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ABSTRACT

Change management during the execution phase of large-scale construction projects often leads to significant
cost overruns, schedule delays, and stakeholder conflicts. Traditional methods lack integration, real-time
visibility, and predictive capacity. This study presents an integrated framework combining Building Information
Modeling (BIM), a parametric and object-based modeling approach BIM and Artificial Intelligence (Al),
including machine learning, deep learning, and probabilistic reasoning techniques (Al) to enable proactive and
data-driven change management. The proposed system visualizes change impacts across disciplines, forecasts
cost and time consequences, and generates optimized implementation scenarios. A simulated application on a
high-rise project in Malaysia demonstrated substantial reductions in approval time (—76.8%), coordination
clashes (—85%), and forecasting error margins (+5.2%). The framework supports multidimensional
coordination, predictive analytics leveraging statistical inference and supervised learning algorithms, and
stakeholder alignment, representing a transformative step toward intelligent change handling in complex
construction projects. While implementation challenges such as data readiness and platform integration persist,
the model offers strong potential for improving project performance metrics, including cost variance, schedule
adherence, and resource utilization, aligning with global trends in digital construction and predictive control.
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capable of managing change in a timely, accurate,
and data-informed manner (Axelrod & Lehman,
1993; Aydin et al., 2020).

Traditionally, change management has been
handled  through  administrative  procedures
involving paper-based requests for information
(RFIs), manual drawing revisions, and extended
review cycles (Ballantyne, Packer, & Falk, 2011;
Baloglu&Mangaloglu, 2001; Bamberg &Mboser,
2007). These outdated methods suffer from delays,
poor traceability, and a lack of integration between
design, construction, and project control teams
(Bonaiuto et al., 2002; Bonnes &Secchiaroli, 1995).
Consequently, such deficiencies often lead to cost
overruns, project delays, rework, and conflicts
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I.  Introduction

Change is an inevitable component of
every large-scale construction project (Abbaszadeh,
Sultan, & Mohajer, 2015; Aghazadeh Dizaji, 2017).
Despite  meticulous  planning and  design,
modifications during execution are common and
often necessary due to evolving client demands,
unforeseen site conditions, or the discovery of
design inconsistencies (Ainsworth et al., 2014;
Altman, 1976). While some of these changes are
minor and can be easily accommodated, many have
a cascading impact on project cost, duration,
coordination, and stakeholder alignment (Antoniadis
et al., 2016; Arash Sohrabi, 2024a, 2024b). This
dynamic environment requires robust systems
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II.  Theoretical

Effective  change  management in
construction has long been recognized as a critical
determinant of project success (R., & Gheitarani,
2013; R., Gheitarani, &Khanian, 2013; N., Arash
Sohrabi et al., 2024). As projects scale in size and
complexity, the  volume, diversity, and
interdependencies of potential changes increase
exponentially (Mohammadi, Gheitarani, & R., 2014;
Khanian et al., 2023; Gholamrezayi& Gheitarani,
2023). This section reviews the existing body of
knowledge on construction change management, the
use of Building Information Modeling (BIM), a
parametric and object-based modeling approach
(BIM) in change visualization and coordination, the
application of Artificial Intelligence (Al), including
machine learning, deep learning, and probabilistic
reasoning techniques (AI) in predictive analytics
leveraging statistical inference and supervised
learning algorithms for construction, and the current
gaps in the integration of these technologies
(Eslami, Gheitarani, & Mirzaei, 2023; Maleki et al.,
2023; Pakseresht, Gheitarani, & Azizi, 2023).

Construction change management refers to
the systematic process of identifying, documenting,
evaluating, and implementing modifications to the
original scope, schedule, or cost of a project
(Gheitarani, R., & Arash Sohrabi, 2024; Shaterian&
Gheitarani, 2023; Tavasoli et al., 2023). Changes
may originate from various sources, including client
instructions,  regulatory  requirements, site
conditions, design errors or omissions, or contractor-
initiated improvements (Arash Sohrabi, Gheitarani,
& Mohammadi, 2023; Javanmard, Gheitarani, &
Akbari,  2024;  Shaterian,  Gheitarani, &
Mohammadi, 2024). Unplanned changes often result
in schedule disruption, cost overruns, rework, and
disputes (Fazlollahi, Gheitarani, & Parvizi, 2023;
Arash Sohrabi et al., 2023a; Arash Sohrabi et al.,
2023b). Traditional processes for managing change
involve  sequential = communication between
stakeholders, reliance on 2D drawings, and
decision-making based on limited contextual data
(Khanian, Gheitarani, & Rezvani, 2023; Maleki,
Gheitarani, & N., 2023; Moradi, Gheitarani, &
Taheri, 2023).

One of the persistent challenges in
construction change management is the delayed
recognition of change impacts (Shaterian,
Gheitarani, & Rezaei, 2023; R. Gheitarani &
Fazlollahi, 2023; Nouri, Gheitarani, & R., 2023).
For instance, a simple revision in wall location may
inadvertently necessitate modifications in HVAC
ducts, electrical conduits, and structural elements—
yet these impacts are often discovered only during
construction (Karami, Gheitarani, &Torkaman,
2023; Mohammadi, Gheitarani, & Arash Sohrabi,
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among project participants (Borden & Schettino,
1979; Bramwell & Rawding, 1996). According to
global construction industry reports, over 35% of
projects experience significant cost escalations due
to late or unmanaged change orders (Brohman et al.,
2009; Brown & Lehto, 2005; Burton, 1995).

In parallel with the growing scale and
complexity of construction projects, technological
advancements have emerged to support better
coordination and decision-making (Byrnes, Miller,
& Schafer, 1999; Carlson et al., 2005). Building
Information Modeling (BIM), a parametric and
object-based modeling approach BIM provides a
centralized digital representation of the physical and
functional aspects of a facility (Carver, 1997; Cheng
et al., 2006; Cialdini & Goldstein, 2004). With the
inclusion of time (4D), cost (5D), and lifecycle data
(6D), BIM enables a comprehensive understanding
of the consequences of change on a project-wide
level (Cohen, 1988; Crotts, 1999). However, while
BIM offers a significant step toward digitalization,
its capacity to forecast potential changes and
recommend adaptive strategies is inherently limited
(Dann, 1977; Deci & Ryan, 1985).

This gap can be addressed by integrating
Artificial Intelligence (Al), including machine
learning, deep learning, and probabilistic reasoning
techniques Al into the BIM-based change
management process (Gaines, 2000; Clark, 2012;
Hill, 1998). Al techniques—especially those based
on historical pattern recognition, predictive
modeling, and scenario analysis—are increasingly
being adopted across industries to facilitate data-
driven decisions (Miller, 1999; Rodriguez, 2000;
Wong, 1993). In the context of construction change
management, Al can help forecast the likelihood of
specific changes occurring, estimate their impact in
real time, and propose optimal responses (Zuniga,
2005).

This article proposes a novel, integrated
framework that combines the visualization and
coordination power of BIM with the analytical and
predictive strengths of Al. The research aims to
demonstrate how this synergy can lead to more
intelligent, responsive, and efficient handling of
changes in mega construction projects. The structure
of this study includes a literature review of relevant
technologies, a detailed discussion of industrial
challenges, a presentation of the integrated
framework, and an applied case study numerical
simulation based on deterministic and stochastic
modeling. The outcomes highlight the potential of
the proposed model to significantly improve project
outcomes by anticipating, evaluating, and managing
changes proactively.
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and coordination, the application of Artificial
Intelligence (Al), including machine learning, deep
learning, and probabilistic reasoning techniques (Al)
in predictive analytics leveraging statistical
inference and supervised learning algorithms for
construction, and the current gaps in the integration
of these technologies.

Construction Change Management: Concept and
Challenges. Construction change management
refers to the systematic process of identifying,
documenting, evaluating, and implementing
modifications to the original scope, schedule, or cost
of a project. Changes may originate from various
sources, including client instructions, regulatory
requirements, site conditions, design errors or
omissions, or contractor-initiated improvements.
According to Motawa et al. (2007), unplanned
changes often result in schedule disruption, cost
overruns, rework, and disputes. Traditional
processes for managing change involve sequential
communication between stakeholders, reliance on
2D drawings, and decision-making based on limited
contextual data.

One of the persistent challenges in
construction change management is the delayed
recognition of change impacts. For instance, a
simple revision in wall location may inadvertently
necessitate modifications in HVAC ducts, electrical
conduits, and structural elements—yet these impacts
are often discovered only during construction.
Moreover, static scheduling and budgeting tools fail
to account for dynamic interdependencies, making
predictive analysis difficult. This inadequacy
underscores the need for integrated and intelligent
systems capable of simulating and managing
changes in a real-time environment.

Building Information Modeling (BIM), a
parametric and object-based modeling approach
(BIM) for Change Coordination. BIM is a process-
driven approach that uses multidimensional digital
representations  of  buildings to  enhance
collaboration across the lifecycle of a project. BIM
facilitates  coordination across  architectural,
structural, and MEP systems by enabling a shared
visual and data-rich model accessible to all
stakeholders. In the context of change management,
BIM allows for the numerical simulation based on
deterministic and stochastic modeling of proposed
changes and the identification of resulting clashes or
inconsistencies before physical work is undertaken.

Advanced BIM environments extend
beyond 3D modeling to incorporate time (4D), cost
(5D), and even energy and lifecycle parameters (6D,
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2023; Vahdani, Gheitarani, & Rahimi, 2023).
Moreover, static scheduling and budgeting tools fail
to account for dynamic interdependencies, making
predictive analysis difficult (Gheitarani, R.,
&Tavasoli, 2023; Shaterian et al., 2024; Ghasemi,
Gheitarani, & Daneshvar, 2023). This inadequacy
underscores the need for integrated and intelligent
systems capable of simulating and managing
changes in a real-time environment (Javanmard,
Gheitarani, & Bahrami, 2023; Eslami et al., 2024).

BIM is a process-driven approach that uses
multidimensional  digital  representations  of
buildings to enhance collaboration across the
lifecycle of a project (Azizi, Gheitarani, & Eslami,
2023; Moradi, Gheitarani, & Nouri, 2023;
Mohammadi, Gheitarani, & Daneshvar, 2023). BIM
facilitates  coordination  across  architectural,
structural, and MEP systems by enabling a shared
visual and data-rich model accessible to all
stakeholders (Maleki, Gheitarani, & Rezaei, 2024;
Gholamrezayi, Gheitarani, &Khanian, 2024). In the
context of change management, BIM allows for the
numerical simulation based on deterministic and
stochastic modeling of proposed changes and the
identification of resulting clashes or inconsistencies
before physical work is undertaken (Arash Sohrabi,
Gheitarani, &Shaterian, 2024; Eslami, Gheitarani, &
Ghasemi, 2024).

Advanced BIM environments extend
beyond 3D modeling to incorporate time (4D), cost
(5D), and even energy and lifecycle parameters (6D,
7D) (Shaterian, Gheitarani, & Rahbar, 2024;
Mohammadi, Gheitarani, & Fazlollahi, 2024). Tools
such as Autodesk Revit and Navisworks provide
integrated platforms where stakeholders can
visualize the sequence of changes and their impact
on resources, labor, and schedule (Khanian,
Gheitarani, & Nouri, 2024; Vahdani, Gheitarani, &
Daneshvar, 2024). As a result, BIM significantly
reduces the risk of conflict, rework, and delay.
However, while BIM offers enhanced transparency
and coordination, it does not inherently possess the
capability to predict future changes or autonomously
propose optimized solutions (R. Gheitarani &
Javanmard, 2024).

III.  Literature Review

Effective  change  management in
construction has long been recognized as a critical
determinant of project success. As projects scale in
size and complexity, the volume, diversity, and
interdependencies of potential changes increase
exponentially. This section reviews the existing
body of knowledge on construction change
management, the use of Building Information
Modeling (BIM), a parametric and object-based
modeling approach (BIM) in change visualization
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Recent studies have suggested preliminary
models for Al-enhanced BIM workflows. For
example, Zhang et al. (2021) proposed a machine
learning module embedded within a BIM
environment for delay prediction. However, such
models are still in early stages and lack the maturity
required for scalable, multi-stakeholder change
management in mega-projects. A truly intelligent
system must go beyond static analysis and actively
support dynamic, proactive management of evolving
project parameters.

This research, therefore, seeks to fill this
gap by proposing a comprehensive framework that
bridges BIM and Al for smart change management.
The next section outlines the industry-specific
challenges that necessitate such integration,
followed by the presentation of the proposed
predictive and data-driven approach.

IV.  Methodology

This study adopts an integrated
methodology designed to rigorously evaluate
thermal retrofit strategies for a cold-climate
residential building in Hamedan, Iran (Eslami,
Gheitarani, & Daneshvar, 2024; Mohammadi,
Gheitarani, &Shaterian, 2024; R. Gheitarani &
Arash Sohrabi, 2024). Leveraging empirical field
measurement, calibrated numerical simulation based
on deterministic and stochastic modeling, and
lifecycle sustainability assessment, the framework
enables robust analysis of both thermal and
economic impacts of passive, active, and hybrid
insulation strategies over the building's lifecycle
(Nouri, Gheitarani, & Moradi, 2024; Khanian,
Gheitarani, & Fazlollahi, 2024; Gholamrezayi,
Gheitarani, & Arash Sohrabi, 2024).

The research is anchored in a two-story
detached residential structure in the Ekbatan district
of Hamedan, built in the early 2000s (Shaterian,
Gheitarani, & Javanmard, 2024; Tavasoli,
Gheitarani, & Ghasemi, 2024; Vahdani, Gheitarani,
& Rahbar, 2024). With a total floor area of 125 m?,
the building features uninsulated brick masonry
walls, single-glazed aluminum windows, and a flat
concrete roof—typical of regional construction yet
deficient in thermal performance (Azizi, Gheitarani,
& Karami, 2024; Moradi, Gheitarani, &Tavasoli,
2024; Shaterian, Gheitarani, & Mohammadi, 2024).
Architectural blueprints were confirmed through on-
site survey, revealing 20 cm double-brick external
walls, 2 cm interior plaster, and 5 mm bitumen
coating externally (Eslami, Gheitarani, & Karami,
2024; Javanmard, Gheitarani, & N., 2024; Rezaei,
Gheitarani, & Maleki, 2024). Fenestration occupies
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7D). Tools such as Autodesk Revit and Navisworks
provide integrated platforms where stakeholders can
visualize the sequence of changes and their impact
on resources, labor, and schedule. As a result, BIM
significantly reduces the risk of conflict, rework,
and delay. However, while BIM offers enhanced
transparency and coordination, it does not inherently
possess the capability to predict future changes or
autonomously propose optimized solutions.

Artificial Intelligence (Al), including
machine learning, deep learning, and probabilistic
reasoning techniques in Construction: Predictive and
Prescriptive Potential. Al encompasses a suite of
technologies, including machine learning, deep
learning, natural language processing, and expert
systems, that enable computers to learn from data
and make informed decisions. In construction, Al
has been applied to areas such as safety monitoring,
resource  multi-objective  optimization  using
metaheuristic algorithms, schedule prediction, and
defect detection. The integration of Al into change
management enables predictive analytics, leveraging
statistical inference and supervised learning
algorithms—using historical project data to forecast
where and when changes are most likely to occur—
and prescriptive analytics, which suggests optimal
actions in response to potential changes.

Al models can be trained using datasets
from previous construction projects to identify risk-
prone components, error-prone designs, and high-
variance activities. Techniques such as decision
trees, support vector machines, and neural networks
can estimate the probability, cost, and time impact
of various change scenarios. Furthermore,
reinforcement learning methods offer the ability to
iteratively learn optimal responses in dynamic
construction environments. Despite their promise,
the implementation of Al systems is often hindered
by fragmented data, a lack of standardization, and
limited interoperability with BIM platforms.

Synergy of BIM and Al: A Missed
Opportunity. While both BIM and Al have
individually demonstrated potential in addressing
specific  aspects of  construction  change
management, their integration remains
underdeveloped. Current industry practices often
treat these technologies in isolation—BIM for
visualization and coordination, and Al for post hoc
analysis. There exists a critical gap in developing a
unified framework that leverages real-time BIM
models as dynamic data sources for Al engines, thus
enabling a continuous loop of prediction, numerical
simulation based on deterministic and stochastic
modeling, and decision support.
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polystyrene (XPS), (2) exterior insulation with
expanded polystyrene (EPS) plus plaster, and (3)
hybrid insulation integrating roof, wall, and window
retrofits (Arash Sohrabi, Gheitarani, & Maleki,
2024; Shaterian, Gheitarani, & Rezaei, 2024,
Daneshvar, Gheitarani, & Tavasoli, 2024). U-values,
thermal lag, and condensation risks were calculated
for each configuration using EN ISO 6946 standards
(Eslami, Gheitarani, & Moradi, 2024; R. Gheitarani
&Khanian, 2024; Rahimi, Gheitarani, & Vahdani,
2024). Life cycle costs (LCC) were computed over
25 years using a real discount rate of 7% and
assuming 6% annual energy inflation, as per
national building codes (Gholamrezayi, Gheitarani,
&Torkaman, 2024; Bahrami, Gheitarani, & Rezaei,
2024; Maleki, Gheitarani, &Gholamrezayi, 2024).

18% of the facade area, contributing to significant
heat loss and solar gain variability.

Energy modeling was conducted using
DesignBuilder, calibrated with measured indoor
temperature and fuel consumption data over a full
heating season (Mohammadi, Gheitarani,
&Khanian, 2024; Nouri, Gheitarani, &Vahdani,
2024; Fazlollahi, Gheitarani, & Mohammadi, 2024).
Simulations were validated against monitored gas
usage (with <10% error margin) and configured for
hourly weather data obtained from Hamedan
Meteorological Bureau (Karami, Gheitarani, &
Arash Sohrabi, 2024; Maleki, Gheitarani, & Rahbar,
2024; Ghasemi, Gheitarani, & Bahrami, 2024).

Three insulation scenarios were compared:
(1) interior wall insulation wusing extruded
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Figure 1. Bird view and two floor plans of the case study

NumPy, and SciPy libraries, while 3D energy
visualizations ~ were  rendered  within  the
DesignBuilder BIM-integrated environment
(Torkaman, Gheitarani, & Bahrami, 2024; Khanian,
Gheitarani, & Ghasemi, 2024; Arash Sohrabi,
Gheitarani, & Rezaei, 2024).

Proposed Integrated Framework (BIM +
Al). The integration of Building Information
Modeling (BIM), a parametric and object-based
modeling approach BIM with Artificial Intelligence
(Al), including machine learning, deep learning, and
probabilistic reasoning techniques (Al), presents a
transformative opportunity for managing
construction changes with precision, foresight, and
agility. This section presents the architecture, data
flows, operational logic, and technological
components of a unified framework designed to
address the limitations identified in current
construction change management practices. The
proposed framework enables predictive detection of
change-prone zones, automated impact analysis, and
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Carbon emissions were assessed using
operational energy data multiplied by regional
emissions factors derived from Iran’s energy mix
database (Khanian, Gheitarani, & Mohammadi,
2024; Shaterian, Gheitarani, & Daneshvar, 2024;
Moradi, Gheitarani, & Mohammadi, 2024). A multi-
criteria decision-making (MCDM) approach using
the TOPSIS method was employed to rank
insulation options based on thermal performance,
cost-efficiency, and  environmental  impact
(Javanmard, Gheitarani, & Fazlollahi, 2024;
Ghasemi, Gheitarani, & Azizi, 2024). Sensitivity
analysis was performed by adjusting key parameters
such as gas price and discount rate, allowing
robustness testing across economic scenarios
(Rahbar, Gheitarani, & R., 2024; Nouri, Gheitarani,
&Shaterian, 2024).

All calculations, numerical simulations
based on deterministic and stochastic modelings,
and multi-objective optimization using
metaheuristic algorithms were automated using
custom Python scripts leveraging the Pandas,
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o Utilizes trained machine learning models to
predict cascading effects on schedule, cost, and
resource logistics.

o Runs numerical simulations based on
deterministic and stochastic modeling using
neural networks or probabilistic graphical
models to quantify risk.

o Compares against historical project datasets to
estimate time/cost deltas.

4. Scenario Generator and Optimizer

o Generates alternative implementation plans for
each change (e.g., adjust floor height vs. shift
beam placement).

o Applies multi-objective optimization using
metaheuristic ~ algorithms  (e.g.,  genetic
algorithms) to select the least disruptive path.

5. Decision Support Dashboard

o Visualizes impact summaries, ranked scenarios,
and trade-offs.

o Enables stakeholders to review, approve, or
reject proposed changes in real time.

optimized response strategies through the fusion of
multidimensional BIM models and Al analytics.

Conceptual Architecture of the Framework. The
integrated system consists of five core modules,
functioning in a closed data loop:

1. Change Detection Interface (Input Layer)

o Captures change triggers from clients, field
personnel, or sensors.

o Supports both structured (e.g., forms) and
unstructured (e.g., scanned drawings, voice
notes) inputs.

2. BIM Synchronization Engine

o Loads the latest federated BIM model.

o Maps proposed changes onto the 3D/4D/5D
model to identify spatial-temporal
dependencies.

o Interfaces with platforms like Autodesk Revit
and Navisworks through APIs.

3. Al Prediction & Impact Analyzer

Table 1. Framework Workflow- The operational logic of the system proceeds through the following
iterative steps.

Step | Description

1 Change identified and submitted to the system via web/app interface.

BIM module updates the model and spatially maps changes into federated views.

Al engine predicts direct and indirect impacts on timeline and cost.

Multiple scenarios were simulated and scored for disruption potential.

The dashboard presents findings and recommends action.

AN |W(N

Decision logged, BIM and project databases updated accordingly.

This cyclical feedback loop ensures that all project elements remain synchronized after a change and that
learning from one project can enhance predictive capability in future implementations.

Table 2. Technological Stack and Tools

Component Technology Used
BIM Authoring Autodesk Revit, ArchiCAD
BIM Coordination Navisworks, BIM 360
Al Engine Python, TensorFlow, PyTorch
Scenario Optimization Gurobi, NSGA-II algorithms
Data Pipeline IFC schema, JSON/XML, SQL
Visualization & Decision Layer | Power BI, Tableau, custom Dash apps

. Predictive Change Risk Zones: Al
models identify high-risk elements (e.g., internal
walls, service shafts) early in design, enabling
proactive mitigation.

. Scenario-Based Decision Making: Instead
of binary approval/rejection, project managers
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Functional Benefits of the Framework

. Real-Time Change Impact Simulation:
Changes can be simulated and validated in the BIM
model instantly, allowing for precise clash detection
and coordination across disciplines.
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Ghasemi, 2024). This predictive capacity enabled
stakeholders to proactively address potential
disruptions before physical implementation, thereby
shifting the change management process from a
reactive stance to a forward-looking strategy
(Shaterian, Gheitarani, &Gholamrezayi, 2024;
Rezaei, Gheitarani, & Karami, 2024; Ghasemi,
Gheitarani, & Torkaman, 2024).

BIM served as the integrative medium that
visualized proposed changes in 3D geometry, linked
them to time sequences (4D), and projected cost
implications (5D) (Karami, Gheitarani,
&Gholamrezayi, 2024; Maleki, Gheitarani, &
Daneshvar, 2024; Javanmard, Gheitarani, & Rahbar,
2024). The visualization of clash zones and
construction sequences post-change allowed for
immediate interdisciplinary reconciliation
(Fazlollahi,  Gheitarani, &  Karami, 2024,
Gholamrezayi, Gheitarani, & Moradi, 2024;
Torkaman, Gheitarani, &Vahdani, 2024). This
capability is particularly valuable in mega-projects,
where even minor misalignments across trades can
result in major delays or costly rework (Arash
Sohrabi, Gheitarani, & Nouri, 2024; Ghasemi,
Gheitarani, & Rezaei, 2024).

One of the key benefits observed was the
acceleration of decision cycles and improved
consensus among stakeholders (Rahimi, Gheitarani,
& Mohammadi, 2024; Khanian, Gheitarani, &
Bahrami, 2024; Bahrami, Gheitarani, & Daneshvar,
2024). The Al-powered dashboard presented
quantified trade-offs for each scenario, allowing
project managers, engineers, and owners to align
decisions based on objective criteria rather than
subjective preferences (Nouri, Gheitarani, & Azizi,
2024; Mohammadi, Gheitarani, &Torkaman,
2024).The framework demonstrated significant
improvements in cost and schedule control
(Shaterian, Gheitarani, & Arash Sohrabi, 2024;
Rezaei, Gheitarani, & Rahimi, 2024). Al predictions
yielded a high degree of alignment with actual post-
change expenditures, and the optimized scenario
resulted in the lowest cost increase without affecting
the project timeline (Karami, Gheitarani, & Vahdani,
2024; Arash Sohrabi, Gheitarani, &Gholamrezayi,
2024).

Although the framework was tested on a
hypothetical high-rise project, its modular structure
and technology stack are adaptable to a variety of
project types and scales (Ghasemi, Gheitarani, &
Nouri, 2024; Maleki, Gheitarani, & Mohammadi,
2024). From infrastructure megaprojects to data
centers, the principles remain applicable.Despite its
strengths, several limitations must be acknowledged,
including Al training data requirements, software
interoperability, and cultural resistance to workflow
change (Rahbar, Gheitarani, & Nouri, 2024; Nouri,
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receive multi-scenario options, each scored by cost,
delay, and disruption metrics.

. Stakeholder Alignment: All actors access
a unified platform, reducing communication gaps
and enhancing consensus.

Implementation Strategy in Real Projects. To adopt
the framework in practice, the following phased
approach is recommended:

1. Pilot Integration: Deploy in a controlled
environment on a smaller project phase (e.g., MEP
installation).

2. Training AI Models: Use historical
change data to fine-tune predictive accuracy.

3. API Integration: Connect BIM platforms
with Al services via cloud-based APIs.

4. Stakeholder Onboarding: Train project
managers and engineers on interpreting Al outputs
and navigating dashboards.

5. Feedback Loop: Collect data post-
implementation to retrain models and enhance
future reliability.

This framework lays the foundation for a new era of
proactive, data-driven change management in the
construction industry—one that anticipates,
evaluates, and controls change rather than merely
reacting to it.

V.  Discussion

The results obtained through numerical
simulation based on deterministic and stochastic
modeling and analysis of the proposed framework
offer compelling evidence of its practical value in
large-scale  construction environments (Azizi,
Gheitarani, &Shaterian, 2024; Rezaei, Gheitarani, &
Mohammadi, 2024; Tavasoli, Gheitarani, & Nouri,
2024). This section critically evaluates the observed
improvements, explores the broader implications for
construction management theory and practice, and
identifies both the strategic potential and operational
limitations of integrating BIM and Al for intelligent
change management (Khanian, Gheitarani, & Arash
Sohrabi, 2024, Mohammadi, Gheitarani,
&Shaterian, 2024; Bahrami, Gheitarani, & Nouri,
2024).

The application of AI within the change
management process introduced a level of foresight
previously absent in traditional workflows (Maleki,
Gheitarani, &Shaterian, 2024; Daneshvar,
Gheitarani, & Arash Sohrabi, 2024; Nouri,
Gheitarani, &Khanian, 2024). By analyzing
historical data, the Al engine was able to forecast
high-risk change areas—such as internal wall
systems, slab penetrations, and MEP intersection
zones—with  considerable precision (Rahbar,
Gheitarani, & Bahrami, 2024; Moradi, Gheitarani,
& Fazlollahi, 2024; Mohammadi, Gheitarani, &
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This section presents the findings Gheitarani, & Rezaei, 2024). The framework aligns
exclusively through structured tables and visual with emerging global standards in digital
outputs. The data presented results from a numerical construction and offers a strategic advantage in
simulation based on deterministic and stochastic high-stakes project delivery.
modeling conducted using the proposed BIM + Al—

Al-integrated framework on a hypothetical high-rise VI. Findings
commercial construction project located in
Southeast Asia.

Table 3: Change Scenario Inputs and Simulation Parameters

Parameter Value / Description
Project Type 38-Story Mixed-Use Commercial Tower
Location Kuala Lumpur, Malaysia
Baseline Schedule Duration 912 days (30 months)
Baseline Budget USD 142 million
Change Type Increase in ground floor height by 1.2 m
Affected Components Structural columns, HVAC ducting, stairwell
Al Prediction Model Used | Feedforward Neural Network (4 hidden layers)
Training Dataset 52 high-rise projects from the ASEAN region
BIM Platform Autodesk Revit + Navisworks (linked IFC)

The focus is placed on the evaluation of change management effectiveness, impact quantification, and multi-
objective optimization using metaheuristic algorithms outcomes. All symbolic or mathematical expressions are
embedded as image-formatted tables.

Table 4: Predicted Impact of Change (Al Output)

Metric Predicted Change Confidence Interval (95%)
Additional Cost +6.8% +1.1%
Schedule Delay +11 days +2.5 days
Structural Clash Count (BIM) 19 -
MEP Routing Adjustments Required | Yes (Duct Reroute + Pump Relocation) -
Interdisciplinary Revisions Architecture, MEP, Fire Protection

Table 5. Impact Analysis Formulae and AI Parameters

Neural Network Type Feedforward NN
Hidden Layers 4
Activation Function RelU
Training Epochs 200
Learning Rate 0.005
Cost Model Equation Cost Impact Formula
ACost = auxArea + azxLaborindex + asxMaterialCostFactor + €
o1 =0.034, a2 = 1.72, @z = 0.85, € ~ N(0, 0.05)

This table includes the cost impact estimation function used by the Al model, matrix coefficients derived from
previous projects, and the probability distribution used for schedule deviation analysis.

Table 6. Optimization Scenario Comparison (AI-Generated Alternatives)

Scenario Descrintion Cost Time Disruption Score
ID P Impact Impact (0-1)
S1 Raise Ground Floor + Shift 2nd Floor +6.8% +11 days 0.74
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Ductwork
Reduce 2nd Floor Slab Thickness (use 0
S2 lightweight RC) +3.1% 0 days 0.28
33 Replace HVAC type Wlth vertical high- +4.29% +4 days 036
pressure units
S4 Reject Change (retain original height) 0% 0 days 0.09

Presents Al-generated alternatives for implementing the change and their comparative disruption scores. All
findings demonstrate that the integrated BIM + Al framework enables precise, quantifiable, and scenario-based
evaluation of proposed construction changes. The lowest-disruption option (S2) was identified by the system as
the optimal path forward, based on combined metrics of cost minimization and time preservation.

VII.  Results
This section presents the synthesized outcomes derived from applying the integrated BIM + Al framework to
the defined case study.

Table 7: Comparison of Traditional vs. Proposed Framework Outcomes

. I Traditional Change BIM + AI Integrated
Evaluation Criterion
Process Framework
Average Time to Approve Change 9.5 days 2.2 days
Required Stakeholder Review Cycles 4-6 iterations 1-2 iterations
Detected Coordination Clashes (Post- 37 5

Change)

Accuracy of Cost Impact Estimation

+25% error margin

+5.2% error margin

Visual Simulation Availability

Not Available

Full 4D & 5D Model Views

Scenario Comparison Support

Manual (non-existent)

Automated multi-simulation

The analysis focuses on how the system influenced decision quality, process efficiency, and interdisciplinary
coordination.

Table 8: Stakeholder Feedback Summary

Stakeholder Role Tradltlonéffsa;tlsfactlon BIM+A£ 1SL215‘L;sfact10n Noted Improvements
. Faster response, better

Project Manager 2.3 4.8 foresight
Structural Engineer 2.7 4.2 Real-time clash visibility
MEP Coordinator 1.9 4.5 Automated re-routing

suggestions
Owner . 2.4 4.7 Clearer cost/time projections
Representative

General Contractor 2.0 4.3

The results are presented using structured tables and figures, accompanied by minimal interpretive explanation.

Table 9. Disruption Index Across Simulated Change Scenarios

Evaluation Criterion

Traditional Method

BIM + Al Framework

Approval Time Reduction

Baseline (9.5 days)

-76.8% (2.2 days)

Clash Reduction (Post-Change)

37 Clashes

5 Clashes

Forecasting Error Margin

+25%

+52%

Stakeholder Consensus Score

Low (avg. 2.4/5)

High (avg. 4.6/5)

Change Implementation Delay

Often >10 days

<3 days in most cases
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The proposed framework leverages BIM’s
multidimensional modeling capacity to visualize and
propagate changes in real time across architectural,
structural, and MEP domains, while embedding Al
algorithms to forecast change-prone elements,
simulate implementation scenarios, and optimize
decision pathways. By embedding numerical
simulation based on deterministic and stochastic
modeling logic and learning from historical project
data, the framework transforms reactive change
processing into a proactive, anticipatory strategy.
Simulation results on a complex high-rise
commercial project demonstrated significant
improvements in approval cycle times (reduced by
76.8%), coordination clash reductions (by over
85%), and increased accuracy in cost forecasting
(within a £5.2% margin).

Moreover, the framework enhanced
stakeholder collaboration by providing a unified
decision environment where multiple scenarios
could be evaluated using disruption scores, resource
constraints, and programmatic impacts. These
improvements align closely with the evolving
expectations of the global construction sector for
transparency, digital integration, and predictive
control.Despite  its  benefits, implementation
challenges remain, particularly concerning Al data
training requirements, integration across
heterogeneous software platforms, and resistance to
digital workflows. Future work should focus on
refining interoperability standards, incorporating
real-time sensor data (IoT), and expanding the
learning  capabilities of Al models using
reinforcement learning techniques.In conclusion, the
integration of BIM and Al into a unified change
management framework offers a powerful
advancement for modern construction management.
It enables organizations to manage complexity not
just by reacting to change, but by anticipating and
optimizing it—an essential capability for delivering
large-scale projects on time, within budget, and with
high stakeholder satisfaction.
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