%/ IETA

International Information and
Engineering Technology Association

Ingénierie des Systémes d’Information
Vol. 31, No. 2, February, 2026, pp. 551-565

Journal homepage: http://iieta.org/journals/isi

Evaluating Digital Transformation and Low-Carbon Readiness in Taiwanese Industries: A

Machine Learning Approach

Christine Dewit

Check for
updates

, Abbot Po Shun Chen?®, Rio Arya Andika'”, Kartika Gianina Tileng®, Stephen Aprius

Sutresno*’, Dalianus Riantama®, Chang Hsiung Chen®®, Ya Ying Lai®

! Department of Information Technology, Satya Wacana Christian University, Salatiga 50711, Indonesia

2 Department of Marketing and Logistics Management, Chaoyang University of Technology, Taichung City 413310, Taiwan
3 Department of Information Systems, School of Information Technology, Universitas Ciputra, Surabaya 60219, Indonesia

4 Information System Department, School of Bioscience, Technology, and Innovation, Atma Jaya Catholic University of

Indonesia, Jakarta 12930, Indonesia

S Management Department, BINUS Business School Undergraduate Program, Bina Nusantara University, Jakarta 11480,

Indonesia

¢ Process Efficiency Improvement Department, Green Technology Division, Central Region Campus, Industrial Technology
Research Institute (ITRI), Nantou 540219, Taiwan

Corresponding Author Email: chprosen@gm.cyut.edu.tw

Copyright: ©2026 The authors. This article is
(http://creativecommons.org/licenses/by/4.0/).

published by IIETA and is licensed under the CC BY 4.0 license

https://doi.org/10.18280/isi.310223

ABSTRACT

Received: 23 November 2025
Revised: 20 January 2026
Accepted: 18 February 2026
Available online: 28 February 2026

Keywords:

machine learning, digital transformation
readiness, low-carbon transition, industrial
sustainability, policy analysis

Taiwan’s manufacturing sectors are undergoing transformation amid global digitalization
and low-carbon pressures. This study develops a machine learning (ML) framework to
assess industrial readiness for digital and low-carbon transitions. By integrating spatial data
from land use and agricultural clusters, six models—Decision Tree, XGBoost, Random
Forest, LightGBM, Logistic Regression (LR), and SVM—uwere tested using features such
as digital infrastructure, policy environment, workforce capacity, and access to clean
energy. SVM and LR achieved the highest recall in identifying industries prepared for
transition, while XGBoost and LightGBM provided an effective balance between precision
and recall. The proposed framework offers data-driven insights to guide policymakers in
supporting industrial modernization and sustainability across regions. It emphasizes
leveraging ML to analyze complex industrial data, helping to predict the readiness of
various sectors to adopt digital transformation and low-carbon practices. By providing
actionable insights, this study offers a scalable and adaptable model for evaluating
readiness, contributing to industrial policy development and helping to align industrial
growth with global sustainability goals. This approach is valuable for improving regional
development strategies, ensuring that industrial sectors are better equipped for technological
and environmental changes. The study’s findings advance the application of ML in
industrial policy planning, offering practical solutions for industries undergoing digital and
low-carbon transformations.

1. INTRODUCTION

location, resources, and infrastructure to accelerate industrial
adaptation [7, 8].

The digital transformation and the implementation of low-
carbon industries have become two key agendas in the
development of industrial zones across various countries,
including Taiwan [1, 2]. With increasingly stringent
environmental regulations and rising demands for production
efficiency, companies within industrial zones must adapt
through technology-driven innovation [3, 4]. One strategic
approach to support this shift is through land use planning,
integrated with the development of agricultural industry
cluster areas [5, 6]. Studies on land use planning and industrial
clusters provide an essential foundation for understanding the
dynamics of digital transformation readiness and the adoption
of low-carbon principles at the regional level. In the context of
Taiwan, leveraging land use planning can help optimize
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However, the readiness of each industrial zone to undergo
transformation is not uniform and depends on a range of
interconnected factors [9-11]. Therefore, an accurate
prediction method is required to assess the readiness for digital
transformation and the implementation of low-carbon industry
principles. Machine Learning (ML) presents significant
opportunities for analyzing this complex data, owing to its
ability to uncover hidden patterns and make predictions based
on big data. In relation to land use planning and industrial
clusters, ML enables the identification of key features that
serve as indicators of industrial zone readiness. This study
aims to develop a predictive model for assessing the readiness
of industrial zones in Taiwan for transformation by integrating
ML techniques with regional planning concepts [12, 13].
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Identifying the most influential determinants is essential in
developing an efficient and reliable predictive model.
Preparedness of industrial areas is influenced by numerous
determinants like digital infrastructure, policy and regulatory
environments, workforce characteristics, and clean energy
accessibility thus it is indispensable to identify such key
determinants to achieve the best possible analytical results. In
addition to enhancing the accuracy of the model, this phase
also provides policymakers and developers with transparent
directions [14, 15]. Focusing on such key elements, the study
strives to unveil the main driving forces of digitalization and
sustainability. This approach follows the fundamental
principle of land use planning in which data-centric policies
are emphasized to promote better regional and industrial
development [16, 17].

This research is purposes to integrate results from land use
planning [18, 19], agricultural industry clusters [20, 21], and
ML algorithms to provide theoretically relevant and
practically useful contributions to industrial area development
in Taiwan. In addition, the outcomes of the research are
expected to serve as a policymaking framework which
supports industrialization with sustainability and technical
progress in the coming times. The predictive models and
feature selection methods constructed in this study are
expected to apply to other countries facing similar challenges
in promoting digitalization and supporting a low-carbon
economy. Overall, the research aims to show how data
analytics and innovation are best used to assist industrial
sectors to achieve progress through better and more
sustainable planning methods.

The main contribution of this research lies in the
development of an integrated ML-based predictive framework.
This framework combines land use planning, agricultural
industry cluster analysis, and key industrial indicators. It is
designed to assess the readiness of Taiwan’s industrial zones
for digital transformation and low-carbon development.
Unlike previous studies that treat digitalization and
sustainability separately, this research presents a unified, data-
driven approach that accounts for spatial, infrastructural, and
socioeconomic variables across regions. By evaluating and
comparing the performance of various ML models, the study
identifies the most effective techniques for classifying
industrial readiness, while also uncovering the most influential
determinants such as digital infrastructure, clean energy access,
workforce characteristics, and policy environments [22-24].
The proposed framework not only improves predictive
accuracy but also provides practical insights for policymakers,
urban planners, and industry stakeholders, enabling them to
make targeted decisions to support sustainable industrial
growth. Additionally, the methodology offers a scalable and
transferable model that can be adapted for use in other
countries facing similar industrial modernization and climate
transition challenges.

This research is important because it provides a data-driven
framework for understanding how well-prepared Taiwan’s
industrial sectors are for two of the most critical transitions of
our time: digital transformation and low-carbon development.
By leveraging ML techniques and integrating spatial and
sectoral data, the study offers a nuanced and scalable method
for identifying readiness gaps across industries and regions.
This approach supports evidence-based policymaking,
enabling government and industry leaders to allocate resources
more effectively, prioritize strategic interventions, and design
targeted support mechanisms. Furthermore, the dual focus on
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digitalization and sustainability reflects the real-world
challenges industries face in adapting to technological change
while meeting environmental goals. The methodology is not
only applicable to Taiwan but also offers a transferable model
for other countries seeking to align industrial modernization
with global sustainability agendas [25].

Digital transformation and low-carbon transition can be
viewed as part of broader industrial transformation processes
driven by technological innovation and sustainability
pressures. According to innovation theory, firms adopt new
technologies to improve productivity, efficiency, and
competitiveness. In the context of industrial policy, digital
technologies and low-carbon solutions represent key
innovation pathways that enable industries to adapt to
changing regulatory environments and global sustainability
requirements. Despite the increasing attention to digital
transformation and low-carbon development in industrial
sectors, empirical studies that systematically evaluate
industrial readiness using data-driven approaches remain
limited. Most existing research focuses on qualitative policy
analysis or sector-specific case studies, leaving a gap in
quantitative frameworks capable of identifying key
determinants of industrial readiness.

Furthermore, the integration of ML techniques with
industrial survey data to assess digital transformation and low-
carbon readiness across sectors has not been widely explored.
Addressing this gap, this study applies multiple ML models
and feature selection methods to analyses industrial readiness
in Taiwanese industries.

2. LITERATURE REVIEW
2.1 Digital transformation in industrial development

Digital transformation has become a key driver of industrial
modernization and productivity improvement in the era of
Industry 4.0. The adoption of digital technologies such as the
Internet of Things (1oT), artificial intelligence (Al), and cloud
computing enables firms to optimize production processes,
improve operational efficiency, and support data-driven
decision making [26-29]. These technologies facilitate real-
time monitoring, predictive maintenance, and resource
optimization, which can significantly enhance industrial
competitiveness.

Previous studies have also highlighted the role of digital
capabilities in enabling sustainable manufacturing practices.
For instance, digital technologies allow firms to track energy
consumption and optimize resource allocation, contributing to
reductions in carbon emissions and improved environmental
performance. As a result, digital transformation is increasingly
viewed as a critical enabler of sustainable industrial
development. However, existing research often focuses on the
technological adoption of individual firms or specific sectors.
Less attention has been given to evaluating digital
transformation readiness at the regional or industrial cluster
level, particularly using data-driven analytical approaches.

2.2 Low-carbon industrial transition

In parallel with digital transformation, the transition toward
low-carbon industrial systems has become a global policy
priority. Governments and international organizations
increasingly promote carbon reduction strategies through



environmental regulation, renewable energy integration, and
green innovation initiatives [30].

Research on low-carbon industrial development emphasizes
the importance of technological innovation, environmental
policy frameworks, and industrial restructuring. Several
studies have examined the role of green technologies and
renewable energy adoption in reducing industrial emissions.
In addition, regional development studies have highlighted the
importance of spatial planning and industrial clustering in
supporting sustainable development.

Industrial clusters can promote knowledge spillovers,
resource sharing, and infrastructure efficiency, which are
critical factors in achieving both economic and environmental
objectives [31-35]. Despite these insights, few studies provide
a comprehensive framework for evaluating the readiness of
industrial regions to transition toward low-carbon
development.

2.3 Machine learning for industrial readiness assessment

The rapid growth of ML has created new opportunities for
data-driven analysis in policy-relevant domains. ML
techniques have been widely applied in areas such as smart
city planning, energy demand forecasting, and economic
resilience modeling [36].

Compared with traditional statistical approaches, ML
algorithms can effectively model complex nonlinear
relationships and handle high-dimensional datasets. As a result,
they have increasingly been used to analyze industrial
performance, sustainability indicators, and economic
development patterns [37-39]

Models such as Random Forest, Support Vector Machine,
and gradient boosting algorithms have demonstrated strong
predictive performance in classification and prediction tasks
involving multidimensional data. However, many studies
apply these techniques to narrow research problems, such as
energy consumption forecasting or firm-level performance

analysis, rather than assessing broader industrial
transformation readiness.

2.4 Research gap

Although previous studies have examined digital
transformation,  low-carbon  development, and ML

applications separately, limited research integrates these
perspectives into a unified analytical framework.

In particular, few studies apply ML techniques to evaluate
industrial readiness for both digital transformation and low-
carbon transition simultaneously. Furthermore, existing
research rarely incorporates spatial and sectoral planning
variables, such as land use characteristics and industrial
clustering patterns, into predictive models of industrial
transformation.

To address this gap, this study applies multiple ML models
to industrial survey data from Taiwan in order to evaluate
readiness for digital transformation and low-carbon
development. By integrating spatial planning data with ML-
based classification techniques, this research provides a
comprehensive  framework  for  assessing  industrial
transformation at the regional level.

2.5 Research contributions

To address the research gap identified in the previous
section, this study provides several theoretical and practical
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contributions to the field of industrial transformation and
sustainability assessment.

Understanding the readiness of industrial zones for digital
transformation and low-carbon development is essential for
shaping effective regional policies and sustainable growth
strategies. This study integrates ML techniques with spatial
and sectoral planning concepts to evaluate industrial readiness
using a data-driven framework. The proposed approach not
only improves predictive accuracy but also provides
actionable insights that are relevant to policymakers, industry
stakeholders, and urban planners.

Table 1 summarizes the main contributions and practical
benefits of the proposed framework in supporting Taiwan’s
broader goals for industrial modernization and environmental
sustainability.

Table 1. Summary of research contributions

No. Benefit Key
. Enables data-driven evaluation of
Evidence-Based . . . -
Industry mdustrla_l readmt_ess, movmg.beyond
1 generalized policy assumptions to
Assessment [40, . .
1] detailed reglonal_and sectoral
analysis.
Utilizes advanced ML algorithms
Application for (e.g., Support Vector Machine
5 Machine (SVM), XGBoost) for high-accuracy
Learning (ML) predictions and identification of
[42, 43] readiness patterns across complex
datasets.
Dual Focus: Simultaneously assesses both digital

transformation and sustainability,
addressing two key priorities in
industrial development.
Incorporates land use and industry
cluster data to capture geographic and
structural differences, enhancing
relevance for regional planning.
Provides insights for targeted
interventions, investment

3  Digital and Low-
Carbon [44, 45]

Spatial and

4 Sectoral
Integration [46]

Strategic Policy

5 Guidance [47] p_rioritization, and Workforce_or
infrastructure development in
underperforming zones.

Offers a replicable methodology that

6 Transferable can be applied in other countries
Framework [48]  facing similar challenges in industrial
modernization and climate alignment.

3. METHOD

3.1 Research design

The objective of the research is to build a predictive model
to evaluate the Taiwanese industrial sectors' readiness to
become digitally and low-carbon-compliant using several ML
techniques. As shown in Figure 1 the data will also undergo
Exploratory Data Analysis (EDA) first to check data
distribution, identify missing values, and look for potential
outliers on data quality. Both descriptive statistics and data
visualization will also be utilized to build a richer
understanding of the nature of the dataset.

Following EDA, the next phase is data preprocessing that
includes missing value handling, encoding of categorical
variables and standardization or normalizing numerical
variables. The data to be used will be further processed to
preserve its quality and suitability to proceed to the Data Split
phase. The data will be divided into a train and a test set in a
standard split of 80:20. The split will permit the model to learn



on the training data and check its performance on fresh, unseen
data.

The pre-processed data were subsequently used to train
several ML algorithms, including Decision Tree (DT),
XGBoost (XGB), Random Forest Classifier (RFC), Light
Gradient Boosting Machine (LGBM), and Logistic Regression
(LR). All models were implemented in Python using widely
adopted ML libraries, including scikit-learn, XGBoost, and
LightGBM. The experiments were conducted using Python
3.12 in Google Colab, with scikit-learn for Decision Tree,
Random Forest, and LR, the xgboost package for XGBoost,
and the lightgbm library for LightGBM. Unless otherwise
specified, all algorithms were trained using the default
hyperparameters provided by their respective libraries to
ensure consistent and fair comparison across models.

‘( N
EDA

\
I

"

Data
Preprocessing

.

e ==

[ Splitting Data

\ J
v , v

Non Feature Selection Boruta Feature Selection
(DT, XGB, RFC, LGBM, LR) (DT, XGB, RFC, LGBM, LR)

I |

Compare Result

Figure 1. Research workflow

To investigate the impact of feature selection on model
performance, two experimental settings were conducted. In the
first setting, the models were trained using the complete set of
features. In the second setting, feature selection was applied
using the Boruta algorithm, implemented through the
BorutaPy library in Python, which is built on top of the
Random Forest estimator from scikit-learn. Boruta was used
to identify the most relevant variables. The same ML models
were then retrained using the selected features, allowing a
direct comparison between models trained with all features
and those trained with the Boruta-selected subset.

Prior to model training, the dataset was examined for
missing values and potential outliers. Records containing
missing values were removed to ensure data completeness and
maintain consistency across all features used in the analysis.
Since the proportion of missing values was 0, removing these
records did not significantly affect the dataset representation.

Potential outliers were inspected during the exploratory data
analysis phase using statistical summaries and visualization
techniques such as boxplots and distribution plots. Because
most variables originate from structured survey responses with
predefined categorical options, extreme outliers were minimal
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and no aggressive outlier removal was required.
3.2 Dataset description

The dataset used in this study was derived from a structured
survey conducted collaboratively with the Industrial
Technology Research Institute. The survey aimed to collect
comprehensive data reflecting the readiness of industrial
sectors in Taiwan to undertake digital transformation and
transition toward low-carbon practices. The survey was
administered through a structured questionnaire distributed to
firms registered within relevant industrial categories. Firms
were selected from registered industrial sectors that are
relevant to digital transformation and low-carbon transition. It
covered multiple manufacturing sectors, including electronics,
machinery, metal processing, and chemical manufacturing. To
ensure adequate representation, the survey targeted firms
located in major industrial regions across Taiwan,
encompassing both northern and southern industrial clusters.

Table 2. Summary of dataset variables

Category Description Example Variables
Basic information capital amount (h),
Firm describing firm factory area (i),

Characteristics

Location and
Land Status

Industrial Sector

Labor
Resources

Land
Development
Planning

Technological
Readiness

Energy and
Environmental
Transition

Environmental
Compliance

Environmental

profile and
operational scale

Variables describing
land ownership and
zoning conditions

Variables describing
industrial
classification and
sectoral identity

Indicators related to
migrant worker
demand and labour
requirements

Firm readiness to
apply for land-use
planning programs

Indicators related to
digital
transformation and
production
technology guidance
Variables related to
renewable energy
adoption and
sustainability
practices
Indicators related to
wastewater
management and
environmental
regulation
compliance
Environmental
mitigation measures

number of employees
(1), product type (g)
land use zone (d),
land use type (e),
land ownership (n),
rent/share/state land
(n11-n14)

industry type (f)

migrant workers need
(m1), hired migrant
workers (m11),
additional workers
required (m12)
willingness to apply
for land plan (0),
application status
(01-04)
intelligent
technology guidance
(p1), low-carbon
technology guidance
(p2)

solar photovoltaic
installation (q), solar
planning status (g1—
q4)

wastewater discharge
permit (t), discharge
method (t11-t15)

isolation green belt

Infrastructure facilities (r)
such as green belts
Financial Ability of firms to monetary
Capacity and pay environmental  contribution payment
Compliance contributions or fees (s)
The primary objective of the survey was to gather



information related to industrial operational characteristics,

technological readiness, and environmental transition capacity,

particularly in relation to digital transformation and low-
carbon initiatives.

The final dataset comprises 5,000 records, with each record
representing an individual industrial entity. A total of 97
features were collected, capturing critical dimensions that
influence industrial readiness. These dimensions include
digital infrastructure, energy usage patterns, workforce
competency, regulatory environment, accessibility to clean
energy, and organizational willingness to pursue
transformation. Together, these features reflect both internal
and external factors that shape an industry's capacity to adapt
to technological and environmental changes.

o AANBENER (1 it ARFER ARRE R
liltl#) gpl o p2 gp3 O p4
Ph) e select one
SR[ARFEE] FHSATEA: EHARAER] HHIUTIR
Jf you choose p3 please select f you ¢ hoon p4 {JltdSL >L\Lu
(TALR) TS
| E]_l A SR ESANNE P21 A A LHINS AR AR ETE
A AL SN E P22 )3 ERBE
‘ 013 J AR AL S AR $ 2k P23 1/1% 2 8 Rk R MBLIR A B
P14y P24k

(It 4t

Figure 2. Questionnaire example related to p1: 'Smart
Technology Guidance' dan p2: 'Low Carbon Guidance'

Figure 2 shows the Questionnaire example related to pl:
'Smart Technology Guidance' dan p2: 'Low Carbon Guidance'.
Table 2 presents the explanations of the questions related to P1
and P2. Table 3 presents the explanation of the questions
related to P1 and P2, which were designed to capture the key
dimensions of the study variables.

This survey section focuses on production process
technology needs and begins by asking respondents to select
the single most important option from four categories: pl
(Intelligent Technology), p2 (Low-Carbon Technology), p3
(Future Demand), and p4 (No Future Demand). If a respondent
chooses p3 (Future Demand), they may select multiple sub-
options, including: pll (wanting to learn more about
intelligent technology consulting), p12 (wanting to learn more
about low-carbon technology consulting), p13 (wanting to
learn about low-carbon or intelligent benchmarking data), and
pl4 (other).If a respondent chooses p4 (No Future Demand),
they may also select multiple sub-options, including: p21
(unclear about the guidance content, benefits, or
application/consultation channels), p22 (company’s current
operations are unstable), p23 (will reconsider when the
company expands in the future), and p24 (other). In the
example shown, the respondent selected p4 (No Future
Demand) and, within this category, marked p23, indicating
that they will reconsider these technologies when the company
expands in the future.

3.3 Exploratory data analysis

As an initial step, this research conducted a feature
correlation analysis to gain deeper insights into the
interrelationships among variables within the dataset. The
results, illustrated in Figure 3, indicate a strong interest among
many industries in transitioning toward low-carbon products.

From the heatmap shown in Figure 4, it is evident that
certain features exhibit strong positive correlations. For

instance, p3 is highly correlated with p11 (0.75) and p12 (0.78),

indicating that these variables may capture similar underlying

patterns in the dataset. Similarly, a strong positive correlation
is observed between p4 and p23 (0.72). Such relationships
suggest that several features may contain overlapping
information. In contrast, strong negative correlations are also
observed, such as between p3 and p4 (-0.63) and between p4
and p12 (-0.49), indicating that increases in one variable tend
to be associated with decreases in the other.

Table 3. Question explanation related to P1 and P2

Code Chinese

English

p A EE R R

pL (L
D2 BB

p3 RAIATK

p4 RARER K

pl RAH TR SRR

pll  FEEEERE R LR AR N

pl2 TR R AR N

p13 AR {EAR L e LA G
p14 HeE
P2 RS R (A

P2l AIEIEEE AN A B K R

p22 AN E HATEERRE

p23 TN FEIRAIE R R

P24 HE

o

Production
process
technical
guidance
Intelligent
Low
carbonization
There will be
demand in the
future
No demand in
the future
There will be
demand for
smart low
carbon in the
future
| want to learn
more about
smart
technology
guidance.

I want to learn
more about low-
carbon
technology
guidance
| want to know
about low-
carbon or smart
transformation
loans
other
There will be no
demand for
smart low-
carbon solutions
in the future.
Unclear about
the content or
benefits of the
guidance and
the channels for
application or
consultation
The company's
current
operations are
unstable
We will discuss
it when the
company
expands in the
future
other

Several features, including h, i, and I, as shown in Figure 5,
demonstrate very weak correlations with most other variables.
This suggests that these features may contain relatively



independent information that could be beneficial for the model,
as they are less likely to introduce redundancy. Similarly,
feature p24 shows consistently weak correlations with other
predictors, indicating minimal overlap with the remaining
variables and potential usefulness in the learning process.

Interest in Consulting for Transformation

Consult: Other

Consult: Transformation Loans

Consult: Low-carbon Products

Consult: Intelligent Products

400 600 800 1000

Number of Companies

1200

Figure 3. Transformation interest
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Correlation analysis was performed to identify
multicollinearity and interdependencies among predictors.
Strong positive correlations were observed between digital
infrastructure and workforce skill level, indicating that regions
with higher digital access tend to have a more technologically
capable labor force.

However, several features—such as clean energy access and
policy support—exhibited weak correlations with digital
factors, suggesting the need for a multidimensional modeling
approach. Additionally, boxplots and histograms were used to
examine outliers and class distribution. The readiness labels
exhibited a class imbalance, with most industrial zones falling
into the moderate readiness category, and fewer zones
classified as highly ready or severely underprepared. This
justified the later emphasis on models and evaluation metrics
(e.g., recall, F1-score) that are robust to class imbalance.

3.4 Feature selection with Boruta

Boruta is a feature selection method based on the random
forest classification approach. It operates by generating
shadow features, which are shuffled copies of the original
variables, and then fitting a random forest classifier to the
extended dataset. The method repeatedly evaluates the
importance of each original feature by comparing its score
with those of the shadow features. Features that achieve higher
importance than their shadow counterparts are considered
relevant and kept, whereas features with lower importance are
regarded as irrelevant and discarded [49].

In this study, Boruta was employed as a preprocessing step
to identify key determinants that influence the readiness of
industrial zones for digital transformation and low-carbon
development. Given the multidimensional nature of the
dataset—which includes variables related to digital
infrastructure, workforce skills, regulatory support, spatial
planning, and clean energy access, Boruta was particularly
effective in filtering out noise and reducing dimensionality
without sacrificing important information. By selecting the
most influential features, Boruta not only improved the
computational efficiency of the downstream ML models but
also strengthened the policy relevance of the analysis. The
selected features provided clearer insights into the primary
drivers of industrial readiness, enabling more targeted
recommendations for regional development and sustainability
planning.

Compared to traditional feature selection methods, Boruta
offers the advantage of being model-agnostic within the tree-
based family and maintains high sensitivity to weak but
important predictors, making it especially useful in complex
socio-technical datasets such as those used in this study. The
integration of Boruta contributed to enhanced model
performance and interpretability, forming a critical component
of the research methodology.

3.5 Machine learning models

3.5.1 Decision Tree

DT is one of the most widely used supervised learning
algorithms for classification tasks due to its interpretability,
simplicity, and ability to handle both categorical and
numerical data [50]. It works by recursively splitting the
dataset based on the feature that provides the highest
information gain or lowest Gini impurity, forming a tree-like
structure where each internal node represents a test on a



feature, each branch represents the outcome of the test, and
each leaf node represents a class label. A Decision Tree is a
class of ML approaches known by its hierarchical tree
structure and used in both classification and regression tasks.
The algorithm operates by recursively splitting the data into
ever-smaller partitions bearing on the values in different
attributes using impurity measurements like the Gini Index or
Entropy [51]. To the ID3 algorithm, the best attribute to select
is found by the calculation of Information Gain (IG), which is
defined in Eq. (1):

Dy |

IG(D,A) = H(D) — WH(D,,)

VEA

1)

In the context of land use planning and industrial zone
analysis, a Decision Tree is employed to map the readiness of
areas based on spatial and economic attributes. While a
Decision Tree is easy to interpret, it is prone to overfitting,

particularly when dealing with large and complex datasets [52].

In the context of mapping digital transformation and low-
carbon readiness in Taiwanese industries, the Decision Tree
model serves as a baseline classifier to evaluate the influence
of individual factors such as digital infrastructure, workforce
characteristics, policy environment, and clean energy access.
Its hierarchical structure is particularly useful for
understanding how these features interact to determine
industrial readiness. In this study, the Decision Tree model
was used to classify industrial zones based on their readiness
levels. Its performance was compared to more complex
ensemble and linear models to evaluate trade-offs between
interpretability and predictive power. The results indicate that
while Decision Tree provided reasonable classification results,
its recall for minority classes was relatively lower, suggesting
that it may be better suited for exploratory analysis or as a
component in an ensemble framework.

3.5.2 XGBoost

XGBoost (Extreme Gradient Boosting) is a very potent tree-
based boosting algorithm aiming to bring a dramatic boost in
the predictive ability of the models with a high level of
computing efficiency. XGBoost reduces the objective function
by reducing prediction errors using robust gradient descent
optimization algorithms. XGBoost also uses regularization to
avoid models to overfit, i.e., when models are overly tailored
to the data on which it has been trained and do not work on
other data. Not only does it enhance the model’s performance,
but it also maintains it stable if the model is extended to novel,
unseen data [53-55]. XGBoost objective function used to
achieve above is defined in Eq. (2):

n K
0bj(8) = Y UGy + ) 0 @
i=1 k=1
With regularization, as shown in Eq. (3):
1 2
() = YT + 5wl ®3)

Kwaghtyo et al. [54] used XGBoost to predict smart
farming prediction models for precision agriculture with a
more than 99% accuracy. XGBoost possesses outstanding
ability to deal with very large datasets, missing values, and
correlation between features. These characteristics make it a
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viable method to predict the readiness of low-carbon and smart
industrial parks.

3.5.3 Random Forest

Random Forest is a robust ensemble learning technique that
builds a large forest of decision trees using a technique called
bootstrap aggregating or bagging. There, a randomly sampled
subset of the data is used to train each tree to add diversity to
the predictions of the trees. The overall prediction of the model
is computed by combining the prediction of all the trees
together. In classification, it is done through majority vote, i.e.,
the mode class receiving the maximum votes by the trees is the
overall prediction of the model. In the case of regression, the
prediction is done by computing the meaning of all the
predictions of the trees [46, 47]. The mathematical
representation of the Random Forest predictions in the case of
classification is defined in Eq. (4):

j\] = mOde{hl(x)!hZ(x)! "'lhK(x)} (4)

where, h, represents the prediction from the k-th tree [56].
Yang et al. [57] employed Random Forest to analyze The
Impact of Smart Manufacturing Demonstration Projects on
Green Innovation. With its strength in reducing overfitting and
handling high-dimensional data, Random Forest has become a
go-to method in studies that predicts outcomes based on the
characteristics of industrial zones [58-60].

3.5.4 Light Gradient Boosting Machine

LGBM is a boosted algorithm optimized to perform fast and
efficient bootstrapping with histogram-based learning
methods. Unlike XGBoost which does level-wise growing of
trees, LGBM does leaf-wise growing of trees and is thus more
aggressive in terms of finding optimal splits [49-51]. The loss
function optimized by LGBM is formulated as defined in Eq.

(5):

®)

n d
L= Z Iy, 5) + AZ wf
i=1 j=1

Benos et al. [61] used LGBM to predict the uptake of
blockchain in agriculture with higher speed and precision than
existing models. The ability of LGBM to handle massive data
makes it very relevant to assess industrial area readiness to
attain digitalization and low-carbon transition.

In this study, LightGBM was employed to classify the
readiness of Taiwanese industrial zones for digital
transformation and low-carbon development. Its ability to
handle large feature spaces and manage categorical variables
effectively made it well-suited for modeling complex
relationships among diverse input features, including digital
infrastructure, policy incentives, workforce capabilities, and
clean energy access. Compared to other ensemble methods
like Random Forest and XGBoost, LightGBM demonstrated a
superior balance between precision, recall, and F1-score,
particularly in scenarios with class imbalance. Its leaf-wise
splitting strategy often results in deeper trees that capture
intricate patterns in the data, enabling it to perform well in
distinguishing high- and low-readiness zones—even when
such cases are underrepresented. Moreover, LightGBM offers
built-in support for feature importance ranking, which
enhances model interpretability and aids in identifying key
drivers of transformation readiness. These insights are



particularly valuable for policymakers and industrial planners
aiming to target interventions effectively. Overall, LightGBM
contributed robust predictive performance and computational
efficiency in this research, making it a practical choice for
readiness classification at a national scale.

3.5.5 Logistic Regression

LR is a widespread statistical model used to predict the
probability of a two-outcome event as a function of a single or
multiple predictor variable. The model uses the logit function
to define a relationship between the predictor variables and the
probability of the event occurring successfully. The model also
ensures the returned probability result to fall between a range
of 0 to 1 and hence is best used in a binary-classification
problem [62]. The general LR formula is as defined in Eq. (6):

1

P(Y =1|X) =
( 1% 14+ e—([30+31X1+"‘+5po)

(6)

Lin et al. [63] used LR to describe Taiwanese small and
medium-sized manufacturing firms' readiness towards
digitalization. LR remains a popular standard model because
of the straightforward interpretability of its coefficients and by
which the impact of a single predictor is readily
understandable. It is, however, less capable of modeling more
complex and non-linear relations and as such its performance
might be restricted to more complex datasets.

3.6 Performance evaluation

To ensure the reliability and effectiveness of the proposed
predictive models, a comprehensive performance evaluation
was conducted using standard classification metrics. The
models—including Decision Tree, Random Forest, XGBoost,
LightGBM, LR, and Support Vector Machine—were assessed
based on their ability to classify industrial zones according to
their readiness for digital transformation and low-carbon
development.

Key performance metrics used in this study include
accuracy, precision, recall, and F1-score. Accuracy measures
the overall correctness of the model but may be misleading in
the presence of class imbalance. Precision quantifies the
proportion of true positives among all predicted positives,
highlighting the model’s ability to avoid false alarms. Recall,
or sensitivity, indicates the model’s ability to correctly identify
all relevant instances, particularly important for detecting
underrepresented readiness classes. Fl-score provides a
harmonic means of precision and recall, offering a balanced
measure that is especially useful when the dataset is skewed.

Given that industrial readiness levels were not uniformly
distributed, some zones were significantly more prepared than
others, class imbalance was a critical consideration. Therefore,
models with high recall and F1-score for minority classes were
prioritized, as they are more effective in identifying sectors
that may require urgent policy intervention or support. In
addition to these metrics, confusion matrices were generated
to visually assess model performance across readiness classes.
The comparison revealed that ensemble models such as
XGBoost and LightGBM achieved the most balanced results
across all metrics. SVM and LR were particularly effective in
achieving high recall, making them valuable for detecting
highly ready or unprepared zones. Meanwhile, Decision Tree,
although interpretable and fast, showed lower recall for
minority classes, limiting its standalone application in critical
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readiness assessments. This evaluation framework ensures
that model selection is aligned not only with statistical
performance but also with practical policy objectives, such as
maximizing the detection of vulnerable or high-potential
industrial zones.

The formula for accuracy, i.e. the percentage of correct
predictions out of the overall total, is defined in Eq. (7):

TP+ TN

A = 7
CCUAY = TP Y TN + FP + FN )

where: TP: True Positive, TN: True Negative, FP: False
Positive, and FN: False Negative.

Besides that, precision and recall also show how good the
model is at the positive class. Precision measures how good
the positive predictions are, and recall provides how good the
model is at identifying the positive class. All of the above
metrics can be computed from the following equations which
is defined in Egs. (8) and (9):

TP

S L 8

Precision TP FP (8)
TP

- 9

Recall TP+ FN 9

The F1-score is the harmonic means of recall and precision
and provides a balance between the two. The F1-score is very
useful when balancing the trade-off between recall and
precision. The F1-score is calculated as defined in Eq. (10):

Precision X Recall

F1 Score = 2 % (10)

Precision + Recall

Furthermore, this study also utilizes Receiver Operating
Characteristic (ROC) Curve and Precision-Recall (PR) Curve
to enhance performance evaluation, particularly under class
imbalance. The ROC Curve plots the True Positive Rate
(Recall) against the False Positive Rate, and the Area Under
the Curve (ROC AUC) represents the model’s ability to
distinguish between classes. A higher AUC indicates better
discrimination performance. However, in scenarios with a
high-class imbalance, PR Curve is often more informative, as
it focuses on the performance with respect to the positive
(minority) class. The area under the PR Curve provides a
measure of how well the model identifies positive instances
without being misled by the abundance of negative instances
[64].

These additional metrics ensure a more robust and
comprehensive assessment of model performance beyond
conventional accuracy, particularly when the goal is to
minimize false negatives or optimize detection of the ready
industries.

3.7 Stratified K-Fold

Stratified K-Fold is a cross-validation technique that
ensures each fold used in training and testing preserves the
same proportion of class labels as the original dataset. Unlike
regular K-Fold, which can produce imbalanced splits
especially in classification tasks with skewed class
distributions, Stratified K-Fold is designed to maintain the
class balance across all folds. This is particularly important for
classification problems involving minority classes, such as



predicting readiness in this study, where the positive class
(readiness = 1) is underrepresented.

In each iteration, the data is split into k equal-sized folds,
and the model is trained on k-1 fold and validated on the
remaining fold. This process is repeated k times, with each
fold being used once as the validation set. After all iterations,
the predictions from each fold can be aggregated to compute
comprehensive evaluation metrics, such as precision, recall,
F1-score, ROC AUC, and PR Curve. By maintaining the label
distribution, Stratified K-Fold reduces the variance in model
evaluation and ensures more reliable and fair comparisons,
especially when dealing with imbalanced classification
datasets [65].

4. EXPERIMENTS AND RESULT

Table 3 presents the classification performance of five ML
models—Decision  Tree, XGBoost, Random Forest,
LightGBM, and LR—on two prediction tasks: Smart
Technologies Readiness and Low-Carbon Industry. Detailed
performance metrics are further reported in Table 4. Each
model was evaluated using Stratified 5-Fold Cross Validation
to ensure that each fold preserved the percentage of samples
for each class, thereby producing more balanced and reliable
performance estimates across all classes. Evaluation metrics
include Accuracy, Macro Precision, Macro Recall, Macro F1-
score, PR AUC (Average Precision), and ROC AUC
(Average), providing a comprehensive overview of the models’
predictive capabilities.

Across both prediction tasks, XGBoost and LightGBM
consistently outperformed the other models. XGBoost
achieved the highest accuracy in both Smart Technologies
Readiness (0.9318) and Low-Carbon Industry (0.9334),
accompanied by high Macro F1-scores (0.8512 and 0.7981)
and outstanding ROC AUC values (0.9724 and 0.9652). These
results underscore the model’s robustness in learning complex
patterns while maintaining class sensitivity. LightGBM
followed closely with similarly high accuracy (0.9306 and
0.9300), as well as high PR AUC and ROC AUC scores,
confirming its effectiveness in capturing nonlinear interactions
and subtle feature dynamics within industrial readiness data
(See Figure 6).

Random Forest demonstrated competitive performance,
although slightly lower than the boosting models. It maintained
high accuracy (0.9240 and 0.9300) and ROC AUC scores
(0.9704 and 0.9626), but a relatively lower recall in the Low-
Carbon task (0.6908) indicated some difficulty in capturing the
minority class, which could be a concern in imbalanced
prediction contexts. Decision Tree performed reasonably well
with accuracies of 0.9192 and 0.9126; however, it struggled in
terms of precision-recall trade-offs, as seen in its lower PR
AUC scores (0.5171 and 0.3489).

These results reflect its limited capacity to model more
complex data structures and may explain its weaker
performance under stratified sampling. LR consistently showed
the lowest performance across all metrics, with accuracy scores
of 0.5984 and 0.5206 and PR AUC values below 0.14. These
findings suggest that linear models are not suitable for this
classification task, likely due to their inability to capture
nonlinearity and interaction effects without intensive pre-
processing or feature engineering.
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Table 4. Classification report on smart technologies
readiness and low-carbon industry using machine learning
(ML)

Smart Technologies Low Carbon Industry

Readiness
DT
Accuracy 0.9192 Accuracy 0.9126
Macro 0.8207 Macro 0.7522
Precision Precision
Macro Recall 0.8238 Macro Recall 0.7507
Macro F1- 08219 Macro F1- 0.7508
score score
PR AUC PR AUC
(Average 0.5171 (Average 0.3489
Precision) Precision)
ROC AUC ROC AUC
(Average) 0.8238 (Average) 0.7507
LGBM
Accuracy 0.9306 Accuracy 0.9300
Macro 0.8412 Macro 0.8098
Precision Precision
Macro Recall 0.8625 Macro Recall 0.7758
Macro F1- 0.8510 Macro F1- 0.7901
score score
PR AUC PR AUC
(Average 0.7732 (Average 0.7253
Precision) Precision)
ROC AUC ROC AUC
(Average) 0.9713 (Average) 0.9636
LR
Accuracy 0.5984 Accuracy 0.5206
Macro 0.4978 Macro 0.5237
Precision Precision
Macro Recall 0.4958 Macro Recall 0.5671
Macro F1- Macro F1-
score 0.4536 score 0.4300
PR AUC PR AUC
(Average 0.1325 (Average 0.1255
Precision) Precision)
ROC AUC ROC AUC
(Average) 0.4978 (Average) 0.5724
RF
Accuracy 0.9240 Accuracy 0.9300
Macro 0.8408 Macro 0.8590
Precision Precision
Macro Recall 0.8121 Macro Recall 0.6908
Macro F1- 0.8248 Macro F1- 0.7419
score score
PR AUC PR AUC
(Average 0.7567 (Average 0.7159
Precision) Precision)
ROC AUC ROC AUC
(Average) 0.9704 (Average) 0.9626
XGB
Accuracy 0.9318 Accuracy 0.9334
Macro 0.8468 Macro 0.8208
Precision Precision
Macro Recall 0.8566 Macro Recall 0.7814
Macro F1- 08512 Macro F1- 0.7981
score score
PR AUC PR AUC
(Average 0.7751 (Average 0.7294
Precision) Precision)
ROC AUC ROC AUC
(Average) 0.9724 (Average) 0.9652

Note: DT = Decision Tree; XGB = Extreme Gradient Boosting (XGBoost);
RF = Random Forest; LGBM = Light Gradient Boosting Machine; LR =
Logistic Regression; PR AUC = Area Under the Precision—Recall Curve;

ROC AUC = Area Under the Receiver Operating Characteristic Curve.
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Figure 6. Accuracy comparison across models
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Figure 7. Boruta ranking importance for smart technology
guidance

While the results without feature selection already
demonstrate the effectiveness of gradient boosting methods in
modelling industrial readiness, these models are still trained on
the full set of features, some of which may be irrelevant or
redundant. The inclusion of such features can potentially
introduce noise, increase computational complexity, and
reduce the interpretability of the models. To address this, the
Boruta feature selection algorithm is employed in the next stage
of analysis. By identifying and retaining only the most relevant
features, Boruta aims to enhance model performance and
robustness. The selected features highlight the importance of
technological guidance, renewable energy readiness, and
environmental compliance factors. These results indicate that
industrial transformation is influenced not only by
technological capabilities but also by regulatory and
infrastructural conditions. The subsequent section presents the
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classification results using the same set of algorithms, now
trained exclusively on the features selected by Boruta as shown
in Figure 7 and Figure 8, providing a comparative insight into
the impact of feature selection on predictive accuracy and
generalization.

Feature Importance For Low Carbon Guidance (P2)

Value Added Promotion Guidance 0.3117

Regional Integration Guidance 0.2349

! ) | 01285

Wait for Company Expansion

ESG Implementation Guidance 0.1050

Product and Manufacturing Certification Gi 0.0890
Other (No Need Guidance

Interested in Smart Guidance

Visit Serial Number

Feature

Unclear Guidance Content/Benefit

Unstable Company Operation

I 0.0071

Country/City
No intention § 00035
Don't Want to Demolish Factory | 0.0034
Too Few Instaliment Periods § 00029
Factory Area (m?) 4 0.0024
Cannot Afford 4 0.0021
Land Value (NT$/m?) 4 0.0021

Monetary Contribution Estimate (NT$) 4 0.0016

0.15 020 025 030 040

Importance

0.00 0.05 0.10

Figure 8. Boruta ranking importance for low carbon
guidance

Following the baseline evaluation using the full feature set,
feature selection was conducted using the Boruta algorithm to
identify and retain only the most relevant predictors. Table 5
summarizes the classification results after applying Boruta for
both Smart Technologies Readiness and Low-Carbon Industry
targets. Boruta aims to improve model generalization by
eliminating redundant or irrelevant features that may introduce
noise or increase the risk of overfitting, particularly in datasets
with a relatively large number of variables.

Overall, the application of Boruta had a stabilizing effect on
model performance across most algorithms. Gradient boosting



models such as XGBoost and LightGBM continued to
demonstrate strong predictive capabilities, maintaining high
levels of accuracy and macro F1-scores. Their superior
performance can be attributed to their ability to capture
complex non-linear relationships and feature interactions
through sequential tree boosting. By iteratively correcting
errors from previous trees, these models can adaptively focus
on the most informative patterns within the dataset, which
becomes even more effective when irrelevant features are
removed.

Table 5. Classification report on smart technologies
readiness and low-carbon industry using Boruta feature
selection

Smart Technologies Readiness Low Carbon Industry

DT
Accuracy 0.9204 Accuracy 0.9208
Macro Precision 0.8272 Macro Precision 0.7749
Macro Recall 0.8160 Macro Recall 0.7708
Macro F1-score 0.8209 Macro F1-score 0.7720
PR AUC PR AUC
(Average Precision) 0.5158 (Average Precision) 0.3902
ROC AUC ROC AUC
(Average) 0.8160 (Average) 0.7708
LGBM
Accuracy 0.9252 Accuracy 0.9198
Macro Precision 0.8315 Macro Precision 0.7762
Macro Recall 0.8462 Macro Recall 0.7446
Macro F1-score 0.8382 Macro F1-score 0.7587
PR AUC PR AUC
(Awverage Precision) 0.7426 (Awverage Precision) 0.6660
ROC AUC ROC AUC
(Average) 0.9678 (Average) 0.9563
LR
Accuracy 0.9026 Accuracy 0.5216
Macro Precision 0.7860 Macro Precision 0.5248
Macro Recall 0.9440 Macro Recall 0.5703
Macro F1-score 0.8341 Macro F1-score 0.4312
PR AUC PR AUC
(Average Precision) 0.6603 (Average Precision) 0.1256
ROC AUC ROC AUC
(Average) 0.9583 (Average) 0.5740
RF
Accuracy 0.9232 Accuracy 0.9208
Macro Precision 0.8240 Macro Precision 0.7804
Macro Recall 0.8529 Macro Recall 0.7361
Macro F1-score 0.8373 Macro F1-score 0.7540
PR AUC PR AUC
(Average Precision) 0.7534 (Average Precision) 0.6655
ROC AUC ROC AUC
(Average) 0.9682 (Average) 0.9568
XGB
Accuracy 0.9254 Accuracy 0.9224
Macro Precision 0.8345 Macro Precision 0.7840
Macro Recall 0.8372 Macro Recall 0.7607
Macro F1-score 0.8355 Macro F1-score 0.7703
PR AUC PR AUC
(Awverage Precision) 0.7354 (Average Precision) 0.6779
ROC AUC ROC AUC
(Average) 0.9676 (Average) 0.9578

Note: DT = Decision Tree; XGB = Extreme Gradient Boosting (XGBoost);
RF = Random Forest; LGBM = Light Gradient Boosting Machine; LR =
Logistic Regression; PR AUC = Area Under the Precision—Recall Curve;

ROC AUC = Area Under the Receiver Operating Characteristic Curve.

Random Forest also benefited from the feature selection
process, achieving improved macro F1-scores and consistently
high ROC AUC values [66]. As an ensemble model based on

bagging, Random Forest reduces variance by aggregating
predictions from multiple decision trees trained on different
subsets of the data and features. This structure makes it
inherently robust to noisy variables and helps maintain stable
predictive performance even when the feature space changes
[67].

LR showed a notable improvement in the Smart Technology
readiness task after feature selection, achieving a substantial
increase in accuracy and recall. This improvement suggests
that removing irrelevant features helped reduce noise in the
linear decision boundary, allowing the model to better capture
the dominant patterns in the data. However, its weaker
performance in the Low-Carbon task indicates that the
underlying relationships in that target variable may be more
complex and non-linear, which linear models struggle to
represent effectively.

Meanwhile, the Decision Tree classifier exhibited only
marginal improvements after feature selection. While decision
trees are capable of capturing non-linear relationships, their
single-tree structure makes them more susceptible to
instability and overfitting compared to ensemble-based
methods. This limitation may explain why its overall
predictive performance remained lower than that of ensemble
models even after irrelevant variables were removed.

Taken together, the Boruta feature selection process
effectively refined the input feature space by identifying the
most relevant predictors while eliminating less informative
variables. This process not only reduced potential noise in the
dataset but also enhanced the interpretability of the modelling
results. The findings demonstrate that ensemble-based
learning algorithms, particularly XGBoost, LightGBM, and
Random Forest, are well-suited for industrial readiness
prediction tasks that involve heterogeneous and survey-based
data. These models can capture complex, non-linear
relationships and interactions among multiple predictors,
allowing them to achieve strong predictive performance even
in the presence of diverse input variables.

Furthermore, the results emphasize the critical role of
feature selection in balancing model accuracy and
interpretability. By focusing on the most influential variables,
the modelling framework provides clearer insights into the key
factors associated with industrial readiness for digital and low-
carbon transformation. From a policy perspective, the findings
suggest that improving industrial readiness requires not only
technological adoption but also stronger institutional support
and financial mechanisms. Such support systems can facilitate
firms’ ability to invest in digital infrastructure, adopt low-
carbon technologies, and gradually transition toward more
sustainable and digitally integrated production systems.

5. CONCLUSIONS

This study evaluates the predictive performance of five ML
models—Decision Tree, XGBoost, Random Forest,
LightGBM, and LR—on two industrial policy targets: Smart
Technologies Readiness and Low-Carbon Industry. The
models were trained and validated using the full feature set and
subsequently re-evaluated using features selected through the
Boruta feature selection algorithm. All experiments were
conducted using 5-fold Stratified Cross-Validation to ensure
balanced representation of each class.

The results demonstrate that ensemble-based models,
particularly XGBoost and LightGBM, consistently achieve



superior predictive performance across both tasks in terms of
accuracy, precision, recall, and F1-score. The application of
the Boruta feature selection method further improved model
performance in several cases, especially for Smart
Technologies Readiness, indicating that removing irrelevant
or redundant features can enhance model generalization and
efficiency. In addition, Boruta improves model interpretability
by identifying the most relevant variables influencing
industrial readiness.

From a policy perspective, these findings highlight the
importance of digital capability in supporting the transition
toward low-carbon industrial systems. Strengthening digital
infrastructure, promoting smart manufacturing initiatives, and
encouraging the adoption of digital technologies may help
accelerate industrial decarbonization efforts. Furthermore, the
ML framework proposed in this study can assist policymakers
in identifying critical indicators and prioritizing industrial
sectors that require targeted support for digital transformation
and sustainable development. For example, variables related
to workforce capability and access to technological guidance
indicate the importance of knowledge support and training
programs. Similarly, variables related to renewable energy
infrastructure highlight the need for policies that facilitate
access to clean energy resources for industrial firms.

Since the dataset used in this study is cross-sectional, the
analysis captures industrial readiness at a single point in time.
As a result, the model reflects the current state of digital and
low-carbon transformation readiness but does not account for
how these conditions evolve over time. Future research could
address this limitation by incorporating panel or time-series
data to examine the dynamic progression of industrial
transformation across sectors. Integrating temporal industrial
data and external policy indicators would also enable more
robust dynamic prediction and scenario analysis.

In addition, future studies could enhance the interpretability
of the predictive framework by applying explainable artificial
intelligence techniques such as SHAP and LIME. These
approaches would help reveal how individual features
contribute to model predictions, thereby improving
transparency and making the analytical insights more
actionable for policymakers. Such developments would
strengthen the practical relevance of ML-based industrial
readiness assessments and support evidence-based policy
formulation for digital and low-carbon industrial transitions.
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