<@ sustainability

Article

A BIM-Integrated Eco-Digital Framework for Markov-Based
Predictive Maintenance and Sustainability Assessment in
Educational Buildings Towards Digital Twin Readiness

Ahmed Nageeb !, Ahmed Elyamany *(0, Hatem Elbehairy 2 and Ahmed Alhady ’

W) Check for updates

Academic Editors: Ana Clara Mourao
Moura, Francisco Henrique De
Oliveira and Ana Mafalda Madureira

Received: 8 June 2026

Revised: 4 July 2026

Accepted: 8 July 2026

Published: 13 July 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

Civil Engineering Department, Faculty of Engineering, The British University in Egypt, Cairo 11837, Egypt;
ahmed.nageeb@bue.edu.eg (A.N.); ahmed.alhady@bue.edu.eg (A.A.)

Civil Engineering Department, Faculty of Engineering, Ain Shams University, Cairo 11517, Egypt;
h.elbehairy@gmail.com

Correspondence: ahmed.elyamany@bue.edu.eg

Abstract

This study proposes a BIM-integrated Eco-Digital framework for enhancing predictive
maintenance and sustainability assessment in educational buildings, supporting their tran-
sition towards Digital Twin readiness. Existing facilities often rely on reactive maintenance
practices, fragmented data systems, and limited integration of sustainability indicators,
which hinder efficient lifecycle management and environmental performance. To address
these challenges, the research develops a data-driven methodology that combines condition
assessment (CA), Markov-based deterioration prediction (DP), and sustainability metrics
within an interoperable BIM—facility management (FM) environment. The framework
is validated through a real educational building case study, where a hierarchical asset
structure and relative weighting system are established to prioritize maintenance actions
based on both functional importance and condition state. The Markov model is employed
to predict component deterioration under uncertainty, enabling proactive maintenance
planning without reliance on real-time IoT data. Sustainability is incorporated through
energy consumption analysis and lifecycle performance indicators, linking maintenance
decisions to environmental impacts. Results demonstrate improved maintenance prioritiza-
tion, enhanced predictive capability, and better integration of sustainability considerations
within facility management workflows. The proposed framework mainly contributes
to providing a practical, scalable approach for transforming conventional buildings into
data-driven, sustainable assets, offering a viable pathway toward Digital Twin-enabled
environments, particularly in contexts with limited digital infrastructure.

Keywords: Digital Twin readiness; predictive maintenance; BIM; sustainability assessment

1. Introduction

Educational buildings play a fundamental role in supporting learning environments,
research activities, and institutional development. As long-term physical assets, their
performance directly influences user comfort, productivity, and operational efficiency [1].
However, many existing educational facilities suffer from progressive deterioration due to
aging infrastructure, limited maintenance budgets, and the absence of systematic facility
management (FM) strategies [2]. Traditional maintenance practices in such buildings are
often reactive, addressing failures only after they occur. This approach not only acceler-
ates asset degradation but also leads to increased lifecycle costs, operational disruptions,
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and reduced sustainability performance. Consequently, there is a growing need to shift
toward more proactive and data-driven maintenance strategies that can enhance building
performance while optimizing resource allocation [3].

In recent years, digital transformation in the built environment has introduced ad-
vanced tools such as Building Information Modeling (BIM) and Digital Twin (DT) technolo-
gies, offering new opportunities for improving facility management practices. BIM provides
a structured platform for integrating geometric and non-geometric building data, while
DT extends this capability by enabling dynamic, real-time interaction between physical
assets and their digital representations. Despite these advancements, the implementation
of predictive maintenance within BIM-FM workflows remains limited, particularly in
existing educational buildings. Most current predictive approaches rely heavily on Internet
of Things (IoT) sensors or machine learning techniques, which require extensive histor-
ical data and advanced infrastructure that are often unavailable in typical educational
facilities. As a result, BIM models frequently remain static and disconnected from predic-
tive decision-making processes, limiting their effectiveness in supporting long-term asset
management [4,5].

Furthermore, existing frameworks rarely integrate condition assessment (CA), dete-
rioration prediction (DP), facility management, and sustainability considerations within
a single interoperable system [6]. Maintenance decision-making is often performed in
isolation from sustainability metrics, such as energy consumption and lifecycle perfor-
mance, preventing facility managers from evaluating the environmental implications of
their actions [7,8]. This fragmentation creates a critical gap in achieving holistic, data-
driven, and sustainable facility management [9]. In addition, the lack of practical, low-data
predictive models further restricts the adoption of advanced maintenance strategies in
resource-constrained environments [10]. These limitations highlight the need for an inte-
grated framework that can support predictive maintenance and sustainability assessment
without relying on real-time IoT data or complex machine learning models [11,12].

To address these challenges, this study aims to develop a BIM-integrated Eco-Digital
framework that combines condition assessment, Markov-based deterioration prediction,
and sustainability metrics within a unified facility management workflow. The frame-
work is designed to support the transition of existing educational buildings toward Digital
Twin readiness by enabling predictive, data-driven decision-making in environments with
limited data availability. Specifically, the objectives of this research are to establish a hierar-
chical asset structure and relative weighting system to prioritize building components and
spaces based on functional importance and condition state; to develop a Markov-based
deterioration prediction model capable of forecasting component performance under un-
certainty using limited inspection data; to integrate the predictive model within a BIM-FM
environment to support maintenance planning, visualization, and decision-making; and
to incorporate sustainability metrics, including energy performance and lifecycle consid-
erations, to evaluate the environmental impact of maintenance strategies. Through these
contributions, the study provides a practical and scalable approach for transforming conven-
tional facility management practices into integrated, predictive, and sustainability-oriented
systems, ultimately supporting the progression toward Digital Twin-enabled buildings.

2. Literature Review
2.1. Condition Assessment in Facility Management

Condition assessment (CA) is a fundamental component of facility management,
providing the baseline information required to evaluate the physical state of building
components and support maintenance decision-making [13]. It typically involves sys-
tematic inspection, rating, and analysis of building elements using standardized indices
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such as the Facility Condition Index (FCI) [14]. Previous studies emphasize that effective
CA enhances maintenance planning, improves resource allocation, and reduces lifecycle
costs by enabling early identification of deterioration patterns [15]. However, conventional
CA methods largely rely on manual inspections and visual assessments, which introduce
subjectivity and inconsistency in data collection [16].

Despite its importance, CA is often implemented as a standalone process, disconnected
from predictive modeling and digital systems [13]. This limits its ability to support proactive
maintenance strategies. While recent advancements have explored automated inspection
techniques using sensors and imaging technologies, their practical implementation remains
limited in many existing buildings due to cost and infrastructure constraints [17]. As
a result, there is a need to integrate CA within a broader, data-driven framework that
enhances its role from descriptive evaluation to predictive decision support [13].

2.2. Deterioration Prediction Models

Deterioration prediction (DP) plays a critical role in forecasting the future performance
of building components and enabling predictive maintenance strategies [18]. Existing ap-
proaches can be broadly categorized into deterministic, statistical, and artificial intelligence-
based models [19]. Machine learning techniques have gained significant attention in recent
years due to their ability to model complex patterns and large datasets [20]. However,
these models typically require extensive historical data and continuous data streams, mak-
ing them less suitable for buildings with limited data availability, such as educational
facilities [20].

In contrast, statistical approaches, particularly the Markov chain, offer a more practical
alternative for modeling deterioration under uncertainty [20]. Markov models represent
component degradation as probabilistic transitions between discrete condition states, al-
lowing predictions to be made using relatively sparse inspection data [21]. This makes
them especially suitable for infrastructure systems where data is incomplete or irregular.
Furthermore, Markov-based models provide transparency and interpretability, which are
essential for decision-making in FM contexts [22].

2.3. BIM, Digital Twin, and Facility Management Integration

Building Information Modeling (BIM) has emerged as a key enabler of digital trans-
formation in the architecture, engineering, and construction (AEC) industry [23]. By
integrating geometric and semantic data within a unified digital model, BIM supports im-
proved collaboration, visualization, and information management throughout the building
lifecycle [24]. In the context of facility management, BIM has been extended to support
operation and maintenance (O&M) activities, often referred to as 6D and 7D BIM [25].
However, BIM in its conventional form is largely static, lacking the capability to dynam-
ically update and predict asset performance over time [26]. This limitation has driven
the evolution toward Digital Twin (DT) concepts, which integrate real-time data, simula-
tion, and predictive analytics to create a dynamic representation of physical assets [27].
DTs have demonstrated significant potential in enhancing predictive maintenance, energy
management, and operational efficiency [28].

Despite these advancements, the integration of BIM, DT, and facility management
remains fragmented [26]. Many existing implementations focus on isolated applications,
such as energy monitoring or equipment tracking, without providing a comprehensive
framework that links condition assessment, deterioration prediction, and maintenance
execution [27]. Moreover, most DT applications rely heavily on IoT-enabled data streams,
which are often unavailable in existing buildings [29]. This creates a gap between theoreti-
cal DT capabilities and practical implementation in resource-constrained environments,
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highlighting the need for alternative approaches that can support DT readiness without
full reliance on real-time data [30,31].

2.4. Sustainability Metrics in Building Maintenance

Sustainability has become a critical consideration in the management of building
assets, particularly during the operation and maintenance phase, which accounts for a sig-
nificant portion of a building’s lifecycle energy consumption and environmental impact [32].
Traditional maintenance strategies often overlook the relationship between component
deterioration and sustainability performance, focusing primarily on cost and functional-
ity [33]. Recent studies emphasize the importance of integrating sustainability metrics such
as energy consumption, lifecycle cost, and component durability into FM practices [34].
These metrics enable a more holistic evaluation of building performance by linking mainte-
nance decisions to environmental outcomes [35]. For example, inefficient or deteriorated
components can lead to increased energy consumption and reduced operational efficiency,
while timely maintenance can extend service life and reduce environmental impact [36].

However, the integration of sustainability metrics into predictive maintenance frame-
works remains limited [19]. Existing BIM-FM workflows often lack mechanisms to quantify
the environmental implications of maintenance decisions, resulting in fragmented and in-
complete sustainability assessments [20]. This gap highlights the need for frameworks that
combine predictive maintenance with sustainability evaluation to support more informed
and environmentally responsible decision-making [37,38].

2.5. Research Gap

Although significant progress has been made in the fields of CA, deterioration model-
ing, BIM integration, and sustainability evaluation, these components are often addressed
independently in the literature [19,20]. There is a clear lack of integrated frameworks that
combine CA, DP, BIM, FM, and sustainability metrics within a unified system. Furthermore,
existing predictive maintenance approaches are frequently dependent on data-intensive
methods, such as machine learning and IoT-based monitoring, limiting their applicability
in environments with limited data infrastructure [26].

In addition, the potential of Markov-based deterioration models as a data-efficient and
transparent alternative has not been fully explored within BIM-integrated workflows [20].
Similarly, sustainability considerations are rarely embedded within predictive maintenance
models, preventing a comprehensive assessment of both operational and environmental
performance. Therefore, there is a critical need for a practical, interoperable, and data-
efficient framework that integrates all these aspects to support predictive maintenance
and enable the transition of existing buildings toward Digital Twin readiness [23]. Unlike
previous BIM-FM studies that primarily focus on information management and visu-
alization, the proposed framework integrates condition assessment, relative weighting,
Markov-based deterioration prediction, facility management workflows, and sustainability
metrics within a unified environment. Furthermore, while many Digital Twin readiness
frameworks depend on real-time IoT data streams and advanced sensing infrastructure,
the proposed approach enables predictive maintenance using periodic inspection data,
making it applicable to existing educational buildings with limited digital infrastructure. In
contrast to conventional Markov deterioration models that operate as standalone analytical
tools, the developed framework embeds deterioration forecasting directly within a BIM—
FM environment, allowing maintenance prioritization, visualization, and sustainability
assessment to be performed simultaneously. These characteristics distinguish the proposed
framework from existing approaches and provide a practical pathway toward Digital Twin
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readiness. Table 1 presents a comparison of the proposed framework with existing BIM-FM,
DT-readiness, and predictive maintenance studies.

Table 1. Comparison of the proposed framework with existing BIM-FM, DT-readiness, and predictive
maintenance studies.

Study Ir]?tlel\;[ral:?(/)[n D;;Zgio:z(t;?n Susltzzri:ll?ilz;llty DT Readiness  IoT Dependency
Gerber et al. [25] v X X X X
Boje et al. [26] v X X v v
Opoku et al. [27] v Limited X v v
Zhang et al. [20] X v (Markov) X X X
Arayici et al. [34] v X v Limited X
Flr) ;fri‘f;fk v 7/ (Markov) v v X
v the study included this aspect, x the study excluded this aspect.
3. Methodology
3.1. Research Framework Overview
This study adopts a mixed-methods approach that integrates quantitative modeling
with qualitative data collection to develop a BIM-based predictive maintenance framework.
The proposed methodology is structured around an Eco-Digital framework, which com-
bines CA, DP, sustainability evaluation, and FM within a unified workflow. The framework
is designed to support data-driven decision-making and enable the transition of existing
buildings toward Digital Twin readiness without reliance on real-time Internet of Things
(IoT) data, as shown in Figure 1.
Level Zero Level one Level Two Level Three
, L . L . L , L
Static Connected BIM-FM Intelligent Digital Full Digital
BIM Environment Twin Twin
S‘ik s:rucqmld Data & Data Integration (real-tilnfe ToT
R Workflow - (BIM+CA+DP+ connectivity, AI-
visualization Integration FM) driven optimization)

Real-Time Update
- Potential (BIM-FM

loop)

Predictive Analytics
(Markov model)

!

Digital Transformation

Figure 1. Digital Twin capability level transformation.

The methodological workflow consists of four main stages: condition assessment and
data collection, development of a relative weighting system, Markov-based deterioration
prediction modeling, and integration within a BIM-FM environment with embedded
sustainability metrics. This structured approach ensures both analytical rigor and practical
applicability in real-world facility management contexts.
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3.2. Condition Assessment (CA)

The first stage of the methodology involves evaluating the physical condition of
building components through a structured CA process. A hierarchical asset structure is
established to organize building elements into multiple levels, including building, space,
category, sub-category, and component. This hierarchy ensures consistent data collection
and facilitates detailed performance evaluation across different building systems.

A direct condition rating method is employed, where each component is assigned a
score on a standardized scale (e.g., 0-100) based on its observed physical condition [14].
Data collection is conducted through field inspections. Due to the absence of IoT infras-
tructure, manual inspection is adopted as the primary data source, representing a realistic
scenario for many existing educational buildings. The resulting condition indices serve as
the baseline input for subsequent modeling and analysis.

3.3. Relative Weighting (RW) System

To enhance maintenance prioritization, a relative weighting (RW) system is developed
to quantify the importance of different building spaces and components. The RW model
integrates user perception and spatial characteristics by combining physical attributes such
as space area and usage frequency.

A field inspection was conducted by building users, including students, academic staff,
and administrative personnel, to evaluate the functional importance of different spaces (e.g.,
classrooms, laboratories, offices). A total of 85 individuals were invited to participate in field
inspection of the building (11 faculty members, 23 teaching assistants, and 51 students), of
which 72 completed the assessment, resulting in a response rate of 84.7%. The responses
are analyzed using a Likert-scale approach to calculate relative importance scores [35].
These scores are then adjusted based on spatial parameters to produce a final RW for each
space and its associated components. This weighting mechanism ensures that maintenance
decisions are not based solely on physical condition but also consider functional criticality,
enabling a more balanced and user-centered prioritization strategy.

To improve reliability and reduce individual bias, the field inspection incorporated
a diverse group of stakeholders representing different building users. This diversity en-
hances the representativeness of the collected data and aligns with participatory facility
management approaches, where multiple stakeholders contribute to performance eval-
uation and maintenance prioritization [9]. Furthermore, the relative weights derived
from stakeholder assessments were not used independently but were integrated within a
structured hierarchical framework that also considers spatial characteristics and condition
assessment results.

3.4. Deterioration Prediction Model

To forecast the future condition of building components, a probabilistic deterioration
prediction model is developed using the Markov chain approach [18]. This method models
component degradation as transitions between discrete condition states over time, cap-
turing the inherent uncertainty and variability in deterioration processes. The model is
calibrated using CA data, where transition probabilities are derived based on observed con-
dition changes and estimated service life. A discrete-time framework is adopted, allowing
predictions to be generated at defined time intervals (e.g., annually) [20].

The Markov model is selected due to its ability to operate effectively with limited
data, making it suitable for buildings where historical maintenance records and real-time
monitoring are unavailable. The output of the model includes predicted condition states
and deterioration rates for building components, which are subsequently used to inform
maintenance planning and prioritization.
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The deterioration process is governed by a transition probability matrix Pij, which
represents the probability of a component moving from condition state i to condition state j
during a fixed time interval. The transition matrix satisfies the following Markov properties,
where the sum of transition probabilities in each row equals one, ensuring that all possible
future states are accounted for.

The model was calibrated using condition assessment data collected during the field
inspection process. Transition probabilities were estimated based on observed deterioration
patterns, expected service life information, and engineering judgment derived from facility
management records. Since the model assumes a pure deterioration scenario without
maintenance intervention, transitions to improved condition states were not permitted. An
initial condition distribution vector, v, was established from the current observed condition
states of building components. The future condition distribution after n time intervals was
then calculated as follows:

State Definitions: Discrete condition statesS={1, 2, ..., n}.

Transition Matrix Pij: Probabilities of moving from state ii to jj in a fixed interval.

Key Properties: Pij > 0 and ) jPij = 1 (probabilities sum to 1). The initial distribution v
evolves over n steps as vPn, The Markov model was selected due to its ability to operate
effectively with limited inspection data, making it particularly suitable for educational
buildings where extensive historical records and real-time IoT monitoring are unavailable.

3.5. BIM—FM Integration

The developed predictive model is integrated within a BIM-based FM environment
to enable visualization, automation, and decision support. The BIM model is created
using Autodesk Revit, incorporating data related to building components. Data interop-
erability is achieved through the use of Construction Operations Building Information
Exchange (COBie) standards, allowing seamless data transfer between the BIM model and
FM systems [25].

The integrated workflow connects predicted deterioration outputs with maintenance
management processes, enabling the generation of preventive maintenance plans and work
orders. This integration enhances the ability of facility managers to visualize component
conditions, track performance over time, and make informed maintenance decisions within
a centralized digital platform.

3.6. Sustainability Integration

To incorporate environmental considerations into maintenance decision-making, sus-
tainability metrics are embedded within the framework. These metrics focus primarily
on energy consumption and lifecycle performance, linking component deterioration to
operational efficiency and environmental impact [32].

Energy consumption data is analyzed to assess the relationship between compo-
nent condition and building performance. The integration of sustainability indicators
enables the evaluation of maintenance strategies not only in terms of cost and function-
ality but also in terms of their ecological implications. This approach supports a more
holistic understanding of building performance and aligns maintenance practices with
sustainability objectives.

3.7. Case Study Application

The proposed methodology is validated through its application to a real educational
building at the British University in Egypt. The case study provides a practical context for
implementing the framework, including data collection, model calibration, and system
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integration. Building spaces such as classrooms, computer laboratories, and offices are
analyzed to demonstrate the effectiveness of the approach in prioritizing maintenance
and predicting deterioration. The results of the case study are used to evaluate the per-
formance of the framework in terms of predictive capability, maintenance optimization,
and sustainability assessment, ensuring both theoretical and practical validation of the
proposed methodology.

4. Model Development and Case Study
4.1. Case Study Overview

The proposed framework is validated through its application to a real educational
facility. The selected building represents a typical university academic facility composed of
multiple functional spaces, including classrooms, computer laboratories, administrative
offices, and teaching assistant offices as shown in Figure 2, where Table 2 summarizes
space types with the corresponding numbers and area. As with many existing educational
buildings, the facility operates under conventional maintenance practices characterized
by reactive interventions, limited data integration, and the absence of predictive decision
support tools.

Figure 2. 3D model of building A, ground floor plan, BUE.

Table 2. Type of spaces on the ground floor with the corresponding numbers and area.

# Type Space Numbers Area m?
1 Classroom 2 95
2 Exam Office 1 122
3 IT Office 2 64
4 Meeting Room 1 33
5 Bathroom 2 79
6 Buffet 1 15
7 Computer Lab 7 411
8 Corridor/lobbies - 811
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Table 2. Cont.

# Type Space Numbers Area m?
Printing room 1 5.5
10 Drawing Room 1 124.5
11 Lecture Hall 2 513
12 Office (TA, Administrative, Dr, Deans) 11 499
Total
Total 31 2772

The case study was selected to reflect common challenges in educational environments,
including aging infrastructure, diverse component types, and constrained maintenance re-
sources. These characteristics make it an appropriate testbed for evaluating the applicability
and effectiveness of the proposed Eco-Digital framework in real-world conditions.

4.2. Asset Classification and Modeling

To support systematic analysis, the building was structured using a hierarchical asset
classification approach. The hierarchy organizes the facility into multiple levels, including
building, space, category, sub-category, and component. This structure enables consistent
evaluation of elements across different disciplines, such as architectural, mechanical, and

electrical systems, as shown in Figure 3.

[ BUE Building A ]
]

T 4
Lab Room
i 2 ke " BIM Model
Struct. : Arch. MEP. : .
| I 5 Scope

m Firefighting Alarm

[Intemalwalls] [ External Walls ] Panels Type
Energy Hourly
Consumption Usage

Space
Level
—

Category
Level
—~
r
1

8
E

Sub-Category
Level
L

|

BIM Model

Properties Type
A
—

E
[z )
B
@

-

E: (=]
E' a
H B

Instance Instance

Figure 3. Building asset hierarchy.

The collected data were mapped onto this hierarchical structure to facilitate CA,
weighting calculations, and deterioration modeling. Each space type (e.g., classrooms,
laboratories, offices) was analyzed individually to capture variations in usage, importance,
and performance requirements. This classification also supports the integration of data
within the BIM environment, ensuring compatibility with facility management workflows.
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4.3. Implementation of the Proposed Framework

The case study served as a platform for implementing the full methodology of the
proposed framework. First, CA results and RW were combined to establish a prioritized
understanding of building performance. Next, the Markov chain model was applied to
predict the future condition states of building components over defined time intervals. The
predictive outputs were then integrated into a BIM-based environment developed using
Autodesk Revit, with data exchange facilitated through COBie standards. This integration
enabled the visualization of component conditions, linking predicted deterioration states
with maintenance management processes.

A facility management (FM) system was utilized to generate maintenance plans and
work orders based on the predicted deterioration and prioritization results. As shown
in Figure 4, the proposed framework combines the Eco-Layer (energy consumption data)
and the Digital Layer (BIM, COBie data, FM software, Markov model, and RW hierarchy)
to establish a Holistic Sustainability Layer that supports deterioration forecasting and
component lifecycle planning, ultimately facilitating the transformation toward a Digital
Twin (DT)-enabled building.

Digital Layer

Eco-Layer B,’IM
E . Cobie Data
nergy .
: FM Software
Consumption Data
Markov Model
RW Hierarchy

Holistic Sustainability Layer
Deterioration Forecasting
Component lifecycle planning

Figure 4. Eco-Digital fusion and sustainability metrics for achieving the transformation to a DT-
enabled building.

5. Results and Discussion
5.1. Condition Assessment and Relative Weighting Results

The condition assessment (CA) results revealed significant variation in the physical
condition of building components across different space types. Spaces such as teaching
assistant offices and computer laboratories exhibited relatively higher deterioration levels
compared to standard classrooms and administrative areas. This variation reflects differ-
ences in usage intensity, occupancy patterns, and equipment dependency. The integration
of the relative weighting (RW) system provided an additional layer of insight by incorpo-
rating functional importance into the evaluation process. Spaces with high operational
significance, particularly computer laboratories, were assigned higher weights due to their
critical role in academic activities.

Figure 5 presents the relative weights of spaces based on building users, while Figure 6
presents the adjusted relative weights (RW), illustrating the impact of these factors on space
prioritization. The relative weights were further detailed by examining the surface area and
the number of spaces. For instance, the relative weight of computer labs initially reported
from the survey was 0.096 based on their 411 m? area, which constituted 14% of the total
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area, subsequently increasing the weight to 0.161. Table 3 provides a summary of the RW
for each category with respect to surface area, demonstrating variability across different
types of spaces. The initial relative weight for each space type, RW(SQ), was calculated
using the mean value of stakeholder responses. Subsequently, area normalization was
performed to account for the influence of space size on maintenance priority. The final RW
of each space, RW(SP), was calculated using

RW(SP) = [RW(SQ) x Area(CS)]/Z[RW(SQ) x Area(CS)] 1)

where
RW (SQ) = RW derived from user assessments based on mean response values;
Area (CS) = area of the corresponding space obtained from the case study;
RW (SP) = final normalized relative weight of the space.

Spaces Relative Weight Based on Building Users

0.12
0.1 0.096 0

0.08
0.06 0.062
0.04
0.02

0

‘\& \K‘Z’ &

&
* & &
O $ Q} e, (&)
N N \° N
S \ 0(\% & @Q‘> ‘ bo(\ _&\Q% \A\(\% &
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Figure 5. Relative weight of spaces based on building users.

Spaces Relative Weight with Respect to Surface Area
0.3 0.272

0.25 0.199
0.2 0.161
0.15

0.1
005 0042 04 0.039

0.182

S &
&S
< §

Figure 6. Relative weight of case study spaces with respect to surface area factor.

Table 3. Summary of RW values for categories and subcategories of each case study space.

Space Type RW Space Category RW Space Sub-Category RW
Walls 0.124

Architectural 0.48 Floors 0128

Windows 0.119

Classroom 0.145 Doors 0.114
' Lighting 0.139

Electrical 036 Electrical Devices 0.121

Mechanical 0.16 HVAC System 0.141
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Table 3. Cont.
Space Type RW Space Category RW Space Sub-Category RwW
Walls 0.123
Floors 0.13
Architectural 0.44
Windows 0.118
TA Offices 0.247 Doors 0.12
. Lighting 0.133
Electrical 035 Electrical Devices 0.122
Mechanical 0.21 HVAC System 0.133
Walls 0.137
Floors 0.1
Architectural 0.16
Windows 0.137
Computer Labs 0.096 Doors 0.132
) Lighting 0.195
Electrical 0-55 Electrical Devices 0.09
Mechanical 0.29 HVAC System 0.079
Walls 0.17
Floors 0.176
Architectural 0.34
Windows 0.156
Bathrooms 0.034
Doors 0.151
Mechanical 0.32 Plumbing 0.167
Electrical 0.34 Lighting 0.18
Walls 0.122
Floors 0.124
Architectural 0.42
Windows 0.12
Admin Offices 0.198 Doors 0.126
Lighting 0.124
i 4
Electrical 0 Electrical Devices 0.128
Mechanical 0.18 HVAC System 0.135
Walls 0.155
Architectural 0.46 Floors 0.165
Corridors/Lobbies 0.232 Windows 0.114
Electrical 0.38 Lighting 0.151
Mechanical 0.16 HVAC System 0.13

5.2. Deterioration Prediction Results

The application of the Markov chain model enabled the prediction of future condition
states for building components under uncertainty. Table 4 represents a one-year time-
step interval of computers’ probability transition matrix, under the assumption of pure
deterioration without maintenance, repair, or replacement. The results demonstrated that
components in high-usage spaces are expected to deteriorate at a faster rate compared
to those in less frequently used areas. The probabilistic nature of the model provided a
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realistic representation of degradation behavior, capturing variability that deterministic
approaches often fail to address, as shown in Table 5.

Table 4. One-year time-step interval of computers’ probability transition matrix.

One Year Time-Step of Condition States

P1 Excellent Good Fair Poor Failing
Excellent 0.62 0.1 0.28 0 0
Good 0 0.24 0.31 0.45 0
Fair 0 0 0.63 0.16 0.21
Poor 0 0 0 0.39 0.61
Failing 0 0 0 0 1

Table 5. Customized condition of the “computers” component through years in computer labs.

Current State of Computers (Computer Lab Space)

Years 5 4 3 2 1 Customized Deterioration
Excellent Good Fair Poor Failing Condition  Percentage
2023 0.38 0.19 0.24 0.14 0.05 4.92 98.31%.
2024 0.23 0.08 0.31 0.18 0.18 3.71 74.20%
2025 0.15 0.04 0.29 0.16 0.36 3.00 60.09%
2026 0.09 0.02 0.24 0.13 0.52 2.46 49.11%
2027 0.06 0.01 0.18 0.09 0.65 2.04 40.82%
2028 0.03 0.01 0.14 0.07 0.75 1.74 34.70%
2029 0.02 0.01 0.09 0.05 0.82 1.51 30.26%
2030 0.01 0.01 0.07 0.04 0.87 1.35 27.09%

The model successfully generated condition forecasts over defined time intervals,
allowing the identification of components approaching critical condition thresholds. This
predictive capability supports proactive maintenance planning by enabling interventions
to be scheduled before failure occurs. Compared to traditional reactive maintenance ap-
proaches, the Markov-based model offers a more structured and forward-looking strategy,
particularly in environments with limited historical data, as shown in Figure 7.

Computer Component Customized Condition without
Rehabilitation in Computer Lab Space

80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%

0.00%
2023 2024 2025 2026 2027 2028 2029 2030 2031

Figure 7. Customized condition of computers in computer labs without rehabilitation.
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5.3. Model Development, Maintenance Prioritization, and Planning

By integrating CA, RW, and deterioration prediction outputs, the framework produced
a data-driven maintenance prioritization scheme. Components with high deterioration
levels and high relative importance were identified as top priorities for intervention. This
approach contrasts with conventional practices, where maintenance decisions are often
based on immediate failures or subjective judgment. The implementation of the framework
within a BIM-FM environment allowed these priorities to be translated into actionable
maintenance plans, as shown in Figures 8-10, representing computer components in a
computer lab space. This includes detailed information that reduces the potential for con-
flicts and errors during data export and import of building components. Additionally, the
component images assist in identifying the current state of the components and addressing
any issues that arise, thus enhancing the maintenance action plan.

Owner/ Facility
Manager

— = o
——-
Entry — Export

—
BIMI
Application Layer
As-is 1- Components
Condition
Model Revit COBie
Extensi
- RLen A 2- Components
3 Components FM Deterioration
= Description Software
MANWINWIN
Software
Condition 4———  Uni-directional Information Flow

4—— Bi-directional Information Flow

Data

Maintenance, Repair & Replacement
Record/Work order/Request

Figure 8. The proposed BIM model framework.
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Figure 9. Computer component information using the COBie Extension on a computer lab.
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Figure 10. Computer properties and image from computer lab space.

5.4. Sustainability Implications

The integration of sustainability metrics provided additional insights into the rela-
tionship between component condition and environmental performance. The analysis
showed that deteriorated components are associated with increased energy consumption
and reduced operational efficiency, as shown in Figure 11, where Table 6 represents the
energy consumption data within spaces. By addressing these components through timely
maintenance, the framework contributes to improved energy performance and extended
component lifespan. This linkage between maintenance and sustainability highlights the
importance of incorporating environmental considerations into facility management work-
flows. Unlike traditional approaches that focus primarily on cost and functionality, the
proposed framework enables a more holistic evaluation of building performance, aligning
maintenance decisions with sustainability objectives.

Energy Consumption Before & After Deterioration (Bar Chart)

Critical Zone Before Deterioration

B After Deterioration
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Figure 11. Energy consumption before and after deterioration.
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Table 6. Case study energy consumption data.
Ground Floor (Room Names)
Operation
Power1  Power2 Power 3 . Gadget Data :
Time 101 102 103 104 Print Total Power
Room Consumption for
Area (m?) 15 477 744 50 55 Appliance perFloor
Watts Watts Watts Hours Items
Max occupants/day 1 16 8 14 1
Number 6 15 24 12 2 166
30 - - 7 Light .
Total consumption 1505 3150 5040 2520 420 34,860
(Wh)
Number 1 15 8 13 1 88
260 - - 5 PC
Average power 1300 19,500 10400 16,900 1300 114,400
consumption/day
Number 1 5 - 6 - 32
100 - - 5 Laptops
Average power 500 2500 - 3000 - 16,000
consumption/day
Number 1 2 3 2 1 21
- - Firefighting
02 # Alarms Average power 12 24 36 24 12 252
consumption/day
Total power
consumption based 3.22 2631 2121 2411 12.87 200.65

on Sunday kwh

5.5. Discussion

The results demonstrate that the proposed framework effectively bridges the gap
between condition assessment, predictive modeling, and facility management. The use of a
Markov-based approach offers a practical alternative to data-intensive machine learning
models, providing reliable predictions with limited data requirements. This makes the
framework particularly suitable for educational buildings and similar environments where
data availability is constrained. Figure 12 illustrates the annual deterioration progression
and prioritization of maintenance activities across TA offices, computer labs, classrooms,
and administrative offices. The chart visually demonstrates how the TA office requires
immediate intervention in 2026, followed by increasing priority shifts toward computer
labs and classroom computers in 2027 as deterioration advances.

Compared to existing BIM-FM implementations, the framework enhances functional-
ity by introducing predictive capabilities and integrating sustainability metrics. It trans-
forms BIM from a static information repository into a dynamic decision support tool.
Furthermore, the ability to operate without real-time IoT data addresses a key limitation
in current Digital Twin applications, offering a more accessible pathway toward digital
transformation. Overall, the findings confirm that integrating CA, RW, DP, and BIM-FM
workflows leads to improved maintenance prioritization, enhanced predictive capability,
and better alignment with sustainability goals.

Beyond improving maintenance prioritization, the proposed BIM-Markov framework
demonstrated tangible economic benefits through its ability to support cost-effective main-
tenance planning. The framework enables facility managers to prioritize interventions
based not only on condition assessment results, deterioration forecasts, and functional
importance, but also on maintenance cost implications under constrained budgets. In the
case study building at the British University in Egypt (Building A, first floor, 2772 m?), the
implementation of the predictive maintenance framework was benchmarked against the
previously adopted reactive and time-based maintenance approach using facility manage-
ment records obtained from the FM system during the 20242025 assessment period. The
analysis revealed that annual maintenance expenditures decreased from EGP 1,250,000
under the reactive maintenance strategy to EGP 975,000 following the implementation
of predictive and preventive maintenance schedules generated through the BIM-Markov
framework, corresponding to a cost reduction of EGP 275,000, or approximately 22%. These
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savings were distributed across multiple building spaces, including computer laboratories,
corridors, classrooms, lecture halls, and office areas, reflecting the framework’s ability
to optimize maintenance timing before critical failures occur. The reduction was calcu-
lated as the percentage difference between reactive and preventive maintenance costs
relative to the original reactive maintenance expenditure. In addition to cost savings, the
framework supports lifecycle-oriented decision-making by reducing unplanned failures,
minimizing operational disruptions, extending asset service life, and improving resource
allocation efficiency.

Chart of Predicted Deterioration of Computers in Different Spaces (2026-2027)

60.00%

55.00%

50.00%

45.00%

Deterioration Percentage

40.00%

35.00%

e TA Office

56.60%

e Admin Office
e Classroom

e Computer Lab

49.11%

46.50%

46.82%

45.81%
40.82%

37.49%

2026 2027

Year

Figure 12. Predicted deterioration of computers in different spaces (2026-2027).

5.6. Framework Scalability and Applicability

Although the proposed framework was validated using a single educational building
case study, its structure is designed to be scalable and adaptable to a broader range of
building contexts. The hierarchical asset classification, condition assessment methodol-
ogy, relative weighting system, and Markov-based deterioration prediction approach are
not restricted to educational facilities and can be applied to other building typologies,
including healthcare facilities, office buildings, commercial developments, and public
infrastructure assets.

The framework can also be extended from individual spaces or floors to entire build-
ings by expanding the asset hierarchy and incorporating additional building systems and
components within the BIM-FM environment. As the framework relies on structured
asset information and periodic condition assessments rather than continuous IoT data
streams, its implementation remains feasible for large-scale facilities with limited digital
infrastructure. These characteristics demonstrate that the framework provides a flexible
foundation for supporting predictive maintenance, sustainability assessment, and Digital
Twin readiness across a wide range of building types and geographical contexts.
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6. Contribution

This study makes several significant contributions to the field of facility management
and digital transformation in the built environment:

Integrated Framework Development: The research proposes a novel Eco-Digital
framework that integrates condition assessment, deterioration prediction, BIM, facility
management, and sustainability metrics within a unified workflow. This addresses the
fragmentation commonly observed in existing approaches.

Data-Efficient Predictive Modeling: The study demonstrates the application of a
Markov chain model as a practical alternative to machine learning techniques, enabling
predictive maintenance in environments with limited data availability.

Digital Twin Readiness without IoT Dependency: Unlike many existing frameworks,
the proposed approach does not rely on real-time IoT data, making it applicable to a wider
range of existing buildings. It provides a realistic pathway for transitioning toward Digital
Twin-enabled systems.

Integration of Sustainability into Maintenance Decision-Making: The framework
incorporates energy and lifecycle performance metrics, linking maintenance strategies with
environmental outcomes and promoting holistic sustainability.

Real-World Validation: The framework is validated through a real educational build-
ing case study, demonstrating its practical applicability, scalability, and effectiveness in
improving maintenance planning and decision-making.

Comparative Advancement over Existing Frameworks: The proposed framework
bridges the gap between BIM-FM systems, Digital Twin readiness models, and Markov-
based deterioration prediction approaches by integrating these elements within a single
interoperable workflow. This integration enables predictive maintenance, sustainability
assessment, and Digital Twin readiness without requiring extensive IoT infrastructure.

7. Conclusions

This study presented a BIM-integrated Eco-Digital framework for predictive mainte-
nance and sustainability assessment in educational buildings, supporting their transition
toward Digital Twin readiness. The research addressed key limitations in existing facil-
ity management practices, including reliance on reactive maintenance, fragmented data
systems, and the lack of integrated sustainability considerations. The results demonstrate
that combining condition assessment, relative weighting, and Markov-based deterioration
prediction within a BIM-FM environment enables structured deterioration forecasting of
component performance and more effective maintenance prioritization. The integration of
sustainability metrics further enhances decision-making by linking maintenance actions to
energy performance and lifecycle impacts.

From a practical perspective, the proposed framework provides a scalable and data-
efficient solution for improving facility management in existing buildings, particularly in
contexts where advanced digital infrastructure is not available. It offers a clear pathway for
transforming static BIM models into dynamic, predictive systems capable of supporting
long-term asset performance and sustainability goals. However, the study is subject to
several limitations. The reliance on manual inspection introduces potential subjectivity in
condition assessment, and the absence of real-time data restricts the dynamic updating
of model predictions. In addition, the framework was applied to a single case study,
which may limit generalizability across different building types and contexts. Future
research should focus on integrating IoT-based data collection, exploring hybrid models
that combine statistical and artificial intelligence approaches, and extending the framework
to multiple buildings to assess scalability and adaptability. Further work can also investigate
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automated condition assessment techniques and enhanced interoperability between BIM
and facility management systems.

If IoT sensors are implemented in future work, they would significantly enhance the
predictive maintenance framework by supplying continuous, real-time operational data
that cannot be captured through manual inspection, using sensors installed on mechanical
equipment. These data streams allow automatic generation of alerts, improved accuracy of
deterioration forecasting, and real-time updates to the Digital Twin, transforming the model
into a self-updating, sensor-driven predictive maintenance environment. Table 7 presents
the building components currently assessed through manual inspections and identifies the
corresponding components that could be enhanced with IoT sensor technologies in future
implementations to support real-time monitoring and predictive maintenance. Although
interoperability was achieved through the integration of BIM, COBie, and the FM platform,
future developments should focus on strengthening automated data exchange and syn-
chronization between BIM and FM environments. The adoption of open standards and
interoperable data protocols could further improve information consistency, reduce manual
data handling, and support the transition toward fully integrated Digital Twin ecosystems.

Table 7. Manually inspected components and proposed IoT sensor-enabled components.

Cateso Component Inspected Suitable for Tvpe of Sensor Purpose How IoT Sensor Output
gory 4 Manually? IoT Sensors? yp P Considered in DT-Model?
Periodic image /moisture
Visual defects, readings — processed to
cracks, produce a normalized
Walls v Yes X No — moisture—requires condition score. That score
manual or becomes the current state
CV inspection. input to the Markov model
(replacing manual rating).
Architectural de tselrlir(f?z;tion Crack/unevenness detection
Floors/Tiles v Yes X No — unevenness— ~ score output fed into Cl.
rimarily Sudden change flags
visgal /manual corrective maintenance.
Visual metrics — convert to
T condition score; update
Ceilings v Yes X No — Cracks, and manual component’s state in BIM and
feed Markov model.
Triggers preventive
. Tenjlpergture, Temperature, and maintenance, and updates
AC Units v Yes v Yes vibration, R .
. filter status. COBie
airflow sensors properties automatically.
Mechanical :
(HVAQ) Detect blockages Efficiency metric feeds model
Ducts v Yes v Possible Airflow sensors performance as condition s'core and HVAC
reduction components; sudden drops
’ generate FM alarms.
Update energy consumption
Ener metrics in DT, infer remaining
Smart meters consumgilion useful life (based on on/off
Lighting Fixtures v Yes v Yes . g puon, cycles), and modify Markov
motion sensors occupancy, " babilitios f
failure detection transition probabi ities for
' lighting
(usage-driven degradation).
Detect overloads, abnormal
Electrical . . . Energy usage, leakage. Instant
Switches & Sockets v Yes v Possible Smart switches . .
overload alerts. anomalies—corrective
maintenance ticket in FM.
These indicators allow DT to
Device usage predict failures. FM receives
Computers (Labs & / Yes 7 Yes Power consumption, overheating risk, auto-work orders for at-risk

Offices)

temperature sensors

energy efficiency.

devices. Energy metrics
contribute to eco-
sustainability calculations.
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