43rd International CIB W78 Conference 
IT in Construction
New Delhi, India

Identification of Critical Factors for Time Overruns and Cost Overruns using ANN for Road Transport and Highway Sector Projects

Upasana Surya Kiran1,*, Pranav Anand Vikram Chandra2, Nivea Thomas 3 , Vinod Kumar4 , Kumar Neeraj Jha5 

1 National Institute of Technical Teachers Training and Research Chandigarh, Chandigarh, India
2 Bank of India, Mumbai, India
3 National Institute of Technology Warangal, Warangal, India
4 National Institute of Technical Teachers Training and Research Chandigarh, Chandigarh, India
5 Indian Institute of Technology Delhi, New Delhi, India
*Corresponding email: upasana1.surya@gmail.com 

ABSTRACT
Highway infrastructure projects play a crucial role in the growth and economic development of any country. They are often associated with time and cost overruns which impacts project efficiency, loss of public money and acts as hinderance to economic growth. The traditional econometric methods, which have formed the basis for baseline relationships, are less suitable for the compounding, non-linear and handling multiple risk factors associated with projects. It is important to understand the root causes of these overruns, to develop project management and implementation approaches well as a focus on decision-making process. This study developed an Artificial Neural Network (ANN) model using a Multi-layer Perceptron (MLP) architecture that predicted percentage time overrun and percentage cost overrun. A database consisting of 558 highway projects obtained from MoSPI reports were analysed. 
The independent continuous variables were original project cost, time lapse and squared time lapse. Four categorical predictors were factors signifying project presence in more than one state, North-Eastern and Ladakh region and financial status of the project’s execution states. The variable importance analysis revealed that most significant variable was initial time lapse, followed by original project cost (47.4%) and squared value of initial time lapse (46.4%). It is Interpreted that project size and the nonlinear effect of project duration had a strong impact on the project's performance. ANN model captured the complex and nonlinear relationship among the highway construction projects well. The results emphasized the need for realistic project scheduling and effective planning in project initiation phase along with a focus on larger contract value projects due to higher risks association. The model and results can be used by government agencies, highway authorities, consultants and contractors for their assistance in project planning, risk assessment and the decision-making. 
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1. INTRODUCTION 
The construction industry is one of the fastest and largest growing sectors of the Indian economy. Its role in infrastructure development, which includes roads, railways, civil aviation, shipping, ports etc. is quite crucial for the development of our country. It generates significant employment and contributes substantially to the gross domestic product (GDP) accounting for around 8-9% in recent years. 
Construction cost overrun is the main issue under consideration in both academic and industry areas. Cost overrun has been defined as the difference between the actual cost and the forecasted cost of the project (Merrow et al., 1981). In practical terms, any expenditure exceeding the approved budget is categorized as a cost overrun. Despite a large number of studies and efforts that have been put forward to analyze and understand the causes of cost overruns, still cost overruns continue to occur across construction projects throughout the world. Though cost overruns are quantified using mathematical numbers, their root causes lie in social, economic and organisational factors. Therefore, research carried out in this area often follows a qualitative pattern to address these complex and interrelated dimensions (Dominic et al., 2016). 
                 Project performance is commonly evaluated by using three fundamental aspects - schedule, scope, and budget - also known as the “iron triangle.” Construction projects often underperform with respect to allocated budget and scheduled completion time (Narayanan et al. 2019). This repetitive underperformance indicates the importance of systematically evaluating the risks of time and cost overruns across all phases of the project life cycle and not only against initial project estimates (Tabish and Jha 2012). 
Additionally, a comprehensive review of the available literature revealed a notable scarcity of empirical studies that rigorously investigate this issue. Empirical research plays a crucial role in minimizing subjectivity and enhancing the reliability and credibility of research findings. By relying on data-driven analysis, such studies support informed decision-making and enable the validation of research hypotheses based on objective evidence rather than assumptions or perceptions. The limited availability of empirical investigations has therefore constrained the development of robust and generalizable conclusions regarding the causes of delays and cost overruns in infrastructure projects.
Delays in project completion have far-reaching consequences beyond individual projects. They hinder national development efforts by slowing the delivery of essential infrastructure and constraining overall economic growth at large. Furthermore, persistent delays erase public confidence in infrastructure delivery systems and adversely affect the credibility and goodwill of construction organizations as well as implementing agencies. 
Even after the availability of extensive past historical data on cost spanning over several decades, the accuracy of cost estimates has not shown much improvement over time (Flyvbjerg et al., 2002). Cost estimation still faces precision and reliability issues in this advanced technological era, even after availability of various cost planning techniques, and the same is highlighted as a critical risk factor (Odeck, 2004).
Artificial Intelligence (AI) is considered one of the most significant technological developments of the modern era. Its growing capabilities have the potential to transform the way people live, think and work. Thus, it became an important area of interest across various industries including construction. For construction management professionals, it is essential to understand both the opportunities and challenges associated with AI so that they can effectively adapt to future changes.
According to Zohourian et al. (2025), AI offers some benefits to the construction industry, which includes improved decision-making, increase in efficiency, better project planning, and enhancement in productivity. AI has already contributed to the growth and development of many industries over the past few decades. However, its adoption in the construction sector has been relatively slow due to its limiting factors such as high implementation costs, limited technical expertise, and resistance to change by professionals. Despite these stated challenges, the use of AI in construction is gradually increasing, and it is playing an important role in improving project performance and supporting more effective management practices. 

2. LITERATURE REVIEW
Machine Learning (ML) is a branch of AI which enabled computers to learn from the data and historical past examples instead of relying only on the predefined set of rules initially created by programmers (Raschka et al., 2020). ML allows the system to identify patterns and make decisions based on the received information. It does not require stepwise instructions input to follow. This approach reduces the need for extensive manual programming and helps computers handle complex problems more effectively. Various ML techniques are available for developing predictive and analytical models, and the choice of technique depends on the nature of the problem and the available data (Baduge et al., 2022).

2.1 Artificial neural networks in Literatures
Artificial Neural Networks (ANNs) are computing systems that are inspired and enlightened by the way our human brain processes information (Anderson, 1995; Arbib, 1995). They are designed to identify patterns and relationships within data which are useful for solving complex problems. ANNs learn from examples, past data and improve its performance based on the information received. Because ANNs can handle complex and non-linear relationships, they are widely used for tasks such as estimation, prediction, planning, classification, and optimization (Mehrotra et al., 1997; Adeli and Park, 1998; Haykin, 1999).
In construction project management, one of the most common applications of ANNs is for prediction. Researchers have used these models in various areas ranging from, prediction of tender bids (McKim, 1993; Li and Love, 1999) to estimating construction costs (Hegazy and Ayed, 1998; Emsley et al., 2002) to analyzing budget performance (Chua et al., 1997) to forecast project cash flow (Boussabaine and Kaka, 1998) to predict construction demand (Goh, 1996) to assessing of labour productivity (Portas and AbouRizk, 1997; Savin et al., 1998) to analyzing earthmoving operations (Shi, 1999) to evaluating the adoption of new technologies (Chao and Skibniewski, 1995) to studying organizational effectiveness (Sinha and McKim, 2000) and many more.
ANN-based cost estimation models using data from nearly 300 building projects were developed by Emsley et al. (2002). Their study showed that neural networks can effectively explain the complex and non-linear relationships in construction cost data. Similarly, Gunaydin and Dogan (2004) designed an ANN model to estimate the cost of reinforced concrete structures during the early design phase of a project. El-Sawy et al. (2011) developed an ANN-based model for estimating site overhead costs in Egypt. This model was developed using data samples from 52 completed real life cases of building projects and provided reliable cost estimates. 
Modular networks do not require full connections between all layers as that of traditional neural networks. This results in fewer requirement of connection weights, which further reduces computational effort and hence shortens the training time. These networks also tend to require less training data to perform well. Golpayegani and Emamizadeh (2007) developed a modular neural network model for planning activities within a specific project domain. In their study, project characteristics represented by a limited number of attributes were used as input variables for the model. The results showed that modular neural networks can be helpful in supporting project planning and decision-making processes.
Multi-layer Perceptron (MLP) is a network architecture of ANN. It is a type of modular neural network. In this approach, several smaller neural networks process different parts of the input data independently, and their outputs are combined to produce the final output layers. The structure allows each module to focus on a specific task, which overall improves the final performance of the network.
Nowadays, researchers are analysing the data using IBM SPSS Neural Networks to find complex and nonlinear relationships within the data using MLP architecture. 
3. METHODOLOGY
3.1 ANN model of road transport and highway projects
The road transport and highway sector, representing a concentrated subset of 558 projects within the broader dataset collected from Ministry of Statistics and Programme Implementation (MoSPI). It provides an optimum basis to deploy advanced AI models. The traditional econometric methods, which have traditionally formed the basis for baseline relationships, are less suitable for the compounding, non-linear and multiple risk factors associated with large-scale infrastructure initiatives. The analysis, which is powered by ML algorithms using IBM SPSS software tool, moves beyond just identifying historic cost and time overruns, to forecasting them. This developed model utilizes, ANN – MLP Architecture to uncover the underlying causes of project failures and to create predictive and actionable risk frameworks specifically for highway infrastructure.  

Table 1: Variables and Definitions
	S. No.
	Variable Name
	Brief Definition
	Remarks

	1
	ORIGINAL_COST
	Cost approved at sanction (in Crores)
	Raw Variable from MoSPI Report

	2
	TIME_OVERRUN 
(Months)
	Delay in completion compared to original plan
=DATEDIF(ORIGINAL_DOC, ANTICIPATED_DOC, "M")
	Time Based Derived Variable

	3
	PCTIMEOVERRUN 
(%)
	% delay relative to planned duration
=(TIMEOVERRUN / IMPLPHASE) * 100
	Time Based Derived Variable

	4
	COSTOVERRUN 
(Cr)
	Increase in cost compared to original
=ANTICIPATED/FINAL COST − ORIGINAL COST
	Cost Based Derrived Variable

	5
	PCCOSTOVERRUN 
(%)
	% increase in cost
=(COSTOVERRUN / ORIGINAL COST) * 100
	Cost Based Derrived Variable

	6
	TIMELAPSE 
(Months)
	Time from baseline reference date to project approval date (used in original “Indian Project Overrun” research)
=DATEDIF("01-04-2009", DATE_OF_APPROVAL, "M")
	Trend & Complexity Variables

	7
	TIMELAPSE_SQ
	Non-linear trend term (quadratic)
=TIMELAPSE * TIMELAPSE
	Trend & Complexity Variables

	8
	F_NE
	North-East + J&K + Ladakh
1 if STATE ∈ {NE states, J&K, Ladakh}
	Sector & Regional Dummy Variables
For AI Method

	9
	F_STATES
	Multi-state project
1 if more than one state involved
	Sector & Regional Dummy Variables For AI Method

	10
	FERICH
	Rich & industrialised states (e.g., MH, GJ, TN, KA and UP) - On the Basis of Latest Gross State Domestic Product for FY 2024-25
1 = project located in rich state
	Regional Dummy Variable For AI Method

	11
	FRICH
	Relatively Rich States (MH, GJ, TN, KA, UP, MP, RJ, AP, TS, WB ) - On the Basis of Latest Gross State Domestic Product for FY 2024-25
1 = project located in rich state
	Regional Dummy Variable For AI Method




3.1.1 Case Processing Summary
                    The first output obtained by following the ANN procedure in SPSS is the Case Processing Summary and is presented in Table 2. Table 2 is relatively simple but has an important function to validate the quality and reliability of the ANN model. Traditional statistical methods usually use all the data for the estimation of the parameters, whereas ANN uses an ML approach that carefully divides the data into various subsets prior to the learning process. This separation allows the network to be assessed as to its ability to learn the given pattern as well as its ability to apply the learned pattern to observations which it has not seen before.
Table 2: Case Processing Summary
	Sample
	N
	Percentage (%)

	Training
	373
	66.8

	Testing
	185
	33.2

	Valid
	558
	100.0

	Excluded
	0
	0.0

	Total
	558
	100.0



                  The first observation from Table 2 output, is that the ANN procedure was able to identify all 558 highway projects as valid observations for analysis. The number of 'excluded cases' is zero, which implies that all the projects had complete data for all the predictor variables and both the dependent variables. This is significant as ANNs are very sensitive to missing observations. If a value is missing from a node, then the mathematical propagation of information cannot be continued through the network, and neuron activations or connection weights cannot be computed accurately either. Since no observations were excluded, the network was able to learn from the complete diversity of highway projects represented within the dataset. The absence of excluded observations also demonstrates the effectiveness of the data preparation stage conducted prior to ANN modelling. Data cleaning, coding of categorical variables, transformation of continuous variables, and verification of data completeness ensured that the learning algorithm received a fully consistent dataset. Consequently, the generated neural network represents the complete spectrum of project conditions without any loss of statistical information.
                    Unlike Multiple Linear Regression, where all observations contribute simultaneously to coefficient estimation, the MLP first divides the dataset into independent subsets before any learning begins. In the present study, SPSS automatically partitioned the dataset into two parts i.e., Training Sample of 373 projects (66.8%) and Testing Sample of 185 projects (33.2%). Most commonly used practices in predictive modelling are that approximately two-thirds of the observations are used for training and one-third for testing purpose.
                     This partitioning is not arbitrary. Instead, it represents one of the most important concepts in ML because the objective of an ANN is not merely to reproduce historical data but to develop predictive intelligence capable of analysing future projects.
During training dataset, the algorithm continuously compares predicted project overruns with actual observed overruns, measures the prediction error, and adjusts its internal connection weights accordingly. The network learns the hidden mathematical relationships between various project characteristics and the final project performance through thousands of iterations of calculations.
                     On the other hand, the testing dataset, functions as the final examination and cross-verification. 185 number of projects remained completely hidden during the learning stage. After training has been completed, the developed ANN model attempts to predict the outcomes of these projects using the knowledge and learning acquired from the training of samples. Since the testing observations have never been used for weight optimization, prediction accuracy on this subset provides a genuine assessment of the network's practical forecasting capability. 
                      Another important aspect of the Case Processing Summary is that SPSS randomly allocated the projects to the training and testing samples. This process removed systematic biasness. Random allocation assured that both subsets have sufficient representative combinations of various factors such as project sizes, construction durations, geographical locations, economic classifications, and implementation phases etc. Considering such a scenario that, if all of the large highway projects were in the training sample and all of the smaller projects were in the testing sample, the network would learn relationships that are more applicable to large highway projects and would not perform well on the smaller highway projects in the testing sample. Random sampling thus reduces selection bias and increases the representativeness of both subsets. The division of training and testing sets has a much more fundamental goal of avoiding overfitting. Overfitting is when the neural network learns the characteristics of each project instead of identifying the engineering relationships that govern the performance of each project. Therefore, the prediction results from the ANN is now representative of its real capability, and can be applied to future projects of highway infrastructure. 

3.1.2 Network Formation and Architecture
                     The second stage of the ANN procedure was network formation. This stage is the most important part of the MLP algorithm, when the software automatically builds an interconnected computational architecture that can learn very complex nonlinear relationships between the selected project characteristics and the desired output variables. 
                     The neural network does not start with a known predictive equation as in regression analysis, but is rather trained through the process of learning. SPSS creates a computational architecture of interconnected processing units called neurons. Each neuron performs a simple mathematical transformation. However, when combined into multiple interconnected layers, these neurons collectively develop the capacity to approximate extremely complex engineering relationships.	
                     The Input Layer is the first computational stage of the ANN and served as the interface through which project information enters. Unlike the hidden and output layers, neurons within the input layer do not perform any mathematical transformations. Their primary function is to receive, organize, and pass on project information to the hidden neurons. In this study, the original project characteristics supplied to the network consisted of both continuous numerical variables and categorical variables describing both the geographical and economical characteristics of highway projects. SPSS software automatically expanded these predictors into eleven input units, each representing one standardized source of project information. Creation of eleven input neurons reflected the internal representation adopted by SPSS after transforming categorical variables into dummy-coded binary indicators. As a result, the input neurons are independent of one another and each individual neuron is responsible for a particular characteristic acting as an information vector pertaining to the project.
                     Covariates are continuous numerical variables whose values possess meaningful magnitudes for the ANN model. Unlike categorical variables, the difference between successive numerical values has its quantitative significance. Each covariate supplied unique information to the network.
                    ORIGINAL_COST provided an indication of project scale. Larger highway projects generally involve more contractors, larger material quantities, more complex logistics, and greater exposure to procurement risks. (Chandra et al. 2025) Hence, Original Cost acted as a proxy for overall project complexity.
                    TIMELAPSE represented the duration between the baseline date and the project approval date, representing the time elapsed during the planning and implementation process leading to project approval. Longer baseline durations frequently indicate technically complex projects considering additional risks. This variable captured the scheduling dimension attributable to project complexity. Further, including TIMELAPSE_SQ as a covariate is important as it allowed the ANN to account for nonlinear effects associated with prolonged project durations. The squared variable allowed the ANN to identify situations in which risk increases exponentially after projects exceed certain duration thresholds. 
                     In addition to continuous variables, four categorical predictors or factors F_NE, F_STATES, FERICH and FRICH were used. Before entering into the hidden layer, SPSS automatically transformed every categorical predictor into a series of binary indicator variables and standardized the continuous covariates. This helped the ANN to find different patterns of cost and time overruns while treating each categorical predictor independently. Also, standardising the continuous covariates contributed to accuracy by removing the dominance of larger numerical magnitude variables.
The combined weighted input passed through the Hyperbolic Tangent (tanh) activation function after the receipt of information by hidden neuron from input layer. The activation function introduced nonlinearity into the network and compressed extremely large positive and negative values into the finite interval between −1 and +1. Without introduction of nonlinearity, the entire ANN would mathematically behave as a linear regression model, irrespective of the number of hidden layers. This prevented the destabilisation of learning process due to excessive large neuron outputs. This characteristic is critical in highway construction because project risks abruptly increase and trigger the financial and operational impacts of project. The network information is presented in Table 3.
                Now, after processing within the hidden layer, the information is then transmitted to the Output Layer. The present ANN contained two output neurons, pertaining to Percentage Time Overrun (PCTIMEOVERRUN) and Percentage Cost Overrun (PCCOSTOVERRUN). Each output neuron combined the information received from all nine hidden neurons to generate the final prediction. Unlike traditional statistical models, the ANN predicted both dependent variables simultaneously, which allowed the learning process to utilize common information shared between PCTIMEOVERRUN and PCCOSTOVERRUN. 
                 After the network architecture is set up, the learning process started with forward propagation. In the forward propagation, each highway project is fed into the input layer. Each neuron multiplied every incoming variable by their respective connection weight, then sums the weighted inputs, applied the activation function, and further passed on the resulting value to the next layer. The output at the end is the network's first forecast of PCTIMEOVERRUN and PCCOSTOVERRUN pertaining to a project. The predictions at first were initially bad since all connection weights were given random initial values. The ANN is then compared to the actual project results. Prediction error is calculated as difference between prediction and observation. Instead of allowing this error to pass through, the network back-propagates it through the hidden layer. This backpropagation determined the connections that made the greatest contribution to the prediction error. The algorithm then adjusted these connections in order to minimize prediction errors in the future. Stopping rule signified that after a complete iteration of weight updates, no further improvement in prediction accuracy was achieved. At this stage, the algorithm terminated training automatically because additional iterations would provide little benefit and could increase the risk of overfitting. 


Table 3: Network Information
	Layers
	Description
	
	Selection/Variables

	Input Layer
	Factors
	1
	F_NE

	
	
	2
	F_STATES

	
	
	3
	FERICH

	
	
	4
	FRICH

	
	Covariates
	1
	ORIGINAL_COST

	
	
	2
	TIMELAPSE(Months)

	
	
	3
	TIMELAPSE_SQ

	
	Number of Units
	
	11

	
	Rescalling Method for Covariates
	
	Standardized

	Hidden Layer(s)
	Number of Hidden Layers
	
	1

	
	Number of Units in Hidden Layer
	
	9

	
	Activation Function
	
	Hyperbolic tangent

	Output Layer
	Dependent Variables
	1
	PCTIMEOVERRUN(%)

	
	
	2
	PCCOSTOVERRUN(%)

	
	Number of Units
	
	2

	
	Rescalling Method for Scale Dependents
	
	Standardized

	
	Activation Function
	
	Identity

	
	Error Function
	
	Sum of Squares



3.1.3 Model Summary
                      Training Dataset: The training dataset consisted of 373 highway projects, representing 66.8% of the total observations. During this phase, the ANN continuously compared predicted values with actual project outcomes. Whenever discrepancies were observed, the backpropagation algorithm adjusted the synaptic weights connecting the neurons to reduce the prediction errors. This iterative optimization continued until the stopping criterion was satisfied. The resulting Average Overall Relative Error of 0.686 indicated that the network achieved a satisfactory level of predictive accuracy while learning from the available data. The model captured nonlinear information contained within the highway project dataset. Considering the inherent uncertainty associated with large-scale infrastructure projects, where outcomes are influenced by numerous technical, managerial, contractual, environmental, and economic factors (Chandra et al. 2025), achieving a relative error below unity is considered a strong indication of effective model learning (Shi, 2000). Importantly, the relatively moderate training error also suggested and supported that the network did not become excessively complex. Neural networks possessing too many hidden neurons frequently reduce training errors to extremely small values by memorizing the training data which would result in  poor predictive performance when the model is applied to new projects. Howver, the present ANN avoided this problem, demonstrating balanced learning.
                      Testing Dataset: The testing dataset consisted of 185 highway projects, representing 33.2% of the observations. These projects were knowingly excluded from the training phase and thus acted as an independent benchmark for evaluating the predictive capability of developed ANN. The Average Overall Relative Error for the testing dataset was 0.696, which in comparison to training error, differed by only 0.010. The marginal difference demonstrated that the knowledge acquired during training was successfully transferred to new projects that the network had never previously encountered. In ML, generalization refers to the model's ability to apply learned relationships to unfamiliar data rather than merely reproducing historical examples and here it performed excellently. Highway projects executed in different states, geographical locations, and varied economic environments exhibited considerable variability. Nevertheless, the ANN successfully identified underlying project characteristics that remain consistent across project conditions. 
[image: ]
Figure 1: ANN model layers as generated in SPSS.

Overfitting occurs when the ANN memorizes the training observations rather than discovering the underlying mathematical relationships while underfitting occurs when the neural network is too simple to capture the complexity of the data and both training and testing errors remain relatively large for these scenarios because the network fails to learn meaningful relationships. However, the difference corresponded to approximately 1.46% of the training error, implying almost identical predictive performance across both datasets. This close convergence strongly supports that the network has neither overfitted nor underfitted the data. Figure 1 depicted ANN model layers as generated in SPSS.

Table 4: Model Summary
	Sample
	Performance Measure
	Value

	Training
	Sum of Squares Error
	255.329

	
	Average Overall Relative Error
	0.686

	
	Relative Error – PCTIMEOVERRUN(%)
	0.58

	
	Relative Error – PCCOSTOVERRUN(%)
	0.792

	
	Stopping Rule
	One consecutive step with no decrease in error

	
	Training Time
	0:00:00.07

	Testing
	Sum of Squares Error
	148.029

	
	Average Overall Relative Error
	0.696

	
	Relative Error – PCTIMEOVERRUN(%)
	0.6

	
	Relative Error – PCCOSTOVERRUN(%)
	0.865


Since the ANN predicts two dependent variables simultaneously, SPSS also reported separate relative errors for PCTIMEOVERRUN and PCCOSTOVERRUN. The slightly higher testing error in PCTIMEOVERRUN i.e., 0.6 against 0.58 of training, is as expected because the testing projects were not used during learning. The low prediction error therefore confirmed that schedule performance in highway construction follows identifiable patterns that can be effectively modelled using ML techniques.
On the other hand, cost overrun exhibited larger prediction errors than time overrun. PCCOSTOVERRUN testing error is 0.865 against training error of 0.792. This finding carried important theoretical and practical implications. Although project duration strongly influences construction costs, final project expenditure is additionally affected by numerous external variables that were not incorporated in the present ANN model study. These include factors such as fluctuations in material prices, inflation, fuel costs, labour wage revisions, tax policies, contractual claims, arbitration, design modifications, environmental clearances, geological surprises, changes in government regulations, and political interventions. Many of these variables arise after commencement of project and thus cannot be solely analysed using baseline project characteristics.
Thus, even a sophisticated nonlinear ANN cannot fully explain cost escalation using only the available predictor variables. 
Furthermore, the lower prediction error for PCTIMEOVERRUN compared with PCCOSTOVERRUN suggested that schedule performance is more deterministic processes, whereas cost performance remained susceptible to additional external economic and contractual influences. Overall, these findings validated the suitability of the developed MLP as a reliable predictive framework for analysing the complex dynamics of highway infrastructure projects and provide confidence in the subsequent interpretation of independent variable importance and engineering implications. The same is also validated in the study conducted by El-Kholy (2021) which showed that the ANN model is more consistent than regression model.


Table 5: Independent Variable Importance
	Variable
	Importance
	Normalized Importance (%)

	TIMELAPSE
	0.243
	100.0

	ORIGINAL_COST
	0.115
	47.4

	TIMELAPSE_SQ
	0.113
	46.4

	F_STATES
	0.054
	22.2

	F_NE
	0.049
	20.2

	FRICH
	0.041
	16.9

	FERICH
	0.039
	16.0



4. RESULTS AND CONCLUSION
                       SPSS normalized the importance as presented in Table 5 by assigning the most influential predictor a value of 100%, with the remaining variables expressed as a relative to this. This is known as Independent Variable Importance. The ANN identified TIMELAPSE as the most influential predictor governing highway project performance. The dominance of TIMELAPSE also demonstrated that delays are inherently compounding phenomena rather than additive events. A small delay occurring during the early stages of construction may initially appear insignificant and irrelevant. However, as work progresses, that delay gets carry forwarded through interconnected project activities and disrupting the critical path. This causes delay of subsequent tasks, increase in equipment idle time, extending labour deployment, and ultimately shooting of project costs. 
                       The ANN identified ORIGINAL_COST (47.4%) as the second most influential predictor. It detected a hidden relationship between project cost and overall project performance that remained undetected while using conventional regression. This finding suggested that project size acts as a nonlinear risk multiplier. Larger projects often involve more stakeholders, longer supply chains, more contractual complexity, higher financial exposures, and increased coordination requirements. These characteristics may not directly increase delays or costs in a linear manner, but they substantially amplify the consequences of disruptions once projects deviate from their planned trajectories. Thus, Original Cost should not be interpreted merely as a financial parameter but as an indicator of project complexity. It is also supported by the finding of Iyer and Jha (2006) that the larger the size of the project, the more the risks will be and vice versa.
                      The high importance of 46.4% attributable to TIMELAPSE² provides compelling evidence that project duration affects highway performance in a nonlinear manner. This result supports the concept of delay compounding, in which each additional month of project duration contributes progressively to greater uncertainty than the previous month. Extended durations increase exposure to inflation, labour, profitability, contractor failures, design revisions, social & environmental uncertainties, policy changes, contractual disputes, and market fluctuations. Therefore, the developed ANN confirms that schedule risk is characterized by exponential rather than linear impacts.
                       Among the categorical variables, F_STATES (with 22.2%) emerged as the most influential regional predictor. Although its contribution is substantially lower than the engineering variables, the result indicates that state-specific characteristics exert measurable influence on project performance. If a project is spread across more than one state, it will be more difficult and risky to execute within budgeted cost and time. The reasons that can be attributable are differences in administrative procedures, land acquisition processes, contractor availability, institutional capacity, climatic conditions, and regional construction practices across the state boundaries. While state characteristics and regional classifications influence project outcomes, their impact is substantially lower than that of engineering variables, indicating that intrinsic project characteristics dominate highway project performance. Similarly, F_STATES is followed by F_NE, F_RICH and FE_RICH variables which accounts again the geographical limitations of North Eastern region along with financial working viability in rich vs poor states. 
                       Conclusively, from a perspective of policy formation, the results emphasized that investments in planning, scheduling, and early project monitoring are likely to produce greater improvements in project outcomes in comparison to interventions focused solely on regional or economic conditions across states or countries. Early schedule control should be prioritized within highway sector project management frameworks to utilize the maximum benefits. India, as a developing country, has several features in its road and infrastructure sector that are different from those of many developed countries. Similar conditions can also be seen in other developing countries. Factors such as scale of projects, institutions involved, contract types and conditions, economic conditions, construction practices, and exposure to different risks can affect both the occurrence and magnitude of cost and time overruns. Therefore, an ANN model developed using Indian highway project data can provide useful insights into the construction environment of India and other developing countries. However, its use in developed countries should be confirmed through external validation using project data from different geographical locations along with other associated parameters. 
     Additionally, the findings of study can directly be applied for any road project as a thumb rule, considering the fact that study has included various states of India, which themselves represent an independent geographic boundary with diversified features. Since India itself covers a very wide range of geographical, economic, climatic, and institutional conditions, the overall dataset represents a broad spectrum of project environments that can be compared with the diversity observed across different countries of the world. However, for precision, while applying the proposed model to road and highway projects in another country, a detailed assessment of the country-specific risks, project conditions, and construction environment should additionally be carried out to ensure more reliable and accurate predictions.
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