


INTEGRATION OF DIGITAL TWIN PLATFORMS WITH MACHINE LEARNING MODELS FOR EARLY DETECTION OF PROJECT DELAYS AND COST OVERRUNS
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The problem of recurring schedule delays and cost overruns has long been one of the biggest challenges in the management of construction projects. Recent technological developments in Digital Twin and Machine Learning technologies provide project managers with promising opportunities to monitor, forecast, and control projects before any potential issues become delayed and more costly. This study employs a systematic literature review and comparative analysis to evaluate the effectiveness of Machine Learning-enabled Digital Twins for early risk prediction in construction projects. Digital Twin technology and Machine Learning models in an early prediction and control of construction project schedules and costs to avoid any potential delays and overspends. A structured search process has been conducted using the VOSviewer tool to identify the 51 most highly qualified studies from a total of 813 search results through the use of the PRISMA guidelines.
The findings indicate that there is a rapidly expanding amount of work after 2019 based on developments in data availability, Building Information Modeling (BIM), Internet of Things (IoT), and predictive analytics. Among the paradigms used by the studies surveyed, there are three major types of models used collectively: White Box models, Black Box models using Artificial Neural Networks (ANN), Random Forest, Support Vector Machines (SVM), Long Short-Term Memory (LSTM), and Gray Box models using Digital Twins. White Box models have excellent explainability capabilities. However, black box models have stronger predictive capabilities than White Box models. Gray Box models are promising for achieving interpretability in AI models.
Nevertheless, the gaps in the existing research are also recognized in the review, which include the lack of validation of the study on a real-scale project, the lack of application of deep learning in temporal project data, the dispersed nature of the Digital Twin platform, and the challenges associated with data privacy and interoperability. Opportunities for future research are identified in the development of a comprehensive framework for ML-DT, a portfolio-level Digital Twin, a real-time predictive control system, and a privacy-focused data architecture.
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INTRODUCTION
Despite improvements in project planning software and management practices, many chronic problems of project delay and cost overrun remain unresolved (Plebankiewicz, 2018). It is estimated that a considerable number of projects experience difficulties in completing within planned timelines, leading to immense financial losses and project stakeholders losing confidence in project management (Khahro et al., 2023). Traditional project management controls, for example, critical path analysis and parametric cost analysis, have some limitations in terms of predicting project performance variances (Cao et al., 2025) before they happen because of their dependence on static assumptions and historical data (Flyvbjerg, Holm, & Buhl, 2003). Even for project managers, it has been increasingly difficult to recognize signs of impending risks within complex project settings where project uncertainties relating to design, talent, and environmental factors develop in non-linear ways.
Digital Twin technology has proved to be an innovative approach with the potential to solve such problems by offering an effective virtual platform that combines all the physical elements of the construction process. Digital Twins allow coordination between the simultaneous processing of data from various sources, which makes project monitoring, projection, and forecasting possible throughout the project cycle (Opoku et al., 2023; Su, Zhong, & Jiang, 2022). Alongside advanced analysis algorithms like Machine Learning, the Digital Twin has the potential to develop the control system approach to project management by turning traditional control systems into adaptive platforms that are capable of proactive risk detection and management at the project initialization stages itself (Ramirez & Rua-Machado, 2025; Mostafavi, 2025). The application of Machine Learning algorithms to the Digital Twins has proved to be effective since the algorithms are able to learn from existing and current data with the primary goal of identifying the nonlinear correlations between the project variables that are not normally identified by traditional algorithms (Mostafavi, 2025). Emerging evidence also indicates the ever-expanding use of ML models for risk forecasting within the construction industry. Researchers have used regression-type ML models, for instance, that have been found to outperform traditional Markov models in determining forecasted deviation and cost variance errors concerning project progress forecasting tasks (Ramirez & Rua-Machado, 2025). Moreover, there has been an increasing focus on investigating the application of the following sophisticated algorithms, such as neural networks, for forecasting time delays and cost overrun risks during particular infrastructure projects such as the construction of bridges, as an affirmation that non-linear forecasting models are useful tools when dealing with project risk environments (Rajiwade & Sonawane, 2025). Notwithstanding these recent breakthroughs, there remains an ever-widening gap in the actual application and integration of Digital Twins utilizing ML technology for early risk detection (Moshood et al., 2024). In light of the frequency of deviations in schedule and cost in the construction sector and the limitations of the traditional control methods applied in this sector, there is a clear need to look into how Digital Twins and ML models may offer more reliable early warning systems (Omrany et al., 2023). The topic of this research will therefore contribute to addressing this need by exploring the empirical evidence surrounding ML predictive systems.
This study aims to evaluate the effectiveness of integrating Digital Twin technology with Machine Learning models for early detection of schedule delays and cost overruns in construction projects. Specifically, the objectives are to assess how ML-enabled Digital Twins improve predictive accuracy compared to traditional project control methods and to identify key project risk indicators detectable at early project stages. To achieve these objectives, the study adopts a systematic literature review and comparative analytical approach, synthesizing empirical findings from recent peer-reviewed studies on Digital Twins, Machine Learning, and construction project risk management. The research contributions are as follows: (1) it provides a structured synthesis of empirical evidence on ML-driven Digital Twin applications for early project risk prediction, and (2) it proposes a conceptual foundation for deploying adaptive, data-driven early warning systems to enhance proactive decision-making in construction project management.
Study Objectives and Contributions
The primary objective of this study is to examine how the integration of Digital Twin technology with Machine Learning models can enhance early detection of schedule delays and cost overruns in construction projects. To achieve this objective, the study adopts a systematic review and empirical analysis of existing Digital Twin–Machine Learning applications in construction project management.
The research contributions are as follows:
(1) This study provides a structured synthesis of empirical evidence on the use of Machine Learning-enabled Digital Twins for early risk detection in construction projects.
(2) It identifies key gaps between theoretical advancements and real-world implementation, offering practical insights for improving proactive project control systems.

REVIEW OF LELATED LITERATURE
Conceptual Evolution of Digital Twins in the Constructed Environment
The Digital Twin technology was initially conceived as an online digital replica of physical assets created by the aerospace industry that later expanded into the manufacturing industry and the built industry later on (Javaid, et al, 2023). Specifically, the Digital Twin in the construction industry can be defined as an updated digital replica of an asset or project that combines Building Information Modelling, (Tuhaise et al., 2023) Internet of Things sensing, as well as data gathered over time, unlike Building Information Modelling that was mainly confined to the generation of static designs that did not change at all throughout the project lifecycle (Huang et al., 2023).
Traditionally, project monitoring and risk assessment are manually tracked through reports submitted at intervals and risk assessments conducted afterward in retrospect (Azimian et al., 2021). Such traditional methods tend to be reactive instead of preventive, meaning problems relating to delays and cost overruns are only addressed after they happen. The coming into fruition of digital platforms has ensured a constant flow of information and processes are in sight, thus laying the ground work for real-time intelligence to be obtained Munirathinam, 2020). The real potential within digital twins has been achieved through Machine Learning.
Machine Learning in Project Performance Prediction
Machine learning has received increasing attention in the construction sector as a prediction and anomaly detection method (Ighofiomoni et al. (2025); (Tian et al., 2025). The early research work included using statistical regression analysis, decision tress, and artificial neural networks to analyze past data to make predictions regarding cost growth, schedule delay, and productivity anomalies (Shamim et al., 2025). The research showed that there were identifiable behavior patterns that affected construction risk that could be learned. However, these models were developed independently of operational systems. The forecasts were created offline with a lot of manual processing that involved frequent inconsistent data (Filippi et al., 2023). This affected the effectiveness of these forecasts. They were limited by the data they could get hold of. The use of Machine Learning straight from the Digital Twin setting was the remedy that overcame these challenges (Mchirgui et al., 2024). It offers the cutting-edge research for the intelligent construction area.
Digital Twins and Machine Learning: Joint Applications
Digital Twin platforms combined with Machine Learning capabilities form a Predictive Adaptable Environment (Van Dinter et al., 2023). Digital Twins yield streams of valuable, structuring, and timestamped data, but Machine Learning capabilities process those data streams to reveal patterns between early warning signs and project outcome results (Hodavand et al., 2025). In this manner, Machine Learning capabilities do not simply enable reporting but turn Digital Twins from monitoring platforms into intelligent platforms (Jain & Narayanan, 2023).
There are three main patterns of integration which have appeared in the literature:
Predictive Monitoring Twins
In this type of system, real-time data from a live project site such as productivity rates, resource usage, environmental factors, and schedule information is used as an input in Machine Learning equations to predict possible delay and cost variances (Joshua, O. J. A., et al (2025);(Radman et al., 2025). Models used in such a system include Random Forest, Gradient Boosting, Support Vector Regression, and others (Adewale et al., 2024). In such a system, risk alerts are generated when a pattern detected indicates a departure from a baseline expectation of project performance.
Simulation-Enhanced Learning Twins
In this work, simulation environments within the Digital Twin are employed to create several scenarios of project implementation (Iranshahi et al., 2025). These simulation results form training data sets that can stabilize ML learning. This becomes more important when data from real-life situations are limited, or when data is confidential. However, according to the literature, a possible simulation bias is also mentioned (Mohammadi et al., 2024).
Prescriptive and Self-Learning Twins
The latest one utilizes reinforcement learning and Deep Neural Networks to predict risks and even offer corrective measures to address them. These Digital Twins are semi-autonomy planning tools and are very promising; however, they are generally experimental at present due to the significant V of D involved in this application (Chen et al., 2025).
Data Ecosystems Supporting DT-ML Integration
The strength of the integrated systems heavily depends on data completeness and interoperability. Digital Twins harness data from BIM models, project scheduling systems, procurement platforms, IoT sensors, wearable technology, drones, and financial systems (Zahedi et al., 2024). The existing body of research shows that multi-modal datasets enhance forecast accuracy by mirroring the multi-dimensional characteristics of the constructability risk problem (Gumber, 2025).
Digital Twin, Machine Learning, Project Delay Prediction, Cost Overrun Detection, Construction Project Management, Predictive Analytics, Real-Time Monitoring, Building Information Modelling (BIM), Smart Construction (Alnaser & Elmousalami, 2025).
However, there are a number of studies that point out that there have been certain constraints that have been continually observed. These include: the disconnected nature of data ownership, lack of standards in data, resistance to data sharing, and the complexity involved in analyzing legacy systems (Alter & Gonzalez, 2018). As such, there have been cases where the implementation has been limited within controlled environments.
Performance Measurement and Validation Practices The evaluation metrics used in the studies differ considerably (Toukola et al., 2025). Metrics include Mean Absolute Error, Root Mean Squared Error, Classification Accuracy, Precision and Recall, and the Coefficient of Determination. Better studies employ cross-validation, test data, and comparison to baseline models. Others assess the accuracy of a single run of the model and fail to test robustness (Kee et al., 2023. Nonetheless, there exists a general consensus that Machine Learning Integrated Digital Twin solutions have improved predictive power over the conventional project control methods (Guerra-Zubiaga et al., 2025). The level of performance reported varies nonetheless and largely showcases the existence of early warning functions under practical uncertainty.
Machine Learning Models to Detect Delays and Cost Overruns in Projects at an Early Stage
There has been a rising prominence of Machine Learning as a key analytical tool in the identification of project delay and cost overruns, mainly due to the increasing amount of data generated from the running of construction projects (Uddin, Ong, & Lu, 2022). In the past, the traditional statistical methods of regression and Earned Value Metrics were the primary tools used in this field. These tools were effective in analysing the results of a project after its completion but inadequate in detecting the underlying behaviors in the project risks (Alawneh et al., 2024). This meant that the risks in the project were normally identified after the deviation has occurred, when there was little time to correct the deviation. This has, however, drastically changed with the advent of Machine Learning.
However, the majority of research using Machine Learning in construction risk estimation problems undertook supervised learning modelling, where patterns in past project data were used to train predictive systems to identify projects that faced cost overrun risk and those that faced time overrun risk (Ashtari et al., 2022). Some of these machine learning models that were used in construction risk estimation problems include RF, SVM, Gradient Boosting, as well as other forms of regression analysis. These machine learning models were capable of identifying relationships between various factors such as productivity, resource allocation capacity, procured delays, weather patterns, and financial disbursement patterns to estimate potential deviations in project performance (Sadeghi, 2024). It is widely reported in the literature that supervised machine learning consistently outperformed traditional forms of analysis because it is better suited to handle interactions between factors affecting project performance (Khoshvaght et al., 2025).
In addition to supervised learning approaches, there are also studies conducted using unsupervised learning methods, specifically in clustering and anomaly detection algorithms. Such methods are applicable in cases where there are few or no available labeled examples, which is often in real-world industrial settings (Zipfel et al., 2023). Unsupervised learning algorithms are capable of categorizing project behavior patterns and identifying irregularities in typical project operative trends, making them systems that serve as warning systems (Choi & Kim, 2024). More recently, there has been interest in the use of deep learning algorithms, specifically neural nets and recurrent nets. Such systems are most applicable when processing large amounts of complex project data with temporal dependencies, such as sensor data, progress images, and project logs Shittu et al. (2023);(Nafea et al., 2021). However, according to existing bodies of knowledge in deep learning, it has been observed to pose problems in transparency and processing requirements.
One of the main themes running through these research papers is that data quality and diversity are essential (Nafea et al., 2021) This is because a combination of schedule data, cost data, productivity data, environmental data, and site data is needed in order to create sophisticated models using Machine Learning that yield a considerably more accurate prediction. This is due to various dynamic variables rather than one. There is an increasing trend within research circles towards developing digital ecosystems that combine Machine Learning with BIM, or with Project Control Systems, or with sensor technology (Ogirri, 2025). The literature also stresses the need for model validation. Top-quality research splits their datasets into training and testing datasets and use cross-validation. They also use performance metrics like accuracy, precision-recall curve, Mean Absolute Error, Root Mean Squared Error, and R-squared. Despite the need for model validation to ensure that the predictive capabilities are not biased and the model generalises effectively to new tasks, some studies still use limited model validation methods. These may impair the generalisability of research findings. Nevertheless, the existing literature forms the view that prediction systems informed by Machine Learning are able to deliver earlier and more accurate alerts on potential risks that may arise within projects at an earlier point in time compared to conventional project control tools that are still in use today (Adamantiadou & Tsironis, 2025). Indeed, some hurdles need to be addressed before achieving broad industrial adoption of the technology that has not yet been overcome. These include the issue of using multiple data platforms, the non-portability of the technology between various project scenarios, the non-interpretability of advanced algorithms used within Machine Learning, and also the reluctance of the sector towards Risk Intelligence driven by AI technology (Hamid & Rahman, 2025).
METHODS
The very first step of this research work entailed carrying out exploratory search activities in order to develop an understanding of existing literature on Digital Twin Technologies, Machine Learning approach, and their implementation for project management, especially for early detection of delays and cost overruns. The exploratory search activities played an important role in developing an understanding of dominant research topics, methodologies, and untapped subject matters related to construction project analytics.
For the visualization of patterns in the research and exploring linkages between keywords, authors, and thematic groups, the VOS viewer software tool [13] was used. Through this bibliometric study, it was possible to identify areas where research is emerging, where there is convergence in technology, and where there are overlaps in previous studies. These aspects helped design the search strategy.
To ensure greater robustness of the methods used in this study, it strictly adheres to the guidelines presented in the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) statement [14]. The guidelines provided by the PRISMA statement were employed during the entire process of conducting the review.
Initial Search Strategy
The first search is targeted to studies that investigated delays in projects and cost overruns in data-driven/predictive research using the Scopus database. Search: 
The search is carried out in article tile and abstracts using the search phrase:
TITLE-
(“construction project” OR “infrastructure project” OR “project management”)
AND ("machine learning" OR "artificial intelligence" OR "data-driven")
AND (“project delay” OR “schedule overrun” OR “time overrun”).
AND (“cost overrun” OR “budget overrun” OR “cost escalation”).
This first search yielded 34 documents, which shows that although predictive analytics related to delay and cost overrun has received attention, the existing literature is still relatively small.
 Iterative Refinement and Cluster Analysis
In light of the preliminary findings, some new search strings were further tried. In this stage of research, the occurrence of keywords was combined to prepare the cocurrence network using the VOSviewer software. In the cluster analysis, it was found that Machine Learning & cost prediction were properly covered; however, the use of the Digital Twin in real-time project monitoring was inadequately covered.
In addition, there were research gaps identified by the clusters visualization, including:
Limited integration of project execution data with predictive models in real time,
A gap in overall Digital Twin frameworks incorporating cost, schedule, and resource information,
Few validation studies are available that integrate Digital Twins with machine learning algorithms applied to actual construction projects.
Final Search Strategy
In order to capture studies exploring Digital Twin platforms and machine learning models concurrently for proactive project control, a more comprehensive search string was formulated as a final step. The goal was to ensure maximum capture with the involvement of relevant terms and avoid reduction in the space of the search string by including too specific words.
The final search string performed on the Scopus database was:
TITLE-
((PROJECT OR construction OR infrastructure))
AND (“machine learning” OR “deep learning” OR “neural network” OR “predictive analytics” OR “data-driven”)
AND (“schedule” OR “delay” OR “time overrun” OR “progress deviation”) AND (“cost” OR “budget” OR “cost overrun” OR “cost deviation”)<| AND ("digital twin" OR "virtual twin" OR "digital replica" OR "project digital twin").
Figure 1 - Key words and domains of application as identified by the literature.
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Figure 1:  Clusters of keywords with at least three appearances
Figure 2 reveals how studies related to this issue are quite recent and have been increasing in recent years, while emphasizing the need for more studies.
The publication trend clearly emphasizes the fact that the research pertinent to the integration of Digital Twin solutions with Machine Learning algorithms is a relatively new phenomenon, but it has shown immense growth in the past five years. The dramatic increase in the publication level after the year 2019 clearly shows the rising interest in the field from the research realm, which has been fueled by the development in the availability of data, BIM, IoT, as well as the growth in the field of predictive analytics.

Figure 2: Yearly Distribution of Publications 
The above graph depicts keyword clusters (minimum 3 occurrences) for DT-ML research-based early identification of delays and cost overruns in construction projects. The size of each node corresponds to frequency, while connections signify co-occurrence. The clusters are categorized according to themes, which are predominantly interconnected by Digital Twins, Machine Learning, risk prediction, data-driven models, and construction project management.
Figure 3. PRISMA flow diagram depicting identification, screening, eligibility assessment, and inclusion of studies in conducting the systematic review on the integration of Digital Twin platforms with Machine Learning models in the early detection of delays and cost overruns in projects.
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Figure: 3- PRISMA Flow Diagram 
During the identification stage, a Scopus search was carried out to identify studies, and 182 records were found. After removing the duplicates, 813 studies were identified to move forward to the screening phase.
Screening Phase
The stage of screening led to the evaluation of a total of 813 records in relation to the relevance of the study objective. After the preliminary screening, a total of 516 records were eliminated due to the irrelevance of the records to the topic of the study, as indicated by the irrelevant titles.
Eligibility Phase
The next 297 articles were evaluated in their entirety. During this stage, 211 articles were removed because their abstracts did not encompass the themes discussed. The next step involved evaluating 87 articles. During the detailed study of these articles, 36 articles were removed due to the following reasons:
It was conducted outside of established research parameters, or it involved an irrelevant setting (31 articles).
The full text was unavailable or limited (5 articles).
RESULT 
This section will identify the significant results and conceptual thoughts generated from the reviewed studies. The aim is to compile the application of Digital Twin and Machine Learning technologies in the aspects of predicting, tracking, and overcoming project delays and cost overruns. Additionally, the section will elucidate on the prevalent research trends, methodologies, and application areas as portrayed in the reviewed studies.
White Box, Black Box, and Gray Box Modelling
The majority of the studies reviewed have used three paradigms in the development of project performance prediction models, which include white-box, black-box, as well as gray-box hybrid models
White-box models are based upon direct modelling of project processes, logic of contracts, resource flow logic, and project scheduling. White-box models mainly make use of deterministic and rule-based modelling approaches, including system dynamics and discrete-event simulation. The main drawback of these models is that they require extensive project documentation and are time-consuming. The interpretability offered by these models is high.
The data-intensive models, also called “black-box” models, on the other hand, are more dependent on project data from previous ventures with minimal emphasis on assumptions about project processes. These models use Machine Learning algorithms such as Artificial Neural Networks (ANN), Support Vector Machines (SVM), and Random Forest (RF) to identify relationships between project characteristics and project outcomes. Evidence from extant literature indicates a substantial rise in the use of data-intensive models in recent times.
Gray Box Models: They aim to take the best from both worlds, blending partial project information (such as project timelines, Building Information Models, and cost baselines) with machine learning algorithms. Many research studies reveal that combination methods enhance forecast accuracy while preserving explanation, especially within the context of a Digital Twin framework.
Figure 4: The Conceptual Relationship Between WB, BB, and GB Assessment Approaches Embedded in the Construction Project Environment Supported by DT.
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Figure 4: Conceptual Relationship Between WB, BB, and GB
Sensor- and Data-Driven Project Monitoring
An increasing number of articles place emphasis on data acquisition using sensors on a
digital level as a basis for real-time monitoring of projects. A number of data streams that could be used in BMS come from sensors, BIM logs, ERP, RFID, drones, and site cameras.
Integration with real-time data streams improves the relevance of both black-box and gray-box models, which enable Machine Learning algorithms to pick up warning signs of schedule delays and cost overruns well in advance. Finally, project manager decision support systems coupled with Digital Twin solutions offer visualization and decision-making support systems to project managers to control projects proactively rather than reactively. More specifically, a number of research works concentrate on particular components of a project rather than the overall project itself for example, the usage of equipment, the productivity of the work personnel, material logistics, or risk indicators. In general, this approach facilitates the creation of a Digital Twin.
Table 1- Applications of Digital Twin Components along with Machine Learning in different studies
 

	Target of the Study
	Description of Focus
	Digital Twin Components
	Machine Learning Techniques Used
	Verified References

	Project Schedule Performance
	Early detection of schedule deviations by comparing planned vs. actual progress using real-time data
	BIM-based project models, construction schedules, progress tracking data
	ANN, Random Forest, LSTM, Gradient Boosting
	(Njama-Abang, 2025), (Batra et al., 2025).

	Cost Overrun Prediction
	Forecasting budget deviations based on historical and real-time financial data
	Cost databases, earned value data, procurement records
	SVM, Random Forest, XGBoost, ANN
	(Oyedele et al., 2020). (Nwani et al., 2023) Ahiaga- (Oswald et al., 2019).

	Integrated Cost–Schedule Control
	Simultaneous monitoring of time and cost performance to detect compounding risks
	BIM–4D/5D models, EVM metrics, Digital Twin dashboards
	Hybrid ML models, Neural Networks, Regression Trees
	(Airlangga & Liu, 2025)
 (Baghalzadeh Shishehgarkhaneh et al., 2022)

	Construction Progress Monitoring
	Automated progress tracking using site data to detect delays early
	BIM, UAV imagery, laser scanning, IoT sensors
	CNN, Computer Vision models, LSTM
	(Qureshi et al., 2023), (Borkowski & Kubrat, 2024); (Yang et al., 2021)

	Resource Allocation and Productivity
	Identifying inefficiencies in labor, equipment, and material usage
	Resource logs, sensor data, activity-level Digital Twins
	K-means, Random Forest, ANN
	(Daraba et al., 2024); (Elbasiony et al., 2013); (Cao & Huang, 2023)


	Risk and Uncertainty Management
	Predicting high-risk activities that may lead to delays or cost escalation
	Risk registers, historical project data, scenario simulations
	Bayesian Networks, RF, SVM
	(Ashtari et al., 2022); (Tian et al., 2025)

	Decision Support Systems
	Real-time managerial decision support through predictive insights
	Digital Twin platforms, dashboards, cloud analytics
	Ensemble ML models, LSTM
	(Soori et al., 2024); (Attaran & Celik, 2023)

	Lifecycle Project Control
	Monitoring project performance across planning, execution, and closing phases
	End-to-end project Digital Twin
	Hybrid ML–DT frameworks
	(Alsehaimi et al., 2025); (Attaran & Celik, 2023)



Applications 
The level of validation of the results in the real-world setting is a factor that varies from one piece of reviewed literature to another. In some cases, the data used is simulated or theoretical in the form of predictive models portrayed in hypothetical cases, while in other cases, the data is taken from actual construction projects.
The application of empirical research is most commonly found in building, infrastructure, and public sector projects. A related set of research applies Machine Learning methods to both real-world examples and their Digital Twins for comparison. Nevertheless, although the number of application-based research studies has been steadily rising, the current literature relies upon case studies, suggesting a need for more comprehensive research.
Figure:  5 depicts the related works timeline, showing an appreciable rise in recent years. The rising trend represents an escalating interest among the academic community to combine Machine Learning and Digital Twin technology capabilities for analytical prediction and decision-making. The focus on recent areas of research represented by studies following 2020 is indicative of trends like real-time analytics, hybrid models, and Explainable AI. The scattered nature of related works indicates an emerging need to develop unified models and applications thus explaining the importance of this related study.

Figure 5: Distribution of the types of buildings and infrastructure.
Model Predictive Control & Decision Support
The need to ensure efficient project management has triggered the development of advanced practices, namely the application of the Model Predictive Control technique in Digital Twin project management systems. MPC systems apply predictive models to predict project conditions with different controls. There are also studies incorporating ML predictors into MPC engines that suggest adjustments based on deviations from planned or budgetary performance. Outcomes have demonstrated that using Digital Twins with MPC enhances schedule variability and cost performance by allowing for forward-thinking rather than retroactive decision-making.
Operation and Project Lifecycle Management
Apart from prediction, several studies have gone further to apply Digital Twins in managing a project’s entire lifecycle, such as monitoring, operating, and maintaining construction infrastructures. Models based on ML algorithms predict life-cycle costs, future maintenance, and optimal operation expenses.
Some research initiatives combined the use of predictive analytics with the concept of anomaly detection to detect unusual spending patterns or performance issues. Such examples highlight the usage potential of Digital Twins not only at the point of construction but also throughout the entire lifecycle of the assets.
 Delay and Cost Overrun Prediction Models
Predicting delay and cost overrun remains the biggest theme in research. The algorithms used extensively are ANN, Random Forest, Gradient Boosting, SVM, LSTM, and a combination of deep learning models.
The results reveal that the models that utilize machine learning perform better than conventional methods for predictive purposes. Deep learning models, more specifically LSTM neural networks, perform well when analyzing the data regarding the progress of projects. There are some concerns raised regarding imbalance learning, interpretability, and generalizability.
Integration with BIM & Digital Twin Platforms
The most widely used form of DT involves the usage of Building Information Modeling (BIM) as the basic geometrical representation scheme. BIM is coupled with real-time information and then attached to ML engines to create DTs.
It allows for the visualization of delays, cost variances, and risk hotspots in three-dimensional project space. The literature emphasizes that integration of BIM, DT, and ML is an important facilitator of insights and communication of information.
Smart Construction and Urban-Scale Applications
On a larger scale, some research works generalize Digital Twin ideas to smart construction ecosystems and urban infrastructure networks. This is based on aggregating data captured by multiple construction projects to facilitate planning at the city scale.
Although it is still developing, the application of the concept of digital twins on a city scale has the potential to improve stakeholder coordination and boost the resilience of the supply chain in the construction sector.
Privacy, Security, and Data Governance
Since Digital Twins are highly dependent on continuous data transfer, issues of privacy and security are being stressed more and more. Some researchers have pointed out risks with respect to project-specific data, confidentiality as per contracts, and cyber threats.
Some solutions which are proposed to meet all these requirements are secured data architecture solutions, access control solutions, as well as trusted Digital Twin solutions that ensure a balance between transparency and confidentiality.
Trends, Techniques, and Tools Overall, from the literature, there is an evident increasing trend towards adopting Machine Learning in project management enabled by Digital Twins. Python is the predominant environment, along with the use of Scikit-learn, TensorFlow, and PyTosrch; other environments such as MATLAB and R are also used.
DISCUSSION
The methodology of the current systematic review focused on the intersection of Digital Twinning technology and Machine Learning strategies for the prevention of time delays and cost variations in the construction industry. The strategy was based on the PRISMA approach, combined with bibliometric analysis and clustering, which helped the study to address the main questions by summarizing the most recent development trends in the field.
One of the notable takeaways from the reviewed literature is the emergence and fast-growing popularity of DT-ML integration for project management within the last few years. The trend shown in the publication trend analysis indicates that the majority of publications were produced after the year 2019, due to the overall increase of digital data associated with projects, improved BIM technologies, and IoT-based sensing technologies.
 Modeling Paradigms for Delay and Cost Prediction
The literature analysis reveals that for project management forecasting, the current studies are mainly employing three paradigms: white box models, black box models, and gray box models. White box models are based on project logic and resource flows. The main drawback for white box models, even though they are transparent and interpretable, is that they require immense data and modeling effort.
Conversely, black-box models, fuelled by ML algorithms such as Artificial Neural Networks (ANN), SVM, Random Forest (RF), Gradient Boosting, and LSTM Networks, have received increased popularity. They can efficiently identify nonlinear relationships from past as well as real-time data associated with projects and outperform conventional statistical models with more accuracy. In fact, their lack of explainability and dependence on data quality represent major concerns. The concept of gray-box models appears to offer a viable compromise in this respect, by incorporating knowledge about the processes (such as schedules, BIM objects, cost baselines) and the results of ML algorithmic processes. When used in a DT environment, the added accuracy and the ability to offer insights into predictions make the application of gray-box models attractive in terms of management decision-making. The growing use of the combination approach of DT and ML bears testament to this.
Role of Digital Twins in Real-Time Project Monitoring
The gap that exists between the physical processes involved in the construction world and the digital world is bridged by the digital twin. According to literature, the digital twin is highlighted as an interactive virtual representation that combines digital models and outcomes from sources such as sensors, UAVs, RFID, and cameras.
Analysis of the results shows that DT-enabled environments have a remarkable impact on improving the efficiency of ML models. With DT, project managers can immediately leverage real-time data, thus moving from reporting to continuous monitoring and control of projects. Various studies have shown that DT dashboards can effectively project risks associated with delays, cost, and productivity.
Application Areas and Validation Levels
The scope of application of integration between DT and ML is diverse and relates to various areas in project management, which entail monitoring the performance of the project schedule, cost overrun analysis, complete cost and schedule control, monitoring the project progress, analysis and evaluation of resource productivity, and risk management. Of these applications, cost and delay overrun analysis is the most prevalent topic.
Nevertheless, the literature review sets that actual validation on a real-world platform has had encouraging results only to a limited extent. Most validation work involves simulation studies and single-project validation, which limits validation results to some extent in regards to building projects and other validation types on a broader scale.
Integration with BIM and Decision Support Systems
BIM forms the geometric and data foundation of most DT implementations. The integration of BIM, ML engines, and data in DTs also allows risks and deviations of performances to be spatially visualized. It has been reiterated in literature that integration between BIM, DT, and ML improves understanding among stakeholders. Moreover, some studies have recently enhanced DT capabilities with the addition of Model Predictive Control (MPC) and decision support systems. These strategies rely on predictive results to model possible control actions in an effort to simulate possible future scenarios, allowing managers to analyze potential futures instead of correcting past occurrences. This feature can be seen as an important milestone in the direction of intelligent project controls.
Emerging Trends and General Implications Current trends in research indicate a rise in interest in deep learning, explainable AI, project management for the entire lifecycle, as well as urban-scale Digital Twins. Although a new trend, urban-scale DTs and smart construction systems have the capacity to combine learnings from a variety of projects, thereby enhancing resilience strategies for a district or an entire city. However, there are concerns about data governance and confidentiality as the level of data exchange between various parties. This is despite the importance advocated by the different studies to ensure that data confidentiality and security are maintained.
Research Gaps and Opportunities
Despite the recent upsurge of DT-ML literature, there are currently several key gaps. To begin with, there is little literature on comprehensive Digital Twins that consider multiple parameters, including costs, timelines, resources, and risks. The majority of the existing literature regards Digital Twins as isolated components.
Even if ML algorithms present a strong predictive capacity, comparative analyses between the conventional ML model and an advanced deep learning algorithm are minimal, especially when the data pertains to a project that has a temporal dimension.
 External validation is inadequate. There is a lack of generalizability as most researches rely on small sets of data or a single case study application.
CONCLUSION
The above systematic review highlights a remarkable consolidation of the latest findings on the integration of Digital Twin technologies and Machine Learning in the early identification of delay and cost overrun in a construction project. The results have shown the emergence and potential in revolutionizing conventional project management.
The review points out the supremacy of Black-Box ML models in terms of predictive accuracy, the increasing trend of Gray-Box hybrid methods, and the crucial role of Digital Twins in supporting context-aware, real-time project supervision. Although encouraging outcomes have been shown, the literature is still fragmented, with less integration across project aspects.

However, the focus of the future work should be on the design of integrated frameworks in DT-ML, the extension of empirical validations, the development of explainable analytics for privacy preservation, and the investigation of portfolio-based and city-scale solutions. Consequently, the application of DT-ML technology should shift from the prototype to the industry level in construction project management.
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