results. 
 

V. TOOL SUPPORT AND AUTOMATION 

A. Static code analysis can be facilitated by using or integrating existing tools: 

a) ANTLR (Another Tool for Language Recognition):  

 A powerful parser generator that can create parsers for custom grammars. 
 

b) Open-Source Static Analysis Tools: 

i) SonarQube:  

 Offers code analysis for various languages and can be extended with custom plugins. 
 

ii) FindBugs/SpotBugs:  

 For Java code analysis, detecting potential bugs and vulnerabilities. 
 

c) Custom Parsers and Analyzers: 

 Develop parsers tailored to specific ETL tools or proprietary scripting languages used in the organization. 
 

d) Integration with IDEs: 

 Plugins for Integrated Development Environments (IDEs) can provide real-time analysis during code development. 
 

B. Validation and Verification: 

a) Ensuring the accuracy of the extracted dependencies is crucial: 

i) Manual Verification:  

 Sampling and reviewing parts of the dependency graph with domain experts. 
 

ii) Test Suites:  

 Creating test cases with known dependencies to validate the analysis process. 
 

iii) Consistency Checks:  

 Comparing static analysis results with dynamic analysis outcomes to identify discrepancies. 



Naveen Edapurath Vijayan / ESP JETA 4(4), 68-75, 2024 

75 

b) Benefits of Static Code Analysis: 

i) Early Detection of Issues:  

 Identifies potential dependency problems during development rather than at runtime. 
 

ii) Comprehensive Coverage:  

 Analyzes all code paths, including rarely executed branches. 
 

iii) Security Enhancements:  

 Detects potential vulnerabilities related to data handling, such as SQL injection risks. 
 

iv) Regulatory Compliance:  

 Assists in maintaining compliance by documenting data flows and transformations. 
 

VI. CONCLUSION 

 In this paper, a comprehensive framework for monitoring and managing data dependencies in upstream Business 

Intelligence (BI) systems has been presented, with a primary focus on the Dependency Discovery Engine utilizing Static Code 

Analysis. By addressing the challenges associated with complex data pipelines, the framework enhances data quality, system 

reliability, and operational efficiency. 
 

 Through detailed methodologies such as static code analysis—which includes code parsing, abstract syntax tree 

generation, semantic analysis, and dependency extraction—the paper demonstrates how organizations can automate the 

identification and management of data dependencies. The integration of metadata management and governance practices 

ensures compliance with regulatory requirements and supports data lineage and traceability. 
 

A. Implementing this framework allows organizations to: 

a) Proactively Detect and Address Data Quality Issues:  

 Early identification of potential problems prevents data inconsistencies and errors in analytics. 
 

b) Reduce System Downtime:  

 By understanding dependencies, organizations can prevent cascading failures and improve system availability. 
 

c) Improve Change Management Processes:  

 Impact analysis tools enable better planning and risk assessment for system changes. 
 

d) Enhance Compliance and Governance:  

 Comprehensive metadata management supports adherence to regulations and internal policies.  
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