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Digital twin (DT) promises advanced analysis, prediction, and reasoning to address challenges in industrial
scenarios. However, existing DT studies in literature predominantly focus on creating 3D digital replicas rather
than on prediction and reasoning. This paper proposes a novel Blockchain 4.0-DT (BC4DT) paradigm to leverage
blockchain-based project ‘transactions’ with automated and interpretable machine learning to realize prediction
and reasoning in distributed Construction Project Management (CPM). This paper validates the BC4DT paradigm
using a pioneering cross-border modular construction project, including manufacturing, transportation, and on-
site assembly phases. As a result, BC4DT achieved a satisfactory prediction of a modular construction project’s
total production cycle (R?> = 0.972). Furthermore, industrial experts verified BC4DT’s reasoning regarding
interpretable, significant project barriers; thereafter, steering recommendations were made for industrial prac-
titioners based on BC4DT’s reasoning and findings. The contribution of this paper is twofold. First, BC4DT is an
innovative Blockchain 4.0 paradigm that fulfills DT’s promises of prediction and reasoning for industries. Sec-
ondly, the findings in the distributed CPM case support industrial practitioners in learning from pioneering

projects to improve training and production and to adopt novel modular construction on a large scale.

1. Introduction

Construction project management (CPM) is inherently distributed
and complex (Bryde et al., 2013). The interweaving of complex and
redundant CPM information often results in various problems. Examples
of such problems include conflicting interests among stakeholders
(Taylan et al., 2014), diverse roles of participants (Atlam et al., 2020;
Vrchota et al., 2021), uncertainty in dynamic environments (Stanitsas
et al., 2021), and outdated models and schedules (Xue et al., 2018).
Wong et al. (2024) pointed out that between 50 and 80 percent of all
problems on construction sites are caused by delays or a lack of accurate
information. As a result, concerns have been raised about the in-
efficiencies of CPM; this is especially worrisome given productivity on
construction projects has shown minimal gains over the past 50 years
(Daboun et al., 2023). Currently, construction projects are becoming
increasingly complex (Wang et al., 2020), while the composition of
stakeholders involved in CPM is also growing more diverse (Li et al.,

2024). Current CPM faces significant challenges in coordinating man-
agement and supporting data-driven decision-making (Owusu et al.,
2019).

In recent years, the Digital twin (DT) has shown significant potential
in solving the problem of collaboration in CPM (Qi & Tao 2018). In the
practice of modern CPM, data is often limited to isolated workflow (or
paper documents) (Zhang et al., 2025). But DT can better connect the
data in the whole life cycle of construction projects (Mutesi & Kyakula
2011; Zhao et al., 2023). DT also facilitates optimization decisions by
simulating the behavior of real systems (Boje et al., 2020). At present,
the application of DT has been extended to many fields. These areas
include carbon emission prediction, equipment safety maintenance and
fire risk assessment (Atlam et al., 2020).

However, existing DT research has primarily focused on digital
replicas, while the analytical, predictive, and reasoning capabilities
essential for CPM remain underdeveloped. Such limitations severely
constrain DT’s potential to address the complexities of distributed CPM
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(Qi & Tao 2018). Specifically, numerous technical bottlenecks persist in
practice regarding the integration of cross-organizational data flows, the
implementation of automated processes, and the effective handling of
unstructured information (Grieves & Vickers 2017).

Currently, blockchain technology offers a solution for coordinating
distributed CPM and centralized DT (Bodkhe et al., 2020). As an
emerging technology, blockchain is gaining increasing adoption in the
construction industry due to its characteristics of decentralization,
immutability, and transparent traceability (Wu et al, 2022). By
providing a decentralized, tamper-proof ledger, all participants have
identical copies of the data (Wu et al., 2022; Sadeghi et al., 2023; Li
et al., 2022). Currently, the leading blockchains used for CPM are
Blockchain 1.0 and 2.0, as well as web-based DApps. Blockchain 1.0
introduced digital currencies like Bitcoin and emphasized the
programmability of currency. Blockchain 2.0 is built on smart contracts,
which allow for the automated execution of agreement terms (Li et al.,
2021; Perera et al., 2020). However, Blockchain 1.0, 2.0, and web-based
DApps only partially meet DT’s CPM needs. Applying blockchain to CPM
DT faces two key limitations: higher latency and reliance on a stable
internet connection (Wu et al., 2022; Mahmudnia et al., 2022). At the
same time, new Blockchain 3.0 paradigms are emerging that reduce
synchronization latency and maintain synchronization capabilities in
network-less environments (Zhao et al., 2023). Blockchain 3.0 primarily
functions as a high-performance ledger, while addressing scalability and
interoperability challenges. Blockchain 4.0 signifies the convergence of
blockchain with artificial intelligence technologies, aiming to enable
automated prediction and reasoning within distributed industrial envi-
ronments (Soori et al., 2023). However, the existing blockchain tech-
nology has not yet solved the problem of processing and analyzing many
redundant data in CPM.

Therefore, this paper aims to propose a new Blockchain 4.0-Digital
Twin (BC4DT) paradigm. BC4DT can realize evidence-based analysis,
prediction and reasoning, which is also the function promised by DT to
distribute CPM. To improve the data analysis, prediction and reasoning
ability of DT, BC4DT paradigm integrates automated and interpretable
ML into the DT of CPM based on blockchain. In addition, the BC4DT
paradigm has been verified by a cross-border modular construction
project. The main contribution of this paper is twofold: First, the pro-
posed BC4DT paradigm has the core capabilities of data analysis, pre-
diction and reasoning which goes beyond the DT method commonly
used in CPM. Second, BC4DT has important practical application value.
CPM based on BC4DT can help construction practitioners achieve more
efficient and transparent project cycle management through interpret-
able ML algorithms. In addition, the function has also been tested by
actual cases and qualitatively explored with industry experts.

Section 2 reviews related work, setting the stage for the proposed
BC4DT framework detailed in Section 3. Feasibility is then examined
through a specific case study in Section 4, while Section 5 offers a critical
analysis of our experimental results. Section 6 concludes the study.

2. Literature review
2.1. Centralized DT for CPM

The UK National Infrastructure Commission (2017) points out that
digital twins (DT) are essentially a form of data representation. This data
representation can embed real-time data and other relevant information
into infrastructure management processes. Although Grieves and
Vickers (2017) defined DT as a digital replica for real-time monitoring
and predictive analytics. The applications of DT in the construction in-
dustry remain constrained by interoperability issues. Alsakka et al.
(2024) observed that early DT primarily focused on geometric colli-
sion detection based on Building Information Modeling (BIM). Conse-
quently, these early DT implementations failed to meet the on-site
management and monitoring capabilities required by CPM. Researchers
are integrating DT with Internet of Things (IoT) technology. After
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integration, construction projects can achieve accurate real-time
tracking of materials and equipment on site (Sreedharan et al., 2025).

Despite DT’s immense potential in the construction sector, several
bottlenecks hinder DT’s application in CPM scenarios. For instance,
Dangana et al. (2022) point out that significant delays in updating field
data often compromise the reliability of DT-based BIM models.
Furthermore, existing commercial platforms lack unified BIM standards.
The absence of standardized protocols often forces practitioners to rely
on manual data entry, which is prone to errors. The resulting semantic
interoperability gaps further limit the widespread applicability of DT
within CPM (Kong et al., 2025). At the same time, current technologies
heavily rely on cloud architecture, which places extremely high de-
mands on network bandwidth stability within CPM (Knebel et al., 2023).

Despite researchers’ attempts to address the above issues, the results
have not yet met expectations. While hybrid architecture integrating
blockchain and DT can enhance data integrity (Yaqoob et al., 2020),
computational inefficiency and latency issues remain persistent.
Furthermore, current DT applications only replicate data, failing to
deliver on DT’s promised data-prediction capabilities (Zhong et al.,
2023). The “black box” nature of ML algorithms often fails to meet
CPM requirements for project implementation transparency and result
credibility (Chen et al., 2023; Chen et al., 2025).

2.2. Distributed CPM

The goal of CPM is to manage the entire life cycle of construction
projects (Sears et al., 2015). Project stakeholders want to implement
CPM to ensure that deliverables meet time, budget and quality param-
eters. As Mostofi et al. (2025) emphasized, the key determinant of the
successful implementation of construction projects is the establishment
of a cohesive collaborative framework.

In order to solve the long-standing problems of lack of trust and low
efficiency in CPM, new technologies such as building information model
(BIM), Internet of things (IOT) and blockchain are widely used. Among
them, in the design phase, BIM was used to support stakeholders to
flexibly adjust material plans, and spatial conflicts were effectively
resolved (Lu et al., 2019). The IoT collects key environmental and
equipment data through sensors, and real-time monitoring of the con-
struction site is realized (Oesterreich & Teuteberg, 2016). In addition,
studies have confirmed that the application of the IoT in material
traceability and quality inspection has significantly improved the
overall safety and delivery efficiency of the project (Teizer et al., 2017;
Li et al., 2022; Liu et al., 2020).

Although these new technologies have been widely adopted by CPM
practitioners, the development of modern CPM still faces many obstacles
(Oesterreich & Teuteberg, 2016; Alshboul, 2024). Existing literature
shows that in the past three decades; six key challenges have been
continuously considered in relevant research (Harris et al., 2021). The
first challenge is system compatibility and institutional resistance to new
technologies. The second challenge is the lack of capacity of construc-
tion practitioners and the changing regulatory policies, both of which
constitute major obstacles. The third challenge is the project budget
constraints and the inherent complexity of the project itself, which
cannot be ignored (Galloway, 2006; Azhar et al., 2012; Kerzner, 1998).

2.3. Blockchain in CPM

Traditional centralized databases inherently suffer from a single
point of failure (Liu et al., 2024). Blockchain technology is dedicated to
solving the single truth problem. By using the distributed ledger and
password authentication mechanism, the blockchain ensures that every
node in the network maintains a complete copy of data (Li et al., 2018).
In addition, the chain structure formed by the hash algorithm ensures
the tamper proof nature of the blockchain (Luntovskyy & Guetter,
2019). Besides, the consensus mechanism within the blockchain (such
as proof of work and proof of interest) shows its application potential in
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engineering collaboration and resource management scenarios (Wang
et al., 2019).

In the current CPM, blockchain technology is driving many changes.
The smart contract of blockchain significantly optimizes the project
payment process by automatically executing terms. Research shows that
smart contracts effectively eliminate the time delay caused by tradi-
tional manual review (Natanelov et al., 2022). Secondly, in the field of
supply chain management, blockchain can realize end-to-end tracking of
building materials from production to installation (Wu et al., 2022). It is
worth noting that the integration of blockchain and Internet of things
has been successfully implemented in large-scale construction projects
(Lu et al., 2023). In addition, blockchain shows unique value in risk
management. The traceability of blockchain provides reliable data
support for solving engineering disputes (Sadeghi et al., 2023).

Although blockchain technology has broad application prospects, its
application in construction projects still faces multiple challenges. At the
technical level, the data processing capability of the existing blockchain
system is difficult to meet the real-time interaction requirements of
large-scale engineering projects. Interoperability between different
blockchain platforms remains unresolved (Natanelov et al., 2022). In
terms of law and regulation, there are significant regional differences in
the recognition of the legal effect of smart contracts (Ma, 2020). In terms
of industry awareness, most construction company managers have
limited understanding of blockchain technology. Differences in knowl-
edge severely limit the adoption of technological innovation in the
construction sector (Olawumi et al., 2022). In addition, the initial
deployment cost of blockchain system is still a major obstacle for small
and medium-sized companies to adopt blockchain system (Perera et al.,
2021).

2.4. Research gap
CPM is essentially distributed. Integrating centralized DT with CPM

usually raises concerns about data trust and latency. Although block-
chain provides a decentralized trust solution, the existing blockchain

Steps
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implementation in the construction industry (blockchain 1.0-3.0) is
limited to distributed information storage and heavily relies on a stable
network environment. In addition, the existing blockchain DT integra-
tion solutions lack data prediction and reasoning capabilities. Therefore,
there is an urgent need for a new CPM paradigm that integrates block-
chain and DT. The new paradigm needs to ensure data security and
realize the intelligent data analysis capability promised by DT in CPM.

3. BC4DT framework for CPM

Fig. 1 outlines the research methodology of this paper. First, the
problem identification and gap analysis phase identified challenges
arising from the gap between centralized DT and distributed CPM.
Subsequently, the system architecture design phase focused on devel-
oping a schema for CPM transaction data, establishing the framework
for the paradigm, and defining its operational workflow. The developed
paradigm was implemented in a modular construction case study during
the BC4DT paradigm implementation phase. Finally, the evaluation and
communication phase involved a thorough performance analysis and
the communication of results from applying the BC4DT paradigm.

3.1. A scheme of CPM transaction data

Table 1 presents a structured record of tasks in a construction proj-
ect, with each entry containing specific details necessary for task
tracking and management. The table columns include the following key
components.

e ID: A unique identifier for each record.

e Task ID: The identifier for the specific task associated with the re-
cord, which helps distinguish various activities.

e User ID: The ID of the user responsible for performing the task,
linking the task to a particular individual.

e Org ID: The unique identifier of the organization responsible for
executing the task.

Expected Output

Problem identification & gap analysis

The problem between centralized construction
digitaltwin and decentralized project management

System architecture design

B

h

. A schema of CPM transaction data

. Framework of the BC4DT paradigm

. Workflow of the BC4DT paradigm

. ML pipeline and algorithm pool

. Interpretable analysis of trammed ML, models

Empirical validation (case study)

Prototype deployment: pilot implementation 1n a
modular construction project

Evaluation and communication

Performance analysis and results of BC4DT paradigm

Fig. 1. Research methodology in this paper.
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Table 1
Example transaction data of a construction project.
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ID Task ID User ID Org ID Module ID Timestamp Status General data
01 12 12 01 A-10F-01-M-M1 2021/8/2 9:47:11 1 {“inspectionTask™: “...”, “imgUrl”: “...”, “PDFUrl™ “...”}
02 13 12 02 A-10F-01-M-M1 2021/8/2 9:49:33 0 {“inspectionTask™: .7, “PDFUIl™ «..."}

e Module ID: The code representing the specific module or subtask to
which the task belongs, facilitating traceability.

e Timestamp: The exact time the task was recorded or updated, used
for progress tracking.

e Status: The status identifier of the task; 1 represents “Active” or
“Completed,” 0 represents “Inactive” or “Pending”.

e General Data: Contains supplementary information related to the
task, such as inspection details, image links, or .pdf file links.

The general data fields primarily contain supplementary information
about the project, such as the uploader’s IP address, account details,
signature hash, or verification information. All information in the gen-
eral data fields is stored in JSON format. BC4ADT employs a hybrid
storage model, combining on-chain hash storage with off-chain physical
storage. General data fields stored directly on the blockchain contain
only a cryptographic index and an InterPlanetary File System (IPFS)
content identifier. Raw sensitive data (such as IP addresses and user
information) and large files (such as images and PDFs) are stored on
IPFS. Data stored on IPFS is linked to the blockchain ledger via hash
values.

3.2. The BC4DT framework

Fig. 2 illustrates the architecture of BC4DT. The application layer
comprises two core functional modules: the Digital Twin Module,
designed as a centralized digital twin unit, generates and maintains the
digital mapping of the building entity; and the Application Module, built

as an interactive unit for various building stakeholders, provides prog-
ress tracking, mobile and web applications to support project manage-
ment needs in different scenarios.

The blockchain network support layer is composed of multiple
complementary modules. Different modules jointly ensure the reliable
operation and intelligent analysis ability of the system. The Cached Twin
Module directly interfaces with the Digital Twin Module, which can
realize the functions of fast data synchronization and offline query. The
Artificial Intelligence Module is responsible for project cycle prediction,
AutoML deployment, interpretable ML analysis and other tasks. The
Artificial Intelligence Module also interacts with the blockchain network
to realize the trusted storage of data. The core functions of the block-
chain network are implemented collaboratively by multiple sub-
modules. The User Management Module performs identity governance
functions such as user registration, identity certificate issuance, and
identity card management. As the core execution unit of the blockchain
network, the Smart Contract Module can realize smart contract
deployment, automatic transaction triggering and other operations. The
Data Transaction Module provides basic functions such as consensus
management, distributed ledger maintenance, peer-to-peer protocol
operation, and ledger storage. The Additional Storage Module interfaces
with the InterPlanetary File System (IPFS) to expand storage capacity.

3.3. The BC4DT workflow

Fig. 3 illustrates the workflow of BC4DT. The BC4DT workflow be-
gins when users participating in CPM submit inspection data through the

Apphication module

Digital twin module (DTM)

;~\ Digital Twin (Centralized)

=

= L Cached twin module (CTM) |

i+ Data index and analytics

i * Fast synchronization and offline
i functions

i *  Offline enquiries

Artificial Intelligence Module (ATM) |

1 »  Forecast project completion time
.+ AutoML tools
i+ Interpretable machine learning

Application layer

S+ Work progress tracking
E *  Mobile and web applications
i+ Applicable to multiple stakeholders

8 &

J User management module (UMM)

| o y s

1+ User identity registration
|+ Identity certificate issuance
* Identity card management

Blockchain network I

Smat contract module (SCM) |

*  Smart contracts
*  Automatic tracsaction
*  Secure container

Fig. 2. The framework of the BC4DT.

Construction Stakeholders

-

Additional storage module (ASM) |

+ InterPlanetary File System (IPFS)

[ Data transcation module (DTM)

* Consensus manager
*  Distribuate ledger
*  P2P protocol

*  Ledger storage



R. Zhao et al.

Computers & Industrial Engineering 220 (2026) 112253

i) = [®
CPM and user | Application layer l Smart contract
L q T .
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Return Error Message
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Syne State

Cached Twin l Blockchain network ‘ Al server ‘
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2 L] 1

Synchronization Request
( When network recovery,

_ Synchronized Data

Submit Buffered

Return Response
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—>

Trigger Prediction

_ Synchronized Data

Applying
AutoML
Applying
IML

Data adaptor

m Submit Inspection Data
Return Error Message <
Return Response <

_— _

Fig. 3. The workflow of the BC4DT.

application layer, which is then validated by smart contracts. If errors
are detected during validation, the system returns error messages to the
users.

After verification is complete, the transaction is forwarded to the
Cached Twin Module for processing. The Cached Twin Module tempo-
rarily stores data and manages synchronization with the blockchain
network when connectivity is restored. Synchronized data is then sent to
the blockchain network for further processing. In the BC4DT, smart
contracts primarily automate the execution of tasks that meet defined
conditions. For instance, if uploaded inspection data fails to meet re-
quirements, the smart contract automatically updates the working status
and notifies relevant stakeholders. Finally, automated ML and inter-
pretable ML would analyze and process data within the blockchain
network. CPM stakeholders can leverage Al services to predict project
progress and analyze factors influencing construction project
development.

3.4. ML pipeline and algorithm pool

3.4.1. ML pipeline for household-level prediction

Fig. 4 illustrates the BC4DT pipeline proposed in this study. Data
acquisition primarily focuses on collecting data generated during the
MiC module production process. The subsequent data preprocessing
stage includes data visualization, missing data processing and data type
standardization. Through preprocessing, the integrity and consistency of
the data format are ensured. Secondly, a ML model library is established,
which mainly selects the ML algorithms commonly used in the con-
struction field. These algorithms include traditional algorithms such as

Dala
Collectlon

{ Data Pre-processing J

linear regression, random forest, decision tree, k-nearest neighbor, and
Automated machine learning (AutoML) tools such as H20 and Auto-
sklearn. Then, taking Root Mean Square Error (RMSE), Mean Absolute
Error (MAE), Coefficient of Determination (R?) and Mean Absolute
Percentage Error (MAPE) as the core evaluation indicators. In addition,
interpretable ML algorithm is introduced, SHapley Additive exPlana-
tions (SHAP) and Local Interpretable Model-agnostic Explanations
(LIME) are used. Finally, the study identified and validated the most
influential CPM metrics and verified the effectiveness of the solution
through interviews.

3.4.2. ML algorithm pool

Table 2 lists the algorithm selection spans of four methodological
categories. The first category comprises automated machine learning
frameworks. Typical representatives include TPOT, H20, and Auto-
sklearn. The second category encompasses mature ensemble methods.
These include random forest and gradient boosting algorithms, which
represent the cutting-edge application level of machine learning in the
construction cycle prediction (Datta et al., 2024). The third category
comprises distance-based analysis methods, exemplified by the KNN
algorithm. The fourth category encompasses classical regression models,
including linear regression.

In the hyperparameter tuning phase, most construction industry
practitioners lack specialized knowledge in hyperparameter optimiza-
tion and selection. Furthermore, this study primarily aims to identify
plug-and-play models suitable for the construction sector. Therefore,
default parameter values were uniformly applied across all algorithms in
this research.

LD |
ML models

( H20 TPOT |

Data type conversion

11
[ Auto-sklearn | Random Forest ||
Gradient Boosting| Decision Tree ||

(—‘

I
I
MiC module production data | ~-> |
i

" Analysis and ‘
_ B resolution .

!
! Data Visualizatio

: Missing data Handling

|

i

|

Data cleaning

K-NN

Linear Regression

l’ IML | Model |
e e, CEEIOUCIRS . _._ _\_evaluation )

= e |
: [ Positioning factors ] . : SHAP | : : | RMSE | !
1
| Propose solutions JH--J ' :<--J [ MAE | i
[ Bt il nite ] ; LIME 1. [ R?2 J!
uestionnaire survey ! I ! 1

& _

Fig. 4. The ML and interpretable ML pipeline.
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Table 2
The details of the ML algorithm pool.
Category Name Default params Source
Automated H20 max_runtime_secs=3600, LeDell &
ML max_models=None, Poirier
stopping metric="AUC’ (2020)
TPOT generations = 5, Olson &
population_size = 50, Moore
random_state = 42 (2019)
Auto- time_left for. this_task=3600, Feurer et al.
sklearn per_run_time_limit=300 (2015)
Tree-based Random n_estimators=100, Breiman
modeling Forest max features=auto (2001)
Gradient n_estimators=100, Chen &
Boosting learning rate=0.1, Carlos
max_depth=6 (2016)
Decision max_depth=None, Zhao &
Tree min_samples_split=2 Zhang
(2008)
Example- KNN n_neighbors=>5 Zouhal &
based Denoeux
learning (1998)
Regression Linear fit intercept=True, normalize=False Lin & Wei
Regression (1990)

Fig. 5 details the training and evaluation pipeline of the BC4DT
prediction model. The entire process can be highly summarized into
three core stages. Firstly, in the unbiased preprocessing and feature
engineering stages, we introduced a feature indicator strategy to address
the issue of missing records after initializing the TPOT hyperparameters.
For delayed variables with a value of 0, we abandoned the mean
imputation method that introduces global statistical bias and instead
generated corresponding binary missing value labels. This not only
preserves the unobserved true state in actual business, but also funda-
mentally cuts off the information backflow from the test set to the
training set. Secondly, in the entity-based data isolation stage, we use
the GroupShuffieSplit tool to divide the data into 8-2 parts, and all in-
spection records of the same module will be packaged together, funda-
mentally eliminating the possibility of records from the same module
appearing simultaneously in the training and testing stages. 15,318
samples were ultimately integrated into 562 modules’ data. Finally, in
the stage of model optimization and quantitative evaluation, the
training data that has undergone strict physical isolation is sent to the

Algorithm 1 Training and Evaluation Algorithm of BC4DT
Require: Dataset [} containing historical inspection records, including
module identifiers (modulel D)
Ensure: Optimized regression pipeline (best_pipeline), Evaluation metrics
1: Initialize TPOT parameters: generations = 5, population_size = 5,
random _state = 42

¥ F

2 /% Feature Engineering: Haondling Missing Data without Leakage *
3: for each feature column ¢ containing 'Lag’ in D do

1: Create a new indicator column c_missing_flag

5t if e{value) == 0 then

i eomissing_flag = 1

¥ else

8: comissing_flag =0

il end if

10: end for

11: /* Data Splitting: Preventing Data Leakage */

12: Extract modulel D from D as the grouping array ¢

13: Remove modulel D column from D

14: Split 2 into training set Dyrp, and testing set Dy with ratio 8 to 2

using GroupShufHeSplit based on &
15: /% Model Training and Evaluation */
16: best_pipeline + TPOTRegressor fit{ Dyppin- X, Dipain.Y)
17: predictions + best_pipeline.predict( Dy . X)
18 metries — caleulate( MAE, RMSE, 12, predictions, Dig. Y )
19: Return best_pipeline, metrics

Fig. 5. Training and evaluation algorithm of BC4DT.
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automated machine learning pipeline for dynamic search and adapta-
tion of the optimal regression model structure and hyperparameters. The
final output of the optimal model will be blindly tested on an indepen-
dent test set, and comprehensive quantitative validation of prediction
accuracy will be completed through evaluation criteria such as MAE.

3.5. Interpretable analysis of trained ML models

3.5.1. SHAP analysis

SHAP derives from cooperative game theory. SHAP computes feature
importance using Shapley values, which equitably distribute predictive
contributions across input variables. The framework quantifies global
and local interpretability by averaging marginal feature contributions
over all possible combinatorial subsets. For a given feature i, its SHAP
value (¢) is defined as:

_ ISI'(INT — 1S —1)!

@ = Z N [fSu{i}) —£(S)]
SCN\(i}

where:

e ¢; is the Shapley value for feature i.

e N is the set of all features.

e S is a subset of features not including i.

o f(S) is the model’s prediction based on the subset i.

Fig. 6 illustrates the model prediction and SHAP explanation for an
example dataset that contains diabetes information. As shown in Fig. 6
(a), the model takes the input features Age, Sex, Blood Pressure (BP),
and Body Mass Index (BMI) to predict an output. Using SHAP’s inter-
pretability, the individual contributions of Age, Sex, BP, and BMI to the
final prediction of 0.4 can be observed.

Fig. 6(b) details the SHAP value calculation, showing each feature’s
positive and negative contributions. Red indicates a positive correlation,
while blue indicates a negative correlation. Age contributes +0.4, Sex
contributes —0.3, BP contributes +0.1, and BMI contributes +0.1, which
cumulatively explain the model’s output, starting from the base rate of
0.1.

3.5.2. LIME analysis

LIME is a widely used approach for interpreting ML models and has
gained significant attention recently. In comparison with SHAP, LIME
provides locally interpretable explanations for the predictions of black-
box models, making it valuable in the real estate industry and other
domains where transparency and interpretability are critical.

Fig. 7 illustrates the LIME algorithm’s sampling process and local
model training. The procedure is demonstrated using a classification
example with tabular data:

ML prediction results using Features 1 and 2, with classes A (green)
and B (red).

Sampling points around an instance of interest (yellow cross), with
weights assigned to closer points and a local decision boundary
(dashed line).

Feature importance, with weights for Feature 1 and Feature 2.

4. Case study
4.1. Case introduction

The case selected for this study is a high-rise building project
developed for a client in Hong Kong. The chosen architectural structure
consists of a three-story podium base and two 17-story towers, as shown
in Fig. 8. The core walls, elevator shafts, and other major structural
components of the podium and towers are constructed using the tradi-
tional cast-in-place method. MiC is primarily used in the bedroom and
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Fig. 6. Example of SHAP prediction. (a) SHAP prediction results; (b) detailed calculation of SHAP values. [Adapted from (Lundberg & Lee 2017)].
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Fig. 7. LIME algorithm. (a) LIME prediction results; (b) Local linear approximation; (c) LIME feature weights [Adapted from (Ribeiro et al., 2016)].

Fig. 8. The overall case project BIM model.

bathroom areas. The MiC modules involved in the project were designed
in Hong Kong, China, manufactured in factories in the Greater Bay Area
of China, and finally transported to the construction site in Hong Kong,
China, for final installation. The selected case study collected 23,858
inspection data points from January 11, 2022, to January 30, 2023. The
collected data included inspection records from the selected case project

process, such as photos, videos, and timestamps for each inspection task.
All the data were converted into a structured format and stored in a
Microsoft Excel file.

As shown in Fig. 9, during the on-site execution phase of the mobile
terminal, user registration and authentication, project creation, and
inspection task generation are all completed on the mobile device. After
the construction task is completed, relevant personnel record the con-
struction data on the mobile device. After the data is collected in the
field stage, it enters the back-end blockchain processing stage. The
remote inspection and digital signature can be completed across devices.
Data encryption and block generation are executed on the client side and
ultimately enable data storage, requests, and sharing across devices.
This process realizes the seamless connection between on-site operation
and trusted certificate storage through phased division of labor and
equipment coordination, and ensures the full link traceability of con-
struction data.

4.2. Data preprocessing

4.2.1. Data preparation

Table 3 presents the dataset samples collected and organized in this
study. During the project, each module was assigned a unique module
ID. Statistical features aim to clarify the correlations between different
data points through quantitative methods. Module feature types detail
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Fig. 9. Flowchart of the inspection tasks.

Table 3
Sample the top 5 rows of the collected and compiled dataset.

ModuleID Statistical features Module features Inspection tasks Duration (Days)
Hold point rate (MC) 90% CI Lag High (BSI)  Block Type Floor Type T12 ... by MC T128 ... by MC

A-10F-01-M2-M  0.43 19.19 A hostel room  NA .. 0 129

A-10F-02-M3-M  0.55 23.095 A toilet 1 ... NA 154

A-10F-03-M3-M 0.5 19.11 A toilet 0 . NA 154

A-10F-04-M2-M  0.43 24.76 A hostel room  NA .. 0 134

information about each module, such as floor type and building type.
Table 3 also records the results of specific inspection tasks. Finally, the
production cycle time of the MiC module is used as a target column for

training the machine learning model.

Table 4
Additional statistical features.
Feature Description Objective
Zgﬁ Average lag difference between Evaluates the average impact of
the Client and MC inspection Client and BSI lag differences on
the module production period
8L The standard deviation of lag Evaluates the variability of lag
differences between BSI's differences between BSI and MC
inspection and the most recent on the module production period
MC inspection
minlﬁm Minimum lag difference between Evaluates the impact of the
BSI and the most recent MC'’s shortest lag difference on the
inspection module production period
maxLSg Maximum lag difference Evaluates the impact of the
between BSI and the most recent  longest lag difference on the
MC’s inspection module production period
IQRLYS Interquartile range of lag Evaluates the mid-range impact

90%C.ILYS

Nc )
F|—
(NMC
NBSI)
F|—=
(NMC

Wright
[

(xiStanford-B

differences between BSI's
inspection and the most recent
MC inspection

90% confidence interval for lag
differences between BSI's
inspection and the most recent
MC inspection

The ratio of Client to MC
inspections in each module

Ratio of BSI to MC inspections in
each module

Learning rate in each module
based on Wright’s Model

Learning rate in each module
based on the Stanford-B Model

of lag differences on module
production period

Evaluates the certainty range of
lag difference impacts on the
module production period

Evaluate how the Client’s
participation frequency affects
the module production period
Evaluates the effect of BSI's
participation frequency on the
module production period
Evaluates MC'’s learning
efficiency over time in the
module production period
Evaluates MC'’s learning
efficiency over time in the
module production period

4.2.2. Feature engineering

Table 4 lists other statistical characteristics of the characteristic en-
gineering phase. These characteristics are used to assess lag variance,
participation frequency, and learning efficiency. The first set of char-
acteristics focuses on lag variance. By measuring the time interval be-
tween inspections conducted by the owner or BSI and the general
contractor’s most recent inspection, a large lag variance may indicate
delays in communication or coordination between the parties.

Another critical feature set is the participation rate ratio. This ratio
measures the relative frequency of client or BSI involvement in in-
spections compared to the main contractor. A higher participation rate
among the client or BSI may indicate faster project progress. The final set
comprises learning efficiency characteristics. Derived from the Wright
model and Stanford-B model, these characteristics evaluate the effi-
ciency gains inspectors achieve over time. Such proficiency may lead to
more efficient project execution and accelerated project completion.

4.3. Implementation

This section details the technical implementation of the proposed
BC4DT paradigm. The BC4DT blockchain component’s network is built
upon Hyperledger Fabric v2.2. Each organization in the BC4DT block-
chain network maintains a peer node. Ledger consistency is guaranteed
by centralized ordering nodes using the Raft consensus algorithm. The
Cached Twin Module is built by SQLite (v3.31.1).

Fig. 10 illustrates how blockchain technology is integrated into the
BC4DT paradigm. In Fig. 10(a), transaction data containing construction
inspection task information is constructed and submitted, and the node
configuration information on the right is used to define the organiza-
tional identifier and access address of the network nodes. In Fig. 10(b)
key details of the blockchain blocks (such as block hash and generation
time) are displayed to verify the credible notarization of construction
inspection data. And in Fig. 10(c) the network configuration file of the
blockchain consortium is presented, and the organizational structure
and access policies of multiple stakeholders are clearly defined. This set
of interfaces and configurations is used to verify the feasibility of
blockchain technology in the scenario of notarization of construction
project inspection data.
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Fig. 10. Blockchain is used in BC4DT. (a) API format; (b) one example block; and (c) organization configuration.

In order to provide the performance of blockchain in BC4DT, we
refer to the rigorous infrastructure evaluation conducted in previous
supporting studies (Zhao et al., 2023). BC4DT based on cached twin
module can realize the average response time of upload operation is only
3.53 milliseconds, while the response time of query operation is only
1.10 milliseconds. It is particularly important that the system can still
maintain this millisecond response speed in the offline state, thus
avoiding the common problem that the traditional blockchain cannot
respond in the offline state.

4.4. Interviews with industry experts

To validate the BC4DT results, we conducted a series of interviews.
In October 2024, we conducted semi-structured interviews with four
participants. Table 5 presents the basic information of the interviewees
in this study, systematically organizing and presenting their roles, core
responsibilities, and professional experience. Four key stakeholders
from the construction industry were selected as interviewees, including
a project manager with 5 to 10 years of experience, whose core re-
sponsibility is to coordinate project planning and execution; a technical
lead with 3 to 5 years of experience, responsible for leading the imple-
mentation of digital innovation; a senior manager from the owner’s side
with over 10 years of experience, responsible for ensuring the owner’s
needs and compliance requirements are met; and a quality inspector
from a general contractor with over 10 years of experience, primarily
responsible for conducting quality inspections and implementing in-
dustry standards. This personnel selection method was used to ensure
that the research covers the multi-dimensional pain points in CPM

practices.

This study’s questionnaire comprises four sections. The first section
collects users' background information. This section aims to clarify the
responsibilities respondents undertake within the project and their
specific work experience. The second section investigates challenges
associated with existing Blockchain 2.0 technologies in case studies. The
questions in this section assess users’ experiences regarding network
instability and processing delays. The third section focuses on the out-
comes of Interpretable ML applications. It centers on whether Inter-
pretable ML accurately identifies key factors affecting module
production cycles. The questionnaire concludes with open-ended ques-
tions designed to gather additional suggestions and improvement pro-
posals from interviewees.

5. Results
5.1. Prediction results

The BC4DT’s predictive performance was evaluated using three key
metrics: R2, RMSE, and MAE. The three metrics provide a comprehen-
sive and unbiased view of each model’s accuracy and reliability in
predicting the production cycle for MiC projects. Table 6 compares the
experimental results for eight ML algorithms tested.

Among the assessed ML algorithms, TPOT achieved the most favor-
able predictive performance. Specifically, TPOT yielded the highest R
score of 0.972, coupled with the lowest RMSE of 5.386 days and the

Table 6
Performance Evaluation of ML Models (10-fold, 10 runs, random seed € {2020,

Table 5 2021, ..., 2029}; 1: Higher is better; | Lower is better; Best in each column in
Basic information on interviews. bold).
No.  Role Duty Experience Category Algorithms R%>Score!  RMSE (day) '  MAE (day) *
1 Project manager Oversee project planning and 5-10 years Automated ML ~ H20 0.888 10.003 8.042
execution TPOT 0.972 5.386 3.853
2 Technology leader Lead implementation of digital 3-5 years Auto-sklearn 0.946 7.506 5.139
innovation Tree Decision Tree 0.949 7.302 4.667
3 Senior officer of the Ensure client requirements and More than 10 Bagging Random Forest 0.952 7.503 4.494
client compliance years Boosting Gradient Boosting ~ 0.895 10.450 5.225
4 Inspector of the main Conduct quality inspections and ~ More than 10 Meta KNN 0.663 18.782 8.991
contractor ensure standards years Linear Linear Regression ~ 0.933 8.872 5.313
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lowest MAE of 3.853 days. The performance indicators of the remaining
two AutoML algorithms, i.e., H20 and Auto-sklearn, were very close,
with R2 scores of 0.888~0.946 and RMSE values of 7.506~10.003 days.
Thus, the satisfactory results confirm that AutoML achieves the desig-
nated BC4DT’s prediction goal.

Other algorithms, such as Random Forest, also demonstrated strong
performance with an R? score of 0.952, an RMSE of 7.503 days, and an
MAE of 4.494 days. In contrast, some non-learning algorithms, like KNN,
exhibited comparatively low performance, with an R? score of 0.663, an
RMSE of 18.782 days, and an MAE of 8.991 days; similar lower per-
formance was observed in another non-learning algorithm, Linear
Regression. The TPOT results, highlighting its superior performance
metrics, were bolded in the table. Since TPOT model achieves the
highest prediction accuracy, it is important to understand its complex
decision-making process. For this reason, this study applies the analyt-
ical methods of SHAP and LIME to the TPOT model.

5.2. Interpretable ML results

The interpretability of Decision Tree models is key to understanding
how predictions are made when evaluating ML models for predicting
module production period timelines. The Decision Tree model shown in
Fig. 11 was used to analyze the influencing factors of owner lag in
construction projects. The model uses hierarchical splitting to screen key
variables. The root node uses “T25 Visual Inspection by MC < 0.5 as the
splitting condition, and relevant data from 449 samples were recorded.
The left branch uses “Block Type < 0.5” as the condition, and the
samples are further divided into sub nodes with spatial features such as
“Floor Type < 0.5” and “Floor < 5.5”. The sample size, squared error,
and other data of each node are used to quantify the impact of different
factors on owner lag, providing data support for project management
optimization.

The Fig. 12 showing the SHAP value feature importance is used to
quantify the average impact of each input feature on the output of the
prediction model related to building projects. The average absolute
SHAP value of each feature is presented visually. Among them, “Block
Type” is identified as the single feature with the greatest impact, with an
average SHAP value of +13.63. Features related to main contractor in-
spections (such as “T25 Visual Inspection by MC” with +6.47) and
spatial attributes (such as “Floor” with +5.69) also play critical roles.
Furthermore, a series of lag indicators (e.g., 90% CI Lag Low for BSI and
Client, Min Lag) have surfaced as significant factors. This objective
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Fig. 12. SHAP summary plot of feature importance.

machine learning finding highlights that coordination and inspection
delays among different stakeholders (Client, BSI, and MC) form a major
bottleneck affecting the overall module production cycle, which often
overshadows the traditional emphasis on simple worker learning curves.

Fig. 13 presents the LIME analysis of specific prediction results for
the production cycle of a MiC module. The analysis reveals the contri-
bution levels of each feature variable to this prediction. Fig. 13(a) dis-
plays feature contributions ranked by their influence on the predicted
value. Block Type and Floor Type were identified as the most influential
characteristics, with contributions of minus 13.57 and 0.84. Other key
factors included Median Lag (Client) and 90% CI Lag High (Client), both
contributed over 0.3 units to the prediction.

Fig. 13(b) presents the predicted range for this module’s production
cycle. The forecasted minimum is 107.05 days, maximum is 326.04
days, with the actual prediction at 170.82 days. And Fig. 13(c) lists the
values of relevant influencing factors, such as Block Type, Floor, and
specific numerical values for other indicators.

5.3. Interview results from industrial experts

Interviewees were asked about their network-related difficulties to
ensure the network issues targeted by the BC4DT reflect common
challenges in construction projects. Their feedback provided insights
into typical connectivity problems faced during project execution. In our
interviews, all interviewees stated:

T25 Visual Inspection by MC == 0.5
squared_error = 977,991
samples = 449
value = 167.53

Block Type == 0.5
sguared _error = 545.268
samples = 442
value = 164.887

N

&

Floor Type <= 0.5
squared_error = 445,206
samples = 283
value = 175.428

Floor == 5.5
squared_error = 173.632
samples = 159
value = 146.126

/

,

Y

squared_error = 71.517
samples = 65
value = 157,923

'rsquared_ermr = 182.001
samples = 271
value = 178.782

squared_error = 395.389
samples = 12
value = 99.667

|sguared_error = 81.456

samples = 94
value = 137,968

Fig. 11. Decision tree visualization for production period prediction (Darker color indicates higher value).
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Fig. 13. LIME explanation (Instance No. 1).

“Both the unstable network environment at the construction site and high
delays after submitting inspection records, I have encountered.”

Their responses confirmed that unstable network issues were a sig-
nificant challenge in construction projects. Furthermore, to assess the
potential impact of the Blockchain 4.0 paradigm, we asked interviewees
how satisfied they would be if the paradigm could effectively address
these network challenges. Most of the interviewees said that:

“Very satisfied if BC4DT could be implemented to solve the network
problem.”

The responses confirm that the proposed BC4DT aligns well with the
actual needs of project participants. Furthermore, when the data anal-
ysis function of the BC4DT was introduced. Interviewee 3 emphasized:

“Undoubtedly, data analysis for construction projects is one of the most
important aspects. Data analysis can better identify which parts of the
entire MiC production process have the highest failure rate and which
workflows can be optimized to speed up construction efficiency.”

The next questions focused on validating the Interpretable ML re-
sults. First, interviewees were asked whether they observed that spatial
and structural characteristics strongly correlated with project timelines,
given that the ML model identified “Block Type” as the most critical
feature (SHAP value +13.63) followed by “Floor” (+5.69). The in-
terviewees confirmed:

“Specifically, there are only two types of modules in this MiC project,
toilets and hostel rooms, so the biggest difference is the difference in
production time. Since the lower floors are produced first, the inspectors
have more time to familiarize themselves with the inspection process.
Therefore, the completion time of the inspection tasks for the lower floors
is relatively faster.”

When “we presented this finding regarding the high importance of
coordination delays (such as Client and BSI lag) to the experts, they
strongly acknowledged this hidden impact. Interviewees identified the
following key factors in their responses:

“Timeliness of communication is crucial, and reminders can be added to
the app. Not only can reminders be sent through the app, but also via
WhatsApp or WeChat to minimize these inter organizational lags.”

Finally, the open discussion allowed respondents to share their ex-
pectations for improvements to BC4DT from their own perspectives. The
key responses are summarized below:
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“We hope to add Al recognition capabilities to detect images and reduce
duplicate, erroneous, and blurry image uploads. We also hope to improve
stability and provide notification features to enhance user collaboration.”

To sum up, based on the results of the questionnaire survey, there are
some common problems in construction projects. These common prob-
lems include network instability and delayed data submission. The re-
spondents confirmed that BC4DT can address these challenges and
expressed high satisfaction with its potential. Additionally, the data
intelligence analysis function of BC4DT was widely recognized by the
respondents. This function helps to more accurately identify the key
factors for improving production efficiency.

6. Discussion

The BC4DT paradigm proposed in this paper has the following three
main advantages. First, the researchers integrated the automatic ma-
chine learning technology into the BC4DT framework. In the selected
mic scenario, the BC4DT prediction accuracy reached 0.972 [R? =
0.972). Secondly, this study combined with the actual case to verify the
offline capability of BC4DT in the real scene. Thirdly, the interpretability
of ML algorithm is proved, which alleviates the common black box
problem in artificial intelligence. SHAP and LIME technology are
applied in the system, and industry experts are invited to offer practical
insights and qualitative support.

Although BC4DT has addressed some challenges related to CPM,
several limitations remain in the current research. The first limitation
concerns the scope and scalability of the research. The existing valida-
tion work is limited to specific MiC projects, and the number of nodes
involved is limited. Future research should expand the application sce-
narios for BC4DT. The focus of the evaluation is on the scalability and
latency performance of BC4DT under high data loads (Liang et al.,
2024). The second limitation concerns the scope of BC4DT's imple-
mentation. The current research implementation of BC4DT mainly fo-
cuses on the production stage of MiC. Future research needs to expand
the application scenarios of CPM, including cross-border transportation
and on-site assembly.

BC4DT can assist the CPM model in transforming it from passive data
monitoring to intelligent data management. This enables professionals
in the construction industry to make better use of the massive data
generated by construction projects through BC4DT. Construction project
managers can leverage BC4DT’s tamper-proof nature for passive dispute
recording and apply its predictive capabilities to analyze and manage
project progress.

In practical application, it should be noted that at the beginning of a
new project, the parameters such as learning rate and various detection
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ratios are often unknown. Therefore, at the beginning of the project,
BC4DT mainly used its blockchain technology to store data and record
the project process. In the later stage, one can use the interpretable
machine learning to summarize the bottlenecks in the current project.
Due to the universality of the challenges faced in the process of modular
construction, the project manager can use the historical data of the
previous project as the benchmark of the new project, so as to more
effectively optimize the workflow and resource allocation and then
improve the construction efficiency of subsequent modular construction
projects.

7. Conclusion

Traditional CPM DT suffers from fragmented data integration, inse-
cure access to information, and inefficient stakeholder coordination.
Although the Blockchain 3.0 framework avoids reliance on a stable
internet connection, it fails to meet the need to analyze and efficiently
manage the massive data from construction sites. In addition, the
existing DT is more focused on digital replicas and lacks application
value in data analysis.

This paper presents two key innovations. First, unlike traditional ML
algorithms, the Al implemented in the BC4DT is based on AutoML and
interpretable ML, enabling it to accurately and interpretably identify the
most significant barriers in CPMs. Second, the proposed BC4DT has been
validated through real-world case studies and interviews with several
industry experts to effectively reveal the most significant barriers in
CPM, which are more conducive to stakeholder training, planning,
simulation, and thus the promise of DT.

The experimental results showed that BC4DT achieved an R? score of
0.972 and an RMSE of 5.386 days when predicting the production time
of MiC modules. At the same time, the experts interviewed said that
BC4DT, combined with ML, could be more effective at making practical,
efficient recommendations for construction project production pro-
cesses. The proposed BC4DT enables construction projects to use
blockchain technology without relying on a continuous network and
extends its capabilities by incorporating advanced artificial intelligence
techniques. Future research can be directed towards (i) conducting
large-scale experiments on real projects, (ii) exploring more areas
involved in construction projects for data analysis and prediction, and
(iii) exploring smarter approaches by combining multi-chain technolo-
gies and integrating more intelligent agents.
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