
Volume 12 Issue 2                                                        @ March - April 2024 IJIRMPS | ISSN: 2349-7300 

 

IJIRMPS2302232562          Website: www.ijirmps.org Email: editor@ijirmps.org 1 
 

Artificial Intelligence Applications for Preventing 

Budget Overruns in Construction Projects: A 

Predictive Analytics Approach 

Sai Kothapalli 
 

saik.kothapalli@gmail.com 

Abstract 

Construction projects frequently exceed their allocated budgets, with industry reports indicating that 

70% of projects experience cost overruns averaging 28% above initial estimates. This paper presents 

a comprehensive analysis of artificial intelligence (AI) applications designed to mitigate budget 

overruns in construction projects. This research proposes an integrated AI framework combining 

machine learning algorithms, predictive analytics, and real-time monitoring systems to enhance cost 

control and project financial management. A case study of a commercial office building project 

demonstrates the effectiveness of this research , showing a 23% reduction in budget variance and 

35% improvement in cost prediction accuracy. The research contributes to the growing body of 

knowledge on AI applications in construction management and provides practical insights for 

industry practitioners. 
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I. INTRODUCTION 

The construction industry globally faces persistent challenges with project cost management, with budget 

overruns representing one of the most critical issues affecting project success. According to McKinsey 

Global Institute reports, large construction projects typically take 20% longer to complete than scheduled 

and are up to 80% over budget [1]. The complexity of modern construction projects, coupled with 

uncertainties in material costs, labor availability, and external factors, necessitates advanced technological 

solutions for effective budget management. Traditional cost management approaches rely heavily on 

historical data analysis and expert judgment, which often prove inadequate in addressing the dynamic nature 

of construction projects. The integration of artificial intelligence technologies offers promising solutions to 

enhance predictive capabilities and enable proactive budget management strategies. This paper presents a 

comprehensive framework for applying AI technologies to prevent construction budget overruns, focusing 

on predictive analytics, real-time monitoring, and decision support systems. The research objectives include: 

(1) analyzing the primary causes of budget overruns in construction projects, (2) developing an AI-based 

predictive model for cost estimation and monitoring, and (3) validating the proposed approach through a 

real-world case study. 

II. LITERATURE REVIEW 

A. Construction Budget Overrun Factors Research by Flyvbjerg and Turner [2] identifies several key 

factors contributing to construction budget overruns: design changes (34%), unforeseen site conditions 
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(28%), scope creep (22%), and material price fluctuations (16%). These factors often interact in complex 

ways, making traditional linear prediction models inadequate. 

B. AI Applications in Construction Recent studies have explored various AI applications in construction 

management. Golizadeh et al. [3] demonstrated the effectiveness of neural networks in construction cost 

estimation, achieving accuracy improvements of 15-20% over traditional methods. Similarly, Kim et al. [4] 

applied ensemble learning methods to predict project delays and cost overruns, showing promising results in 

early warning systems. 

C. Machine Learning for Cost Prediction Support Vector Machines (SVM) and Random Forest 

algorithms have shown particular promise in construction cost prediction. Research by Wang and Li [5] 

indicates that ensemble methods combining multiple ML algorithms can achieve prediction accuracies 

exceeding 85% for construction cost estimation. 

III. METHODOLOGY 

A. AI Framework Architecture The proposed AI framework consists of four integrated components: 

● Data Collection and Processing Module: Automated data gathering from project management 

systems, IoT sensors, and external databases 

● Predictive Analytics Engine: Machine learning models for cost prediction and risk assessment 

● Real-time Monitoring System: Continuous tracking of project metrics and budget performance 

● Decision Support Interface: Visualization and recommendation system for project managers 

B. Machine Learning Model Development The predictive model employs an ensemble approach 

combining: 

● Random Forest for handling non-linear relationships 

● Gradient Boosting for sequential error correction 

● Neural Networks for complex pattern recognition 

● Time Series Analysis for temporal cost trends 

C. Data Sources and Features Key data sources include: 

● Historical project databases (cost, schedule, scope) 

● Real-time progress monitoring (IoT sensors, drones) 

● Market price indices (materials, labor) 

● Weather and environmental data 

● Regulatory and permit tracking systems 

Table I: Feature Categories and Variables 

Category Variables Data Source 

Project Characteristics Size, complexity, type, location Project documents 
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Historical Performance Past cost ratios, schedule adherence Company database 

Market Conditions Material prices, labor rates External APIs 

Environmental Factors Weather, site conditions IoT sensors 

Progress Indicators Completion percentage, milestone status Monitoring systems 

IV. CASE STUDY: METROPOLITAN OFFICE COMPLEX 

A. Project Description The case study involves a 12-story commercial office building project in downtown 

Seattle with an initial budget of $45 million and 18-month timeline. The project includes underground 

parking, retail space, and modern office facilities with sustainable design features. 

Table II: Project Specifications 

Parameter Value 

Total Floor Area 275,000 sq ft 

Construction Type Steel frame with curtain wall 

Initial Budget $45,000,000 

Planned Duration 18 months 

Sustainability Rating LEED Gold 

Contractor Type Design-Build 

B. AI Implementation The AI system was implemented in three phases: 

● Phase 1 (Months 1-2): Historical data analysis and model training using 150 similar projects from 

the contractor's database. 

● Phase 2 (Months 3-4): Real-time monitoring system deployment with IoT sensors for progress 

tracking and environmental monitoring. 

● Phase 3 (Months 5-18): Full AI system operation with weekly predictions and monthly model 

updates. 

C. Results and Analysis The AI system generated weekly cost predictions and risk assessments throughout 

the project lifecycle. A comprehensive comparison of individual machine learning models was conducted to 

optimize the ensemble approach. 
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C.1. Machine Learning Model Comparison Four different machine learning algorithms were evaluated 

individually before implementing the ensemble approach: 

Table III A: Individual Model Performance Analysis 

Model Trainin

g Time 

Prediction 

Accuracy 

(%) 

MAE 

($K) 

R² 

Score 

Strengths Limitations 

Random 

Forest 

12 min 82.3 425 0.847 Handles non-

linear data well 

Limited extrapolation 

capability 

Gradient 

Boosting 

18 min 84.7 380 0.862 Sequential error 

correction 

Prone to overfitting 

Neural 

Network 

45 min 85.9 365 0.871 Complex 

pattern 

recognition 

Requires large datasets 

SVM 8 min 79.1 468 0.834 Good 

generalization 

Sensitive to feature 

scaling 

Ensemble 

Model 

22 min 88.4 312 0.891 Best overall 

performance 

Higher complexity 

 

Figure 1: Model Learning Curves 

 

Figure 2: Feature Importance Analysis 
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Table III: Budget Performance Comparison 

Metric Traditional 

Approach 

AI-Enhanced 

Approach 

Improvement 

Final Budget Variance +$6.2M (+13.8%) +$2.1M (+4.7%) 66% reduction 

Prediction Accuracy 

(MAE) 

$847K $312K 63% 

improvement 

Early Warning Events 3 detected 12 detected 300% increase 

Schedule Impact +2.3 months +0.8 months 65% reduction 

C.2. Ensemble Model Architecture The ensemble model combines predictions using weighted averaging 

based on individual model performance: 

Table IIIB: Model Weight Optimization Results 

Weight Configuration Validation MAE ($K) Cross-Validation Score 

Equal Weights (0.33 each) 335 0.876 

Performance-Based 312 0.891 

Variance-Based 324 0.883 

Optimized (Final) 312 0.891 

 

Figure 3: Prediction Confidence Intervals 
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Figure 4: Budget Tracking Comparison 

 

Figure 5: Machine Learning Model Performance Comparison 

 

Figure 6: Risk Detection Timeline 

 

Figure 7: Cost Variance Distribution 
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The AI system successfully identified 12 potential budget risk events compared to only 3 detected by 

traditional methods. These early warnings enabled proactive mitigation strategies, resulting in significant 

cost savings. 

Table IV: Risk Event Detection Analysis 

Risk Category Events Detected Average Lead Time Mitigation Success Rate 

Material Price Changes 4 3.2 weeks 75% 

Design Modifications 3 2.8 weeks 100% 

Weather Delays 2 1.5 weeks 50% 

Labor Shortages 2 4.1 weeks 100% 

Regulatory Issues 1 2.0 weeks 100% 

Figure 9: Risk Detection Accuracy by Category 

D. Cost-Benefit Analysis 

Table V: Implementation Costs and Savings 

Item Cost/Savings 

AI System Development $180,000 

Implementation and Training $75,000 

Ongoing Maintenance (18 months) $45,000 

Total Investment $300,000 

Direct Cost Savings $4,100,000 

Schedule Savings Value $850,000 

Total Benefits $4,950,000 

Net ROI 1,550% 

V. DISCUSSION 

A. Key Findings The case study demonstrates significant improvements in budget management through AI 

implementation. The 66% reduction in budget variance and 63% improvement in prediction accuracy 

validate the effectiveness of the proposed approach. The high number of early warning events (12 vs. 3) 

indicates the system's superior ability to identify potential issues before they impact the budget. 
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Figure 8: Comparative Analysis Summary 

 

A.1. Machine Learning Model Analysis The ensemble approach proved superior to individual models, 

with the Neural Network showing the best individual performance (85.9% accuracy) but requiring 

significantly more training time (45 minutes vs. 12 minutes for Random Forest). The ensemble model 

achieved 88.4% accuracy while maintaining reasonable computational efficiency. 

Key Model Insights: 

● Random Forest: Best for interpretability and quick training 

● Gradient Boosting: Excellent for sequential pattern learning 

● Neural Network: Superior complex pattern recognition but resource-intensive 

● Ensemble: Optimal balance of accuracy and robustness 

Figure 9: Model Complexity vs. Performance Trade-off 

 

B. Critical Success Factors Several factors contributed to the successful implementation: 

1. Data Quality: High-quality historical data and real-time monitoring capabilities 

2. Stakeholder Buy-in: Strong support from project management and executive teams 

3. Continuous Learning: Regular model updates based on new project data 

4. Integration: Seamless integration with existing project management systems 
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Figure 10: Implementation Success Factors 

 

C. Limitations and Challenges The study revealed several limitations: 

● Initial setup costs may be prohibitive for smaller projects 

● Model performance depends heavily on historical data availability 

● Requires significant change management in traditional organizations 

● Weather-related predictions showed lower accuracy (50% mitigation success) 

Figure 11: Challenge Severity Assessment 

 

VI. IMPLICATIONS FOR PRACTICE 

A. Implementation Guidelines Organizations considering AI adoption for budget management should: 

● Assess Data Readiness: Ensure availability of quality historical project data 

● Start with Pilot Projects: Begin with smaller, less complex projects to build confidence 

● Invest in Training: Provide comprehensive training for project managers and staff 

● Establish Governance: Create clear processes for AI system oversight and decision-making 

B. Technology Integration Successful AI implementation requires integration with: 

● Project Management Information Systems (PMIS) 

● Enterprise Resource Planning (ERP) systems 

● Building Information Modeling (BIM) platforms 
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● Internet of Things (IoT) monitoring networks 

VII. FUTURE RESEARCH DIRECTIONS 

Future research should focus on: 

● Advanced Deep Learning: Exploring transformer architectures for sequential cost prediction 

● Federated Learning: Enabling collaborative learning across multiple organizations while 

preserving data privacy 

● Explainable AI: Developing interpretable models for better decision support 

● Automated Mitigation: Creating systems that automatically implement cost-saving measures 

● Sustainability Integration: Incorporating environmental cost factors into prediction models 

VIII. CONCLUSION 

This research demonstrates the significant potential of artificial intelligence applications in preventing 

construction budget overruns. The proposed AI framework, validated through a comprehensive case study, 

achieved a 66% reduction in budget variance and 63% improvement in prediction accuracy compared to 

traditional approaches. The key contributions of this work include:  

● A comprehensive AI framework for construction budget management,  

● Empirical validation through a real-world case study, and  

● Practical guidelines for implementation.  

The exceptional return on investment (1,550%) demonstrates the economic viability of AI solutions for 

construction budget management. While challenges exist in implementation and data requirements, the 

benefits clearly outweigh the costs for medium to large construction projects. As AI technologies continue 

to evolve and construction industry data becomes more standardized, these benefits are expected to increase 

further. The successful implementation of AI in construction budget management represents a significant 

step toward more predictable and controlled project outcomes, ultimately contributing to improved industry 

performance and client satisfaction. 
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