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Abstract

This study critically explores the role of artificial intelligence (Al) in optimising construction project timelines,
with a specific focus on Al-driven scheduling tools. As traditional scheduling methods such as Critical Path
Method (CPM) and Primavera face limitations in handling complexity and uncertainty, Al technologies offer
predictive, adaptive, and real-time decision-making capabilities. A narrative review approach was employed,
drawing from databases including Scopus, IEEE Xplore, and ScienceDirect using targeted search terms. Key
findings highlight the functionalities of tools like ALICE Technologies and nPlan, their integration with BIM and
10T, and the challenges of data quality, organisational readiness, and adoption. The discussion interprets these
findings within a broader theoretical and practical context, emphasising AI’s potential to transform project
management practices. The paper concludes with a call for deeper adoption, enhanced training, and further
empirical research to address ongoing limitations and unlock the full value of Al in construction scheduling.
Keywords: Artificial Intelligence, Construction Scheduling, ALICE Technologies, nPlan, BIM Integration,
Project Management.
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I.  Introduction

Time is one of the most critical constraints in construction project management, often serving as a
primary indicator of project success or failure [1]. As demonstrated by [2], the timely delivery of construction
projects remains a persistent challenge across global markets, with delays frequently resulting in cost overruns,
reduced profitability, and stakeholder dissatisfaction. Numerous studies argue that poor scheduling is a
predominant cause of these delays, emphasising the need for more sophisticated planning tools [3, 4]. While
conventional methods such as the Critical Path Method (CPM) and Program Evaluation and Review Technique
(PERT) have long been employed, researchers like [5] contend that these models lack the adaptive capacity to
handle the increasing complexity of modern construction environments. Furthermore, they often fail to account
for the dynamic nature of site conditions and resource availability. This critique is supported by [6], who illustrate
how traditional scheduling tools are often static, manually intensive, and prone to human error, resulting in
inefficiencies in execution and monitoring.

In contrast, to traditional methods, artificial intelligence (Al) has recently emerged as a transformative
force in project scheduling [11]. Scholars such as [12] demonstrate that Al-based systems can simulate multiple
schedule scenarios, predict disruptions, and automatically generate optimised work sequences, thus improving
project responsiveness and accuracy. In fact, AI’s capabilities to process large datasets, identify patterns, and
make probabilistic forecasts align with the principles of dynamic systems theory, which views construction
projects as non-linear and highly interdependent systems [13]. Moreover, statistical trends further validate the
urgent need for improved scheduling practices. According to [14], large construction projects typically take 20%
longer to finish than scheduled and can run up to 80% over budget, revealing significant inefficiencies in time
management. Contentions made by [15] affirm that Al tools such as machine learning algorithms, natural
language processing, and neural networks are now being embedded in project management platforms to enable
real-time scheduling adjustments and delay predictions. In addition, tools like ALICE Technologies and nPlan
utilise constraint-based logic and predictive modelling to optimise workflows, significantly outperforming
conventional models [16]. Demonstrating a critical shift in the technological landscape, [17] argue that the
integration of Al with construction operations not only enhances technical efficiency but also reshapes
organisational competencies.

Building Information Modelling (BIM) is defined as a digital representation of physical and functional
characteristics of a facility, serving as a shared knowledge resource for information about a facility across its
lifecycle [7]. [8] further describes BIM as a process involving the generation and management of digital
representations to support decision-making. As projects evolve beyond completion, BIM transitions into Asset
Information Modelling (AIM), which encompasses structured data used for the operation and maintenance of
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built assets [9]. AIM focuses on post-construction asset performance, providing critical data for facility
management [10].

The aim of this study is to synthesise existing literature on Al-driven scheduling tools, with the objective
of understanding their practical roles, capabilities, and limitations in optimising construction project management.
This shift from BIM to AIM highlights the evolution of intelligent information models, transforming construction
project management from design-centric to data-driven lifecycle approaches. The aim of this study is to
objectively evaluate conventional scheduling approaches to Al-enhanced systems, using actual information from
both commercial implementations and academic research.

I1.  Methods

To ensure a comprehensive and methodologically sound synthesis of existing literature on Al-driven
scheduling tools in construction project management, a systematic narrative approach was adopted. The search
strategy involved an extensive and structured review of academic and professional literature from multiple high-
quality databases, including Scopus, Web of Science, IEEE Xplore, Google Scholar, the ASCE Library,
Compendex, ScienceDirect, and key governmental repositories such as the National Bureau of Statistics (NBS).
Additionally, domain-specific sources like the American Society of Civil Engineers (ASCE) were explored to
capture current industry practices and standards. Search terms were carefully constructed using Boolean operators
and relevant keywords to maximise retrieval efficiency. These included combinations such as “Al scheduling
construction”, “machine learning project timelines”, “Al delay prediction”, “Al in project management
construction”, “ALICE Technologies”, and “nPlan”. Each term was designed to target studies addressing Al-
based scheduling methods, their applications in real-life construction scenarios, and their impact on project
timelines. Furthermore, filters were applied to refine results based on a defined inclusion and exclusion
framework. Only studies published in English between 2010 and 2024 were included, as this range aligns with
the recent emergence and rapid development of Al technologies in construction. Articles were selected if they
were peer-reviewed, directly related to the construction sector, and discussed either the theoretical development
or practical implementation of Al-based scheduling systems. Studies outside the construction domain or those
lacking empirical focus were excluded to maintain domain relevance and methodological rigour. After an initial
screening of titles and abstracts, full-text reviews were conducted to assess methodological quality and topical
relevance. The extracted data were subsequently analysed using a thematic synthesis approach, as this method
allows for the identification of recurring patterns, technological trajectories, and conceptual advancements within
the literature. Through inductive coding and iterative categorisation, six distinct themes emerged: the historical
evolution of scheduling practices, capabilities of Al-powered tools, Al-driven delay prediction mechanisms,
integration with digital models such as BIM, data requirements and challenges, and barriers to adoption. Given
the heterogeneity of study designs and the conceptual nature of many contributions, a narrative discussion was
deemed more appropriate than a meta-analytical approach. This strategy enabled a richer contextual
understanding of how Al scheduling tools operate within diverse construction environments, highlighting both
their technical potential and implementation challenges. The narrative synthesis further facilitated the critical
comparison of tools like ALICE Technologies and nPlan, offering practical insights into their unique scheduling
algorithms and predictive capabilities across various construction scenarios.

1. Findings

Evolution of scheduling in construction: from CPM to Al

Theoretically, construction scheduling has long served as a cornerstone of project planning, providing a
structured approach to task sequencing and time allocation [18]. Historically, tools like the Critical Path Method
(CPM) and the Program Evaluation and Review Technique (PERT) dominated the field, offering deterministic
and probabilistic scheduling frameworks, respectively. As defined by [19], CPM is a network-based scheduling
method that identifies the longest sequence of dependent activities and calculates the minimum completion time
for a project. PERT, introduced around the same period by the U.S. Navy for Polaris missile projects, incorporated
uncertainty by allowing for optimistic, pessimistic, and most-likely time estimates [20]. Primavera Project
Planner, developed in the 1980s, added graphical interfaces and resource management capabilities to these
existing logic-based models, becoming a widely adopted enterprise-level scheduling tool [21]. However, while
these tools contributed significantly to formalising scheduling practices, they often failed to reflect the dynamic
and uncertain nature of real-world construction environments.

Critics argue that traditional scheduling methods such as CPM and PERT are inherently rigid, static, and
overly reliant on initial assumptions, which often become invalid as projects progress [22]. Furthermore, [2]
contend that the linear assumptions embedded in these models overlook the complexity of site conditions,
interdependencies, and resource availability, resulting in schedules that are either overly optimistic or
operationally impractical. Demonstrating these limitations empirically, [23] revealed that over 70% of
construction projects using traditional scheduling tools experience significant time overruns, pointing to a clear
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gap between planning and execution. In light of these deficiencies, researchers and practitioners have increasingly
turned to artificial intelligence (Al) as a more adaptive and data-driven alternative. Al-based scheduling leverages
machine learning algorithms, constraint-based logic, and predictive analytics to simulate various project
scenarios, respond to real-time data, and autonomously optimise activity sequences [24]. Contentions by [17]
suggest that the evolution toward Al scheduling reflects a paradigm shift—from deterministic and linear logic to
probabilistic and adaptive systems rooted in digital transformation theories. Hence, the emergence of Al not only
addresses the technical shortcomings of earlier models but also aligns with broader calls for increased agility,
automation, and intelligence in construction project management [15]. This evolutionary trajectory underlines the
urgent necessity for the industry to embrace smarter tools that can handle uncertainty, variability, and complexity
in ways that traditional methods simply cannot [25, 26].

Al-Powered scheduling tools: capabilities and functionalities

Al in construction scheduling refers to the application of machine learning algorithms, constraint-based
reasoning, and data-driven models to optimise project timelines, reduce delays, and enhance planning precision
[16]. Unlike traditional methods which rely on static precedence logic and manual assumptions, Al scheduling
tools are dynamic, context-aware, and capable of learning from past project data to generate optimal sequences
of construction activities [15]. These systems integrate smart assistants and constraint-based logic to
automatically evaluate resource availability, site constraints, and task dependencies in real time, thereby enabling
contractors to simulate multiple scheduling scenarios with significantly greater accuracy [27].

Demonstrating the capabilities of these technologies, ALICE Technologies employs generative
algorithms to propose thousands of potential construction schedules by assessing constraints and objectives
simultaneously, reducing project durations by up to 17% in tested case studies [28]. Contentions by [29] suggest
that these generative capabilities enhance planning and empower decision-makers with predictive foresight.
Similarly, nPlan utilises deep learning to assess historical project performance, comparing hundreds of similar
past projects to predict likely risks and delays in new schedules with a reported accuracy rate exceeding 80% [30].
Critically, represents a shift from deterministic to probabilistic scheduling that is capable of anticipating
disruptions rather than merely reacting to them.

Integration with Building Information Modelling (BIM) and Internet of Things (10T) data further extends
the functionality of these Al-powered tools [31, 32]. SYNCHRO, for instance, enables 4D scheduling by merging
BIM geometry with task timelines, thereby visualising project progress in real time [33]. I0T sensors, when
connected to these platforms, provide continuous data on worker movement, equipment usage, and material
delivery, which Al systems use to adjust schedules [17]. This level of responsiveness and automation remains
unattainable in traditional systems.

As illustrated in Figure 1, Al-based scheduling diverges fundamentally from conventional workflows by
introducing feedback loops, predictive analytics, and automated optimisation into the planning cycle. The figure
highlights how traditional methods follow a linear path of input — logic — output, whereas AlI-driven tools
continuously loop between data input, model learning, and adaptive schedule generation.

Collectively, the functional evolution enabled by Al scheduling tools points not only to greater efficiency
but also to a more intelligent, data-centric construction planning paradigm—one that aligns with the goals of
Industry 4.0 and the emerging demands for digital transformation in construction management [15, 17].
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Figure 1. Flowchart comparing traditional scheduling vs Al scheduling workflows [34]
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Delay prediction and real-time rescheduling using Al

Delays in construction projects are a persistent challenge globally, often resulting in budget overruns,
contractual disputes, and reputational damage. Predictive delay analytics, as defined by [30], involve the
application of artificial intelligence (Al) and machine learning (ML) algorithms to forecast potential disruptions
before they occur, enabling proactive rather than reactive schedule adjustments. Unlike traditional models that
detect delay only after schedule deviations manifest, Al-powered systems anticipate these risks based on historical
trends, real-time site data, and probabilistic modelling [27]. Demonstrating this shift [2] critique legacy project
controls for their linear logic, arguing that they inadequately capture the nonlinearities inherent in real-world
construction dynamics.

Contentions by [16] suggest that supervised learning algorithms, including decision trees and neural
networks, can detect complex patterns across vast datasets that are invisible to manual analysis. These tools
examine variables such as weather conditions, subcontractor productivity, equipment downtime, and procurement
timelines to dynamically update forecasts [15]. For instance, ALICE Technologies enables project managers to
simulate thousands of scheduling permutations with integrated delay mitigation strategies, whereas nPlan
leverages deep learning on over 300,000 project schedules to predict delay risks with up to 88% accuracy [28,
35]. Furthermore, SYNCHRO’s integration of 4D BIM with IoT sensors facilitates real-time schedule updates
based on actual site conditions [29].

Critically, this functionality marks a paradigm shift in project controls, where adaptive scheduling
becomes feasible. As shown in Table 1, different tools offer unique strengths: ALICE emphasises generative
rescheduling, nPlan focusses on predictive diagnostics, and SYNCHRO delivers real-time visualisation.
Demonstrating practical outcomes, recent case studies report a 15-30% improvement in schedule reliability where
Al tools were applied to high-complexity infrastructure projects [27].

Theoretically, the use of Al in delay prediction aligns with dynamic systems theory, which views
construction projects as evolving systems requiring continuous feedback and intervention [13]. Consequently, the
integration of predictive analytics and real-time rescheduling capabilities enhances the robustness of project
timelines and reflects a broader shift toward intelligent, adaptive project delivery mechanisms.

Table 1: Table comparing tools with delay prediction capabilities (e.g., ALICE vs nPlan vs others)

Tool Key Capabilities Data Sources Strengths Reported
Accuracy
ALICE Generative scheduling and BIM data, project Scenario generation and ~85% (ALICE,
Technologies delay mitigation simulation constraints recovery planning 2023)
NPlan Historical schedule analysis, Historical project Delay prediction via deep ~88% (nPlan,
risk forecasting schedules learning 2023)
SYNCHRO Real-time schedule updates via 10T sensors, BIM On-site responsiveness and N/A
4D BIM + loT models visualization

Compiled from [27, 36, 12]

Integration of Al with BIM and digital twins

Building Information Modelling (BIM) and Digital Twins represent two transformative innovations in
the construction sector, both of which have seen exponential growth in their adoption across infrastructure projects
globally [2, 27]. BIM, particularly in its 4D format, integrates time-related data with 3D models to allow for
enhanced construction sequencing and planning [33]. Digital twins, on the other hand, are real-time, data-rich
virtual replicas of physical construction assets that enable predictive analytics, scenario testing, and dynamic
project monitoring [37]. Demonstrating the convergence of these technologies, scholars such as [38] contend that
the integration of Al with BIM and digital twins has enabled a new frontier of intelligent, self-adaptive scheduling
systems in construction management.

Critique by [17] reveals that traditional BIM, while useful in visualisation and clash detection, lacks
autonomous decision-making capabilities. Al addresses this gap by adding cognitive intelligence to BIM
environments, allowing models to interpret contextual data, detect schedule deviations, and re-sequence activities
based on predictive insights [39]. Moreover, 4D BIM enhanced with Al facilitates continuous timeline
optimisation based on real-time data from sensors, drones, and smart equipment—effectively forming the
foundation of a Digital Twin ecosystem [15]. As a result, predictive scheduling becomes iterative, decentralised,
and responsive to site realities, rather than remaining rigid and manually updated.

Demonstrating this synergy, tools like SYNCHRO and VisiLean integrate Al-powered scheduling with
4D BIM to allow for live visualisation of project progress, constraint analysis, and automated alerts for potential
delay scenarios [30]. According to [27], these integrated platforms can improve schedule compliance by up to
25%, especially in high-variability projects such as urban infrastructure or healthcare facilities. Importantly, the
combination of BIM and Al also supports collaborative decision-making by enabling various project stakeholders
to interact with intelligent simulations and dashboards [32].
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Theoretically, this integration aligns with socio-technical systems theory, which views construction as a
complex interplay between people, processes, and technologies [24]. As shown in Figure 2, a conceptual model
illustrates how BIM serves as the data environment, Al acts as the cognitive engine, and digital twin function as
the operational feedback loop for predictive, real-time scheduling. Collectively, this ecosystem fosters a data-
rich, learning-orientated scheduling environment that aligns with Industry 4.0 and smart construction principles
[17,38].
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Figure 2: Conceptual model showing BIM + Al integration for project scheduling [39]

Data Requirements, Quality, and Challenges in Al Scheduling

Acrtificial Intelligence (Al)-driven scheduling systems in construction rely heavily on vast, diverse, and
high-quality data inputs to function optimally [16]. These systems depend on historical project records, site
condition reports, real-time 10T sensor feeds, labour productivity datasets, equipment usage logs, and external
variables such as weather data and material supply timelines [27]. Demonstrating this complexity [36] emphasise
that Al models trained on incomplete or biased data often yield inaccurate or untrustworthy outputs,
compromising the credibility of the decision-support mechanisms they underpin. Consequently, high data
integrity and contextual relevance are essential prerequisites for predictive scheduling accuracy [30].

Critique by [15] reveals that one of the most pressing issues in the implementation of Al for construction
scheduling is data fragmentation across siloed systems and stakeholders. Most construction sites lack standardised
digital data capture protocols, leading to inconsistent formats, redundant inputs, and critical gaps in historical
records [17]. Furthermore, real-time data feeds from wearables, drones, or 10T sensors are susceptible to noise,
latency, or signal interruptions, which can mislead scheduling algorithms that depend on uninterrupted streams
of accurate field data [37]. As demonstrated in Table 3, different Al scheduling platforms, such as nPlan, ALICE
Technologies, and Buildots will require varying levels of data granularity and integration to operate effectively.

Demonstrate scholars such as [38]; despite these technological advancements, concerns regarding data
privacy, cybersecurity, and legal ownership remain unresolved and significantly hinder broader Al adoption in
construction. Theoretical insights from socio-technical systems theory emphasise that technological
improvements must be supported by organisational changes in data governance, skill development, and culture
to ensure ethical and scalable Al deployment [24]. Moreover, inconsistent internet connectivity in remote or
under-resourced project sites poses an additional constraint, limiting the real-time rescheduling capabilities that
Al offers [27]. Therefore, while Al scheduling offers enormous potential, its success is directly tethered to robust
data ecosystems, proactive governance frameworks, and socio-organisational readiness to manage complex data
infrastructure.

Table 3: Table outlining data types required by different Al scheduling tools

Tool Required Data Types Real-Time Primary Data Sources
Integration
ALICE 3D/4D BIM models, task dependencies, resource Yes BIM tools, Excel, site
Technologies costs, productivity rates teams
NPlan Historical schedule data, baseline schedules, No Project archives, contract
project outcomes, change order history logs
Buildots Visual data (360° images), construction progress Yes Wearables, site cameras,
tracking, sensor and site camera data drone scans
SYNCHRO Schedule data, 4D BIM, activity constraints, Yes BIM software, ERP
resource logs systems, field reports

Source: Compiled from [16, 38, 27, 15]
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Adoption barriers and organisational readiness

Organisational readiness refers to the degree to which a firm is psychologically, structurally, and
technically prepared to implement and sustain technological innovation such as Al in its operations [39]. In
construction, the adoption of Al-powered scheduling tools is often met with significant resistance, underpinned
by cultural inertia, limited digital literacy, and entrenched reliance on traditional project management workflows
[15]. Content from [40] reveals that many construction professionals exhibit scepticism towards machine-
generated recommendations, perceiving Al decisions as black-box outputs lacking explainability. This lack of
interpretability significantly undermines trust, especially in high-stakes environments like scheduling, where
delays can result in substantial cost overruns and reputational damage [38].

Critique by [21] indicates that the sector's notoriously low investment in digital technologies exacerbates
adoption barriers. Despite evidence of Al's value, the construction industry still spends less than 1% of revenue
on IT, compared to 3-5% in more digitally mature sectors such as manufacturing and finance [18]. Demonstrating
further challenges, [16] argue that the upfront cost of Al implementation—including hardware, cloud storage,
integration with existing systems, and staff training—presents a major deterrent, especially for small and medium-
sized firms operating on tight margins. Additionally, the skills gap in Al literacy across project stakeholders
severely hampers the ability to deploy and leverage advanced tools effectively [37].

Theoretical perspectives from the Technology-Organisation-Environment (TOE) framework suggest
that organisational readiness is contingent on more than just technical infrastructure; it requires leadership
commitment, clear policy alignment, and supportive organisational culture [41]. Demonstrate studies like that of
[36] emphasise that without structured training programmes and continuous digital upskilling, even the most
advanced tools risk being underutilised or misapplied. Furthermore, the absence of sector-wide policies or
regulatory frameworks to standardise Al usage has led to fragmented adoption, inconsistencies in performance,
and elevated concerns around liability and data governance [27]. Consequently, the transition toward Al-enabled
scheduling demands not only technical investment but also holistic organisational transformation that integrates
policy, process, and people.

IV.  Discussion

The review critically demonstrates how Al-driven scheduling tools have introduced an improved
paradigm in construction project management by changing the focus from reactive planning to predictive and
adaptive control mechanisms [15]. This transformation is not only technical but also strategic, as it changes the
very logic of scheduling from static baseline creation to dynamic and real-time forecasting. Arguably, tools like
ALICE Technologies and nPlan demonstrate by integrating machine learning with simulations to provide
scenario-based scheduling that adjusts to project variability [36]. However, despite their sophistication, these tools
remain heavily dependent on the volume, accuracy, and granularity of the input data—a limitation that critically
restricts their effectiveness in data-poor environments [38].

Critique by [17] highlights that while tools such as SYNCHRO integrate seamlessly with BIM platforms,
they often lack interoperability with legacy systems, limiting their implementation across different organisational
contexts. Yet, a recurring pattern across platforms is the emphasis on 4D modelling, real-time sensor integration,
and delay risk prediction. These shared characteristics underscore a convergence of functionalities, suggesting a
growing industry consensus on what constitutes "smart" scheduling. Nevertheless, contrast emerges in terms of
usability and application depth. For instance, while ALICE allows generative design of schedules, nPlan offers
retrospective analysis based on historical project data [42]. This contrast reveals a divide between forward-looking
and backward-learning systems—a distinction yet to be comprehensively explored in current literature.

Demonstrating a critical gap, hardly any studies address how Al-based tools perform in highly
unpredictable environments like post-disaster reconstruction or informal urban settlements where data scarcity is
the norm [27]. Moreover, there remains limited understanding of how cultural factors and organisational maturity
influence the uptake and customisation of these tools. Content from [36] suggests that even among firms who
adopt Al, levels of internal trust in machine-generated decisions remain low, due largely to a lack of explainable
Al outputs and the absence of standardised decision protocols. This disconnect between technical capability and
human interpretability constitutes a major limitation.

Furthermore, although most tools promise flexibility, critique reveals they often lack contextual
sensitivity, particularly in projects with frequent change orders or site-specific constraints. Demonstrate studies
have shown that Al models trained on structured, ideal data sets may struggle to extrapolate effectively in messier,
real-world project conditions [38]. Consequently, these tools risk reinforcing rigid, overly optimised schedules
that do not account for the fluidity of actual construction dynamics.

Given these gaps, future research should examine the development of hybrid scheduling frameworks
that combine machine-driven prediction with human domain expertise to create more explainable, participatory
systems [41]. Additionally, research into federated learning models, which allow tools to learn across
decentralised datasets without compromising privacy, offers a promising direction for improving Al adaptability
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without incurring high data dependency [37]. There is also a need for longitudinal case studies to assess the long-
term impacts of Al scheduling adoption across different firm sizes, geographical contexts, and project types.

V.  Practical Implications For Construction Project Managers

Construction project managers (PMs) stand at the nexus of technological transformation, where artificial
intelligence (Al) is no longer a futuristic concept but a practical necessity in achieving efficient scheduling
outcomes [36]. Al-powered tools such as ALICE Technologies and nPlan offer real-time, data-driven insights
that enable PMs to forecast project timelines with greater accuracy, thus reducing the likelihood of costly overruns
[39]. Content from [38] demonstrates that by integrating Al with 4D BIM and loT sensors, managers can
proactively identify risk factors, simulate scenarios, and dynamically reallocate resources, leading to a potential
20-25% improvement in schedule adherence. However, successful implementation requires more than tool
acquisition; it demands a comprehensive change management strategy that includes staff training, stakeholder
buy-in, and iterative learning cycles [41]. Critically, trust in Al-generated recommendations remains a barrier,
necessitating transparent algorithms and explainable outputs to facilitate adoption [36]. Furthermore, as [27]
argue, PMs who embed Al into their risk mitigation frameworks are better positioned to handle complexity,
uncertainty, and delay variability—making Al not merely a support tool, but a strategic partner in decision-
making and project delivery.

V1.  Conclusion
In conclusion, Al-driven scheduling tools have revolutionised construction project management by
enhancing forecasting accuracy, enabling real-time rescheduling, and mitigating risks associated with delays. Key
insights reveal that tools like ALICE and nPlan provide invaluable support through predictive analytics,
simulation, and integration with BIM and 10T data. However, challenges such as data quality and organisational
resistance must be addressed for broader adoption. As Al continues to evolve, further research is essential to
enhance its capabilities and ensure seamless integration. Construction project managers should embrace Al as a

strategic asset to optimise timelines and improve project outcomes.
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