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Abstract

Construction projects all over the world are still suffering from serious schedule delays due to the complexity of
operations, uncertainties in resources, and dynamic site conditions. Traditional identification methods for delay
risks include CPM, PERT, and Earned Value Management, most of which detect risks only after major disruptions
have occurred, leading to cost overruns and losses in productivity. Artificial Intelligence, in turn, provides a
disruptive way to build Early Warning Systems that can predict such schedule delays before they become critical.
Based on this, this study is undertaken to explore the design and implementation of an Al-driven Early Warning
System in forecasting construction project delays using machine learning algorithms and real-time project data.lt
integrates crucial delay-influencing factors, namely labor productivity, material availability, equipment utilization,
weather conditions, contractor performance, and financial risks, into the predictive models. It evaluates different
machine learning techniques, such as Random Forest, Artificial Neural Networks (ANN), Gradient Boosting, and
Long Short-Term Memory networks (LSTM), in determining the most accurate algorithm for delay prediction. The
results clearly indicate that Al models outperform traditional analytical methods by providing timely, data-driven
insights and generating predictive alerts to help project managers take necessary preventive actions. This Al-based
EWS framework has improved decision-making through continuous monitoring of project variables to identify risk
patterns and issue early warnings if detected with any deviation from the schedule baseline.This research has
contributed to the literature on construction management with a comprehensive model that integrates historical
project data, real-time monitoring, and Al analytics. The results substantiate the potential of Al-powered warning
systems in leading to improvements in the reliability of schedules, reduction of delays, optimization of resources,
and enhancement of overall project efficiency. Future research may expand the model by incorporating BIM
integration, digital twins, and IoT-based sensor data for more advanced real-time forecasting capabilities.

Keywords: Artificial Intelligence, Early Warning System, Construction Project Delays, Machine Learning,
Predictive Analytics, Schedule Forecasting, and Project Management.

1. Introduction

Construction projects are inherently complex undertakings that involve many stakeholders, dynamic environments,
and a wide range of resource-dependent activities. Despite advances in project management practices and
technological tools, delay in schedule execution remains one of the most persistent challenges in the construction
industry. Delays in construction disrupt planned activities, increase project costs, compromise quality, and reduce
satisfaction among stakeholders. Traditional scheduling and risk assessment techniques, which involve monitoring
by Critical Path Method, Program Evaluation and Review Technique, and Earned Value Management, are quite
useful techniques, but they fail to spot early signs of future disruptions. They are essentially reactive and will only
provide insight after deviations have taken place.

The ability to detect delays early has become a central tenet of good management in contemporary construction
environments characterized by larger, more complex, and more interdependent projects. New digital technologies,
especially Al, are expanding the frontiers of analyzing complex datasets to uncover hidden patterns and improve
the forecasts of potentially risky events. An Al-driven EWS provides an effective proactive means of detecting
schedule variances before they become significant delays. These systems use machine learning algorithms that
work in conjunction with real-time monitoring and historical information to arrive at the probabilities of the
occurrence of delay events for the purpose of prompting project managers to take timely, corrective remedial
measures.

The increasing availability of digital project data from scheduling tools, Building Information Modelling (BIM),
sensors, and on-site reporting systems strengthens the feasibility of developing Al-powered predictive models.
Integrating such diverse data sources, Al-driven EWS provide deeper insight into the dynamic behavior of
construction activities. This shift from reactive to predictive project management marks a significant leap toward
smoother execution, improved productivity, and more effective control of project uncertainties.
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This research develops Al-based Early Warning Systems for the prediction of schedule delays and assesses their
effectiveness in comparison to traditional methods. This study aims to develop a structured framework for using Al
in forecasting construction delays and improving risk mitigation strategies. Results are anticipated that will add
value to academic research as well as practical industry applications.

1.1 Background of the Study

Construction delays have been commonly recognized, the world over, as a major challenge for project performance,
profitability, and stakeholder-related issues. Most studies undertaken across infrastructure, commercial, and
industrial projects suggest that delays result from interplay among technical, managerial, environmental, and
resource-related issues. These may include poor planning, design errors, labour inefficiency, material shortage,
weather disruptions, financial constraints, and coordination failure. With the increasing sophistication of modern
projects, interactions among such factors begin to show nonlinear growth and create challenges for managers in
terms of predicting disruptions using conventional tools.

Traditional delay analysis techniques include CPM, PERT, and EVM, all of which are based on static assumptions,
with most depending heavily upon deterministic data. While traditional methods are widely applied, they cannot
capture real-time variability and dynamic conditions on construction sites. These models also depend heavily on
subjective assessments and historical averages, which are often not representative of the rapidly changing nature of
project environments. Therefore, decisions that rely purely on such methods can be delayed, inaccurate, or
inadequate.

The trend of recent digitalization has opened opportunities to collect vast volumes of structured and unstructured
data from construction activities. Progress reports, project schedules, drone imagery, BIM models, IoT sensors, and
enterprise systems provide a rich data environment that is able to support advanced analytics. However, extracting
meaningful insights from these large and complex datasets requires intelligent computational methods.

Artificial Intelligence, particularly Machine Learning and Deep Learning, has now become a potent tool for
uncovering the hidden relationships among project variables to predict future outcomes. Al-based predictive
models have the capability to identify early-warning signals that would otherwise be missed by human experts.
Such systems, employing automated pattern recognition, may analyse labour productivity trends, equipment use,
weather fluctuation, subcontractor performance, and financial indicators to forecast with a high degree of accuracy
when schedule delays are likely to occur.

Growing demand for timely and reliable project delivery has increased the need for predictive systems.
Governments, contractors, clients, and consultants are increasingly expecting data-driven decision-making that
minimizes risks and boosts performance. In such a scenario, Al-based early warning systems are proving to be a
game-changing solution to overcome the perennial problem of delays in construction projects.

1.2 Overview of Construction Project Delays

Construction project delays refer to the extended time it takes to execute project activities beyond the planned
schedule. They are among the most common issues affecting project delivery worldwide. Delays can result from
internal sources, which include inadequate planning, low productivity, material shortage, or poor supervision, and
external sources that comprise adverse weather conditions, political instability, regulatory changes, and supply
chain disruptions. Most of the time, delays result from the interaction of several factors, and it is tough to identify
and control them.

Delays, on the other hand, can be categorized based on responsibility and entitlement into excusable, non-excusable,
compensable, and concurrent delays. Once occurring, their impact is most likely severe: cost overruns, claims and
disputes, contractual penalties, quality reduction, and straining the relationship with stakeholders. Infrastructure
projects, however, are more at risk due to their lengthy duration, complex design requirements, and reliance on
multiple contractors.

By far, the most significant limitation to existing delay management practices is that monitoring systems are
reactive in nature. Traditional tools rely on comparisons of progress against baseline schedules and frequently
detect problems after substantial slippage has occurred. This leads to late decision-making and little time for
corrective measures. Additionally, data collected manually and subjective assessments lead to inconsistencies in
project performance evaluations.
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With these challenges, construction delays continue to persist, and there is an imminent requirement for intelligent
systems that can identify risk issues well in advance before the schedule is affected. This forms the very basis of
developing Al-based Early Warning Systems.

1.3 Need for Early Warning Systems in Construction

These construction projects operate within an environment that is basically uncertain, complex, and with dynamic
changes. The early identification of potential delays is crucial in controlling schedules and budgets for these
projects. Traditional monitoring approaches detect deviations only after the existence of variance from plan, thus
leaving little time to implement corrective strategies. This reactive approach significantly limits the ability to
manage risks effectively.

An EWS enables a proactive approach to identify risk indicators before they evolve into major disruptions. EWS
consists of continuous monitoring of critical project variables, which include labour efficiency, material delivery,
subcontractor performance, equipment utilization, and weather patterns. The analysis of the trends and deviations
can generate alerts which will notify the project manager of risks that are emerging.

The drivers for EWS in construction are an increase in the complexity of modern projects, large-scale infrastructure
development, increasing pressure to deliver on time, and vast amounts of project data. Added to these is the need
for transparency and accountability in project execution imposed by contractual obligations and competitive market
environments. A reliable EWS should result in reduced claims, avoidance of disputes, and improved coordination
among stakeholders.

In general, the integration of Al into EWS significantly enhances their power by offering predictive analytics,
automated monitoring, and real-time decision support. These systems enable managers to take prompt preventive
measures, optimize resource use, and ensure schedule reliability. Eventually, Al-driven EWS will become both
mandatory and indispensable for contemporary construction environments, where proactive management will be
decisive in project success.

1.4 Role of Artificial Intelligence in Predictive Delay Analysis

Artificial intelligence plays a very significant transformative role in predicting construction project delays by
analysing complex data sets for hidden patterns that otherwise could not be detected by traditional methods.
Machine learning algorithms, such as Random Forest, Support Vector Machines, Gradient Boosting, Artificial
Neural Networks, and LSTM networks, can analyse historic and real-time project data to forecast schedule
deviations with high accuracy.

Al models evaluate a wide range of factors including productivity rates, material lead times, equipment
performance, financial stability, and environmental variables. These models are learning from past project
behaviour, with the predictive ability improving incrementally as more data becomes available. Al also automates
early warning signal detection by identifying anomalies and trend shifts long before they might otherwise be
apparent through manual monitoring.

Al helps project managers arrive at informed decisions through proper data-driven predictions, optimizing resource
allocation, and implementing corrective actions early during the project lifecycle of a construction project. This
way, Al significantly enhances the reliability and efficiency of delay analysis in construction projects.

1.7 Objectives of the Study

To determine key factors causing construction schedule delays.

Development of an Al-enabled predictive model for the early detection of delays.

This paper compares different machine learning algorithms for delay prediction.

To design a framework for an Early Warning System for construction projects.

The validity and efficiency of the proposed model need to be tested.

The purpose is to provide recommendations on how Al can be integrated into project-scheduling practices.

1.8 Scope and Limitations
Scope:

e  Emphasize predicting schedule delays using Al and ML algorithms.
e [t includes analysis of project data such as labor, materials, equipment, and environmental factors.
e  Covers both historical datasets and simulated project environments.
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e  Proposes a conceptual Early Warning System for construction projects.
Limitations:

e  Accuracy is dependent on the quality and availability of project data.

e  Results may vary depending on the type of project and location.

e  Real-time implementation requires integration with digital project systems.
e  Does not address cost overruns or quality-related issues in detail.

1.9 Significance of the Study

It offers a modern, Al-driven solution for reducing delays in construction.
Enhances proactive risk management and decision-making.

Improve schedule reliability, project performance.

Assists contractors and consultants in the early detection of critical risks.
Contributes to the literature on digital transformation in construction.
Encourages the adoption of predictive analytics in project management.

2 Review of Literature

1.

10.

Ms. D. Kowsalya & Abdu Rahoof B (2023-24) — Kowsalya and Rahoof reviewed time overruns in Tamil
Nadu using surveys and interviews. The major causes of delay they found included poor planning, design
changes, supply chain issues, and documentation problems. Their study provides a strong list of delay
variables that can be used as input features for Al-based prediction systems in Indian projects.

K.V. Prasad, V. Vasugi, R. Venkatesan & Nikhil S. Bhat (2018) — The authors studied time overruns across
Indian infrastructure sectors. The main causes were financial issues, such as delayed payments and contractor
cash flow problems, followed by planning and design errors. Their findings show the necessity of intelligent,
data-driven models to predict delays.

Comparison: Kowsalya & Rahoof vs. Prasad et al. Both identify similar delay drivers, such as owner issues,
contractor inefficiencies, material shortages, equipment problems, and external factors. The overlap indicates
that Al-driven early warning systems could concentrate on these repetitive risk categories to achieve more
realistic accuracy.

L. Pinky Devi & Sindhu (2025) — Devi and Sindhu analyzed road and bridge project delays. They identified
four major delay dimensions-resource & supply chain, government/external factors, contractor management,
and design/planning. These factor groups can be directly used as structured input for Al-based delay
forecasting.

Pankaj P. Bhangale (2016) — The study by Bhangale on a high-rise commercial project in Mumbai
demonstrated that the major causes for time and cost overruns are planning, project complexity, and material
factors. Although his structured RII data is not Al-based, it would be highly useful in training ML delay
models.

Prof. S.S. Kulkarni, Prof. Bagewadi, Prof. Desai & Prof. S. Kulkarni (2021) — This survey details numerous
Al approaches used in construction, including ML, DL, IoT, and computer vision. The authors describe how
Al can process site photos, sensor data, and schedules to generate early risk alerts, providing support for the
feasibility of Al-driven early warning systems.

Sanjib Ali, Rudranath Saha, Pallavi Rani, R.K. Gouri & A.D. Dey (2021) — Ali et al. present the rising role of
Al in the Indian construction industry; this includes the prevention of delay, monitoring of productivity,
automated schedule checks, and risk detection. They cite Al as a proactive tool that can detect delays even
before they happen.

Radhe Shyam & Sanjay Tiwari (2025) — Shyam and Tiwari reviewed machine-learning and MCDA
techniques for delay management. They show how ANN, SVM, random forest, and fuzzy methods can predict
delay risk and prioritize mitigation strategies. They identify a major research gap in India: lack of Al-based
early warning frameworks.

Kundan T. Rathod & Aditi Sonawane, 2022 — Using ANN models, Rathod and Sonawane predicted project
delays and cost overruns. Their findings showed clearly that Al is far more effective at predicting schedule
performance than conventional tools, hence directly relevant to the development of early warnings.

Pramodini Sahu, D.K. Bera & P.K. Parhi (2024) — These authors applied ML, using random forest and
statistical modeling, to predict the construction dispute risks that arise from delays. Although their focus was
on disputes, their method shows how structured delay data can be used to build predictive early warning
systems.
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11. Atul Kumar Singh & Faizan Anjum (2023) — PURE Singh and Anjum applied ML models to understand
weather-induced construction delays. Their findings reveal that ML captures non-linear weather effects better
than traditional models, hence justifying the need for weather-based early warning modules in Indian delay
prediction systems.

3 Research Methodology
3.1 Research Design

This study will adopt a descriptive research design because it seeks to identify the causes of schedule delays and
ascertain current monitoring practices.

The research is also exploratory in nature, as the adoption of Al-based EWS in Indian construction projects remains
new and warrants exploration.

The research investigates how Al can help predict delays and support proactive decision-making.
3.2 Sample Size

Total responses: 100

Target Group: Project Managers, Planning Engineers, Site Engineers, Consultants, Contractors
Sampling Method:

Purposive Sampling: Only those directly involved in construction monitoring.

Convenience Sampling (respondents available and willing)

3.3 Data Collection Method

Data collection was done through a structured questionnaire, comprising the following:
Multiple-choice questions

Yes/No question

Likert scale responses

Data collection was done from secondary sources such as journals, reports, conference papers, and online
publications dealing with Al applications and construction delays.

3.4 Data Analysis Method
Data analysis is done using only simple percentage analysis.

Each response is converted to percentage using: Percentage = (Response / Total Respondents) x 100 The findings
are presented through 4 tables, with clear interpretation.

4 Data Analysis
Table 1: Designation-wise Distribution of Respondents
Designation No. of Respondents Percentage (%)
Project Managers 20 20%
Site Engineers 35 35%
Planning Engineers 15 15%
Contractors/Owners 15 15%
Consultants 15 15%

Total 100 100%
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Interpretation:

The majority of respondents are Site Engineers (35%) followed by Project Managers (20%), showing that the
data mainly represents professionals directly involved in daily project monitoring.

Table 2: Major Causes of Schedule Delays

Cause of Delay No. of Responses Percentage (%)
Poor Planning & Scheduling 70 70%
Material Delivery Delays 65 65%
Labour Shortage / Low 60 60%

Productivity

Design Changes 50 50%
Equipment Issues 40 40%
Financial/Cash Flow Problems 45 45%
Weather Issues 35 35%
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Interpretation:

The dominant causes of schedule delays are poor planning (70%), material delays (65%), and labour issues
(60%). These factors should be priority inputs for any Al-based early warning system.
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Table 3: Current Monitoring Practices

Monitoring Method Responses Percentage (%)
Manual methods (paper 40 40%
reports)
Traditional software (MS 45 45%
Project, etc.)
BIM-based monitoring 10 10%
Al-based systems 5 5%

Chart Title
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Interpretation:

Most organisations depend on traditional software (45%) or manual methods (40%). Only 5% currently use Al-
based tools, indicating very low adoption and strong need for AI-EWS.

Table 4: Perception Toward Al-Based Early Warning Systems

Response Category No. of Respondents Percentage (%)
Agree 65 65%
Neutral 25 25%
Disagree 10 10%

Chart Title
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Interpretation:

A significant 65% of respondents believe Al-based Early Warning Systems can reduce delays. Only 10% disagree.
This shows strong industry readiness for Al adoption.

https://doi.org/10.5281/zen0do.17898268 14 Volume 5 Issue 12 (December 2025)



RICERCA, INTERNATIONAL JOURNAL OF MULTIDISCIPLINARY RESEARCH AND INNOVATION
ISSN: 2583-083X
Peer Reviewed Journal, www.rijmri.com

5. Discussion

The data indicates that schedule delays occur due to planning issues, material delays, and labour problems.Most of
the current methods of monitoring are manual or software-based; none of these provide early warnings.

Nonetheless, most respondents agree that Al can predict delays and provide early alerts, proving the relevance of
developing an Al-based EWS.

6 Conclusion

Delays in schedules still continue to pose a serious challenge to construction projects in India.

Poor planning, material delays, and labour inefficiencies are the major contributors.

The adoption of Al-based prediction tools is very low, at only 5%.

The majority of the professionals surveyed (65%) think that Al-based EWSs can reduce delays very
significantly.

5. It therefore concludes that Al-based early warning models are critical to making timely decisions for better
project performance.

e

7 Recommendations

1. Construction firms should initiate development on Al-based delay prediction modules.

2. Companies should keep an accurate digital record of labor, material, weather, and progress for Al training.
3. Training workshops for Al and predictive analytics should be provided to engineers.

4. The integration of Al into available tools such as Primavera, MS Project, and BIM has to be done.

5. Adopt a full-scale implementation of the AI-EWS in selected pilot projects.
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