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Supply chain sustainability relies on the effective interpretation of operational, environmental,
logistics, energy, and cost indicators that jointly shape resource efficiency, emissions
performance, and managerial decision-making. Traditional sustainability monitoring is often
fragmented, descriptive, and dependent on periodic manual review, whereas many predictive
analytics studies focus only on estimation accuracy and fail to link prediction outputs to
operational execution. This study addresses this analytics-to-action gap. In the Collect phase,
multi-source green supply chain records are acquired from raw material usage, energy
consumption, manufacturing energy, renewable energy share, waste generation, transport
distance, CO: emissions, carbon footprint, cost, and delivery time. In the Organize phase,
heterogeneous records are consolidated, harmonized, validated, and structured into an
analysis-ready dataset consisting of 1,029 observations across electronics, pharmaceutical,
food, apparel, and automotive product categories. In the Analyze phase, Univariate
Regression, RReliefF, correlation analysis, and Random Forest (RF) regression are applied to
predict Sustainability Score from structured supply chain indicators. Renewable energy share,
CO: emissions, and waste generation emerge as the most influential predictors, and the RF
model achieves stable predictive performance under 10-fold cross-validation, with mean
squared error (MSE) = 22.439 + 0.948, root mean squared error (RMSE) = 4.737 + 0.178,
mean absolute error (MAE) = 3.711 + 0.125, mean absolute percentage error (MAPE) =
8.588% + 0.365%, and coefficient of determination (R*) = 0.889 + 0.007. In the Infuse phase,
the predicted Sustainability Score is embedded into an energy management system (EMS) to
support dashboard visualization, risk-level indicators, automated alerts, recommendation
panels, reporting, and audit logs. The Al Ladder-guided machine learning (ML)-EMS pipeline
demonstrates a practical pathway from fragmented supply chain evidence to actionable
sustainability management, aligning with Sustainable Development Goals (SDGs) 7, 9, 12,
and 13. By directly embedding Sustainability Score prediction into EMS workflows, managers
can transition from periodic, descriptive monitoring to continuous, predictive, energy-aware,
and sustainability-oriented supply chain decision-making.

1. INTRODUCTION

sustainable supply chains founded by Becerra et al. [3],
likewise treats location, inventory, and transportation

Managers seeking to evaluate sustainability performance in
supply chains rarely confront a single operational issue in
isolation. Instead, they must interpret simultaneous variation
in raw material usage, energy consumption, manufacturing
energy, renewable energy share, waste generation, transport
distance, carbon footprint, CO, emissions, delivery time, and
cost, all of which influence how environmentally and
operationally efficient a supply chain is [1, 2]. These indicators
do not operate independently. A general structure of
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decisions as interdependent sources of cost, distance, fuel use,
emissions, and service outcomes rather than as separable
managerial issues. A reduction in delivery time may require
longer transport routes or higher energy use, lower costs may
coexist with higher emissions, higher waste, or weaker energy
performance, and improved output efficiency may still be
accompanied by elevated waste or carbon intensity. In this
sense, supply chain sustainability is not simply a matter of
monitoring one environmental metric, but of understanding
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how multiple operational and environmental signals interact in
ways that create trade-offs for managers. The practical
problem, therefore, is not a lack of data, but the difficulty of
converting structured operational evidence into a coherent
basis for sustainability-oriented judgment and intervention [4,
5]. This study also aligns with several SDGs, particularly SDG
7 (Affordable and Clean Energy), SDG 9 (Industry, Innovation
and Infrastructure), SDG 12 (Responsible Consumption and
Production), and SDG 13 (Climate Action), because it
integrates energy-aware management, predictive analytics,
and sustainable supply chain evaluation into a single decision-
support framework for greener operational planning and
intervention [1, 6, 7].

These variables matter because they capture the underlying
conditions through which supply chains consume resources,
generate environmental burdens, and reveal process
efficiency. In the context of this study, energy consumption
and manufacturing energy reflect the intensity of production
and logistics operations, while renewable energy share
indicates the extent to which those operations are aligned with
cleaner energy sourcing. Waste generation, carbon footprint,
and CO; emissions make visible the environmental
consequences of operational design, whereas raw material
usage, transport distance, delivery time, and cost reflect the
resource, logistics, and managerial constraints under which
sustainability performance must be achieved.

When interpreted jointly, these indicators provide a more
realistic picture of supply chain sustainability than any single
measure can offer, because they reveal not only environmental
outcomes but also the operational structure from which those
outcomes emerge [8, 9]. For that reason, Sustainability Score
is useful as a managerial proxy: it synthesizes multiple signals
into one interpretable indicator that can support comparison,
prioritization, and decision-making across supply chain
activities [10, 11].

Sustainability Score is useful precisely because it can
function as such a construct. Rather than standing as a
substitute for detailed operational data, it serves as a
managerial proxy that condenses multiple resource, logistics,
and environmental signals into one interpretable indicator of
sustainability performance. Rohde et al. [10] argue that
sustainability-oriented assessment becomes more actionable
when complex conditions are translated into criteria that
support comparison and judgment, while Toderas [11]
emphasizes that Al-enabled sustainability analysis is most
valuable when it helps organizations connect
multidimensional evidence to concrete decisions. In the
present context, Sustainability Score is not simply a reporting
output; it is a synthesized decision-support device that links
raw supply chain data to managerial interpretation. It allows
organizations to move from scattered observations of energy
use, emissions, cost, and material efficiency toward a more
integrated understanding of whether current operational
conditions are broadly aligned with sustainability objectives.
As a result, the score can help bridge the gap between
descriptive measurement and practical intervention across
supply chain activities. That bridge becomes more important
when organizations require not only retrospective
interpretation but anticipatory insight. Descriptive indicators
can reveal whether waste is high, renewable energy use is low,
or transport distance is excessive, but they do not by
themselves show how the observed combination of variables
is likely to translate into overall sustainability performance.
Prediction addresses this limitation by estimating probable
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sustainability conditions from structured operational evidence
before all consequences fully materialize in supply chain
outcomes. According to the study [9], structured operational
indicators can reveal sustainability-relevant patterns when
analyzed through predictive approaches, especially in contexts
where energy efficiency and process performance are
interdependent. Prediction therefore improves interpretability
by clarifying how wvariables work together, strengthens
prioritization by highlighting influential conditions, and
supports earlier intervention in cases where managerial
adjustments may still be feasible. In this study, Al is
introduced only in that instrumental sense: as a predictive
modelling method, an analytical engine for detecting patterns
among structured variables, and a mechanism for supporting
managerial interpretation. It is not treated as an explanatory
driver of Sustainability Score, but as the means through which
the score can be estimated from the supply chain conditions
already present in the dataset [2].

The usefulness of that predictive output depends on where
it is applied. If Sustainability Score remains an isolated
analytical result, its function is largely interpretive. If it is
embedded in an energy management system (EMS), however,
it becomes part of a broader decision-support environment
through which organizations can coordinate energy-related
and sustainability-oriented action. EMS, as Javed et al. [6]
suggested, can be understood not merely as a platform for
monitoring energy use but as a governance architecture
capable of informing adjustment, prioritization, and control.
This interpretation is especially relevant when sustainability
performance is tightly connected to variables such as energy
consumption, renewable energy share, manufacturing energy,
and carbon intensity. In such a setting, predicted Sustainability
Score can help translate observed operational conditions into
signals for intervention, enabling managers to identify where
energy-aware adjustment, process redesign, or sustainability-
oriented prioritization may be needed. Jasiunas et al. [12]
likewise showed that resilient energy management requires
integrative decision structures rather than narrow reporting
mechanisms. The present study extends that idea by treating
EMS as the managerial destination of the predictive output
rather than as a parallel monitoring tool detached from
sustainability scoring.

This article uses Al Ladder as its implementation logic, as
shown in Figure 1. In this study, the ladder consists of four
connected stages: collect, organize, analyze, and infuse [13,
14]. The collect stage refers to gathering structured supply
chain and environmental indicators such as raw material
usage, energy consumption, emissions, waste, cost, and
logistics measures. The organize stage concerns preparing
these variables so that they are analytically coherent and
decision-relevant rather than fragmented observations. The
analyze stage involves applying predictive modelling to
estimate Sustainability Score from the observed structure of
operational and environmental conditions. The infuse stage
then embeds the prediction output into EMS-based managerial
processes so that the score informs operational prioritization,
energy-related adjustment, and sustainability-oriented
decision-making.

In Analyze phase, RF regression model is particularly
suitable in this study because supply chain sustainability
indicators interact in nonlinear and complex ways that cannot
be adequately captured by conventional linear models. By
combining multiple decision trees, RF can model these
interactions while maintaining robustness and predictive



accuracy on structured tabular data [15, 16]. In addition, its
ability to reveal variable importance enhances interpretability,
making it especially valuable for managerial decision support
in sustainability contexts. Al Ladder is not the theoretical

driver of sustainability performance; it is the integration
pathway that connects structured data, predictive analysis, and
practical use inside EMS.

Infuse - Operationalizes Al throughout the Business

Analyze - Build and scale Al with trust and transparency

Modernize

Make the data ready for Al

Organize - Create Business Ready Analytics Foundation

and hybrid cloud world

Collect - Make data simple and accessible

Figure 1. The Framework of Al Ladder

Despite substantial work on sustainable supply chains,
predictive analytics, and energy management, these domains
are still frequently addressed in parallel rather than as one
coherent framework. Prior studies have often stopped at
analytics rather than integration into managerial systems [4,
71. Some contributions focus on digitalization and operational
efficiency, others on sustainability scoring or Environmental,
Social, and Governance (ESG) related interpretation, and
others on energy management as a separate organizational
capability. Yet the literature offers relatively limited treatment
of a framework that explicitly combines structured supply
chain variables, Sustainability Score prediction, and EMS
deployment through AI Ladder logic. This omission is
nontrivial because the value of prediction depends not only on
whether a score can be estimated, but also on whether that
score can be operationalized in a governance setting where
managers make energy-sensitive supply chain decisions. The
research gap addressed here therefore lies in the absence of an
integrated design that connects observable supply chain
conditions, predictive sustainability scoring, and EMS-based
managerial application within one decision-support structure
[6, 9].

The novelty of this study lies in addressing that integration
problem directly. Conceptually, it links supply chain variables,
sustainability scoring, EMS, and Al Ladder within one
framework instead of treating them as separate analytical
concerns. Methodologically, it uses structured operational,
environmental, and energy-related variables to predict
Sustainability Score rather than relying on a single
sustainability metric or a purely descriptive assessment. At the
system-design level, it embeds prediction outputs into EMS so
that the result of modeling becomes part of a decision-support
architecture rather than an isolated analytical product.
Practically, it turns predicted Sustainability Score into
actionable support for energy-aware and sustainability-
oriented supply chain decisions. The contribution of the article
is therefore not that Al changes sustainability by itself, but that
predictive modeling is used to operationalize sustainability
intelligence inside an EMS context. This distinction is
important because it grounds the study in the variables that
actually describe supply chain conditions while preserving
Al’s role as an enabling tool rather than a theoretical
determinant [7, 11].
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This study is guided by three closely connected questions.
It first seeks to determine the extent to which structured supply
chain indicators can predict Sustainability Score from the
observed configuration of operational, environmental, and
energy-related variables. It then examines which of those
variables most strongly shape the predicted score, with
particular attention to the relative importance of energy
intensity, emissions, waste, logistics conditions, and material
usage. Finally, it explores how the predicted Sustainability
Score can be embedded in an Al Ladder-based EMS so that
the output of prediction becomes actionable support for
greener and more coherent supply chain decision-making.
Meanwhile the aim of this article is to develop a predictive
framework for estimating Sustainability Score from structured
supply chain indicators and to examine how that output can be
embedded in an Al Ladder-based EMS. The article contributes
in three ways. Theoretically, it connects supply chain
sustainability measurement with EMS-oriented decision
support by showing how a synthesized score can serve as an
interface between operational variables and managerial action.
Methodologically, it builds a predictive framework from
structured supply chain indicators that reflect resource
intensity, environmental burden, logistics performance, and
operational trade-offs. Practically, it helps firms use the
predicted Sustainability Score to support more informed
decisions related to prioritization, energy adjustment, and
sustainability-oriented intervention.

2. METHODOLOGY

The proposed framework adopts IBM’s Al Ladder
methodology as the organizing logic for constructing an end-
to-end pipeline that predicts Sustainability Scores from multi-
source supply chain data and positions the resulting analytics
within a deployable energy management context [6, 7]. As
shown in Figure 2, the framework is structured around four
sequential yet interdependent stages (collect, organize,
analyze, and infuse) which together connect fragmented
operational evidence to decision-oriented sustainability
assessment [4, 11]. This staged design is appropriate for the
present study because supply chain sustainability depends on
the joint interpretation of environmental, operational,



logistics, and energy-related indicators rather than on a single
isolated measure [1, 8].

The framework is structured to convert fragmented supply
chain evidence into deployable sustainability intelligence: in
the Collect stage, edge-level data are gathered from material
usage, energy consumption, manufacturing energy, waste,
transport, emissions, cost, and delivery, because supply chain
sustainability depends on the interaction of operational,
environmental, and logistics variables rather than on a single
metric [1, 8]. In the Organize stage, these heterogeneous inputs
are consolidated in the core layer and pre-processed so that
fragmented reports become analytically coherent and
decision-ready, consistent with the role of AI Ladder in
connecting raw evidence to usable assessment [4, 11]. In the
Analyze stage, predictive modeling is applied to estimate the

Sustainability Score from the observed configuration of
energy, emissions, waste, logistics, and material variables,
since prediction helps reveal how these indicators jointly
shape sustainability performance and supports more objective
prioritization [9]. In the Infuse stage, the predicted score is
embedded into the EMS so that the output functions as
operational decision support rather than as an isolated
analytical result, which aligns with the view that EMS should
serve as a governance architecture for adjustment,
prioritization, and energy-aware intervention [6, 12]. This is
why the framework is meaningful: AI Ladder is not treated as
the driver of sustainability itself, but as the integration
pathway that connects structured data, predictive analysis, and
practical use inside EMS [7, 17].

Al-Ladder

Collect

* Material consemption report, raw material usage report
» Energy meter log. electricity consumption report

# Machine energy log, manufacturing energy report

» Waste generation report, waste disposal report

# Delivery route report, transport tracking report

« GHG emissions repart, carbon emissions calculation

# Renewable energy mix report, energy sourcing report

» Cost report, production cost report

# Delivery performance report, shipping lead time report
« Recyclability assessment, material compliance report

« Carbon footprint report, product carben footprint report

EDGE

l

All report, log and assesment data are collected m data center (data lake)

CORE

|

Organize

Data Cleanimg, labelling. integration. missing value treatment. outlier
handling. unit standardization, normalization, feature engineering, and

Data Pre-Processing

target labeling

Data

Analyze

ML Model Training
Random Forest

Model Evaluation
MSE, RMSE, MAE,
MAPE, R?

Analysis

Infuse

Al-enabled sustainability score prediction integrated into
the Enerpy Management System (EMS) for monitoring

and decision support

System Development

Figure 2. Al Ladder-based energy management system (EMS) framework for Sustainability Score prediction

2.1 Phase 1: Collect

The Collect phase constitutes the first operational rung of
the IBM AI Ladder and is defined in this study as the
systematic acquisition of structured, traceable, and decision-
relevant supply chain records from distributed edge-level
sources before central consolidation [4]. Such a design is
methodologically necessary because the Sustainability Score
targeted in this study is not determined by a single
environmental indicator, but by the interaction of material,
energy, emissions, logistics, cost conditions that emerge
across different operational sites and reporting boundaries [1,
8]. Thus, the Collect stage is framed as the deliberate
construction of an auditable evidence base capable of
preserving  operational  granularity =~ while  making
heterogeneous records sufficiently accessible for downstream
integration in an EMS-oriented architecture [6, 14, 18].
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2.1.1 Multi-source supply chain data acquisition model

The proposed acquisition model, illustrated in Figure 3,
collects raw material usage and material consumption from
material consumption reports and raw material usage reports
because materials data are necessary to represent the physical
input structure from which waste intensity and resource
efficiency can be assessed [1, 19]. Energy consumption,
electricity ~consumption, machine-level energy, and
manufacturing energy are acquired from energy meter logs,
electricity consumption reports, machine energy logs, and
production records because energy-related variables are
central to both EMS logic and the environmental interpretation
of production performance [20]. Renewable energy share is
collected from renewable energy records and utility-related
documentation because the study requires not only total
energy use, but also the extent to which operational energy
demand is met through cleaner energy sources that alter the



sustainability meaning of otherwise similar production
profiles [6, 20]. Waste generation is captured from waste
management reports because contemporary reporting
standards explicitly link waste-related practices to materials
use and value-chain impacts, making waste a necessary
operational rather than merely descriptive variable in

sustainability assessment [8, 21]. Carbon footprint and CO,
emissions are obtained from carbon accounting records and
emissions  reports because corporate  sustainability
measurement requires activity data that can support
organization-level and value-chain Greenhouse Gases (GHG)
inventories in a standardized and comparable manner [22, 23].

EDGE

Waste generation report,

aterial consumption report,

| S

1)

?_l
B =

Data Collec
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Renewable energy mi

waste disposal report
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Recyclability
assessment, material
compliance report

Delivery performance
report,

shipping lead time
report
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production cost report

l—

@M
H Delivery route report,

:-71,); transport tracking report

raw material usage report

Energy meter log,
electricity
consumption report

tion . Machine energy log,
¥ manufacturing energy

report

GHG emissions report,
carbon emissions calculation

i

X report,

energy sourcing report

Figure 3. Edge-level data acquisition model

Transport distance, logistics activity, delivery time, and cost
are collected from transport records, shipment logs, delivery
performance records, and cost records because upstream and
intra-chain sustainability conditions are materially shaped by
freight distance, transport mode, delivery performance, and
service expenditure rather than by production data alone [4,
24].

2.1.2 Edge-level data capture and source coverage

Data are captured as close as possible to their point of origin
at the edge level, including production units, metering points,
warehouses, transport interfaces, emissions-accounting points,
waste handling functions, and supplier-facing reporting
channels, because proximity to the source preserves
operational specificity and reduces the loss of contextual
information that often occurs when sustainability data are
reconstructed only after aggregation [18]. This edge-level
orientation is particularly important for logistics and transport
variables, transport-related emissions assessment depends on
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shipment-level information such as distance, mode, fuel, mass,
storage conditions, and provider activity rather than on
generalized annual summaries alone [22]. For that reason, the
study treats source heterogeneity, because the Sustainability
Score is intended to reflect interactions among purchasing,
production, energy use, transport, emissions, and waste
generation, all of which are recorded in different operational
systems and organizational documents [1, 8].

2.1.3 Data transmission and consolidation to the core layer

After acquisition, as depicted in Figure 4, the collected and
aggregated records are transmitted from distributed edge
sources to a centralized core data environment through digital
extraction and synchronized reporting interfaces, because the
methodological purpose of the Collect stage is not only to
gather records, but also to make them uniformly accessible
across source boundaries in accordance with the Al Ladder
logic [18].

CORE

Digital Extraction and
Synchronized Reporting

Multi-Source Supply Chain

Data Aggregation e

Data Acquisition Model

Centralized Core Data
Environment.

Data Lake Organize Stage

Figure 4. Al Ladder-based supply

This transmission step is necessary because raw supply
chain evidence is ordinarily fragmented across operational
reports, metering logs, transport documents, environmental
inventories, and supplier disclosures, and therefore cannot
support coherent sustainability scoring unless it is first
assembled into a common evidence base with preserved
provenance [4]. The design also aligns with EMS principles,
since energy-related decision support depends on the regular
availability of measured consumption data and associated
operational context rather than on isolated or ad hoc reporting
snapshots [6]. By treating collection, access, and traceable
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chain data acquisition model

transfer as one integrated methodological activity, the study
ensures that the raw records entering the analytical pipeline
remain closely tied to the operational conditions from which
they were generated [19-21, 23]. These collected multi-source
records are then consolidated into the core data environment,
specifically a data lake, for the subsequent Organize stage [4].

2.1.4 Dataset source, scope, and reproducibility

The dataset used in this study was derived from real
enterprise records related to green supply chain operations.
The dataset was structured to represent product-level supply



chain observations across five product categories, namely
electronics, pharmaceutical, food, apparel, and automotive.
Each observation represents one supply chain record
containing operational, environmental, logistics, energy, cost,
and LCA-derived sustainability information.

The dataset consists of 1,029 product-level supply chain
observations across five product categories, namely
electronics, pharmaceutical, food, apparel, and automotive.
Each observation represents one supply chain record
containing operational, environmental, logistics, energy, cost,
and LCA-derived sustainability information. The records were
collected from enterprise operations located in the Greater
Jakarta metropolitan area (Jabodetabek), including Jakarta,
Bogor, Depok, Tangerang, and Bekasi, Indonesia. Since the
dataset was constructed from real enterprise records, the terms
“reports” and “logs” in this study refer to actual enterprise
documentation and system-generated records rather than
conceptual or simulated source categories.

To  support  reproducibility = while  maintaining
confidentiality, the study provides the variable dictionary, data
structure, target-variable definition, LCA-based
Sustainability Score scoring logic, data preprocessing
procedure, Random Forest (RF) configuration, fixed random
seed, 10-fold cross-validation scheme, and evaluation metrics
reported as mean + standard deviation. Although the raw
enterprise records cannot be fully disclosed due to
confidentiality restrictions, the analytical pipeline can be
reproduced using the same variable structure, scoring

Distributed Records from

Harmonize Records

l

EDGE

—

procedure, preprocessing steps, and modelling configuration.
2.2 Phase 2: Organize

The Organize phase constitutes the second stage of the IBM
Al Ladder and, in the context of this study, refers to the
consolidation, harmonization, validation, and structuring of
the records acquired during the Collect phase so that they
become analytically coherent and decision-ready within a
centralized core environment [18]. In methodological terms,
this stage is necessary because the Sustainability Score
investigated in this study is inferred from the interaction of
material, energy, emissions, logistics, and cost variables. The
Organize stage is therefore designed as a governed
transformation process through which distributed reports and
logs are converted into a traceable, interoperable, and analysis-
ready dataset [25].

2.2.1 Data consolidation and schema harmonization

The first organizing activity, shown in Figure 5, is the
consolidation of distributed edge-level records into the core
layer, where material consumption reports, raw material usage
reports, energy meter logs, electricity records, machine energy
logs, production records, renewable energy records, waste
reports, emissions inventories, transport documents, delivery
records, cost records, and supplier disclosures are brought into
a unified tabular environment with consistent schema

definitions.

Dataset Generation

|

* Standardize Variable
Names

e Align Units &
Measurement

e Unity Format

Variables

¢ Data Structure with Table

Figure 5. Data transmission and consolidation to the core layer

This step is methodologically necessary because
heterogeneous operational sources frequently encode similar
phenomena under different field names, units, reporting
intervals, and reference identifiers, which would otherwise
distort downstream interpretation by making semantically
related variables appear incomparable or duplicative [25].
Accordingly, the Organize stage harmonizes variable naming
conventions across sources, aligns equivalent fields under
common attribute labels, and standardizes units of
measurement so that variables are represented in a common
analytical vocabulary rather than in source-specific formats
[21].

Timestamp fields and reporting-period boundaries are
likewise aligned to a common temporal structure because a
predictive framework cannot infer valid relationships among
operational and environmental variables if those variables
refer to inconsistent observation windows across facilities,
processes, or shipments [24]. The same logic applies to
identifiers: company, facility, process, product, batch, and
shipment references are normalized so that records from
internal operations and external supplier disclosures can be
joined without weakening provenance or creating ambiguous
links between operational events and sustainability attributes.
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2.2.2 Operational definition of Sustainability Score

In this study, Sustainability Score is defined as a
continuous target variable representing the overall
sustainability performance of each supply chain record. The
score was derived from a Life Cycle Assessment (LCA)-based
evaluation of each record and was prepared prior to the
machine learning (ML) modelling stage. Therefore,
Sustainability Score served as the dependent variable to be
predicted from structured supply chain indicators.

The LCA-based scoring procedure followed the general
principles of ISO 14040 [26] and ISO 14044 [27], which frame
LCA through goal and scope definition, life cycle inventory
analysis, life cycle impact assessment, and interpretation. The
scoring process used the available life cycle inventory and

sustainability-related records. These indicators were
transformed into normalized impact values and then
aggregated into a 0-100 sustainability scale. Lower

environmental burden indicators were reverse-coded so that
lower impact contributed to a higher Sustainability Score,
while beneficial indicators such as renewable energy share
contributed positively.

The theoretical scale ranges from 0 to 100, where higher
values indicate stronger sustainability performance and lower
values indicate weaker sustainability performance. In the



organized dataset used in this study, the observed
Sustainability Score ranged from 12.80 to 91.53. Scores
between 80 and 100 indicate very strong sustainability
performance, 60-79 indicate good sustainability performance,
40-59 indicate moderate sustainability performance requiring
managerial review, 20-39 indicate weak sustainability
performance, and scores below 20 indicate critical
sustainability performance requiring urgent intervention.

The scoring was conducted as a structured LCA-based
assessment by the research team before predictive modelling.
To improve consistency, the same scoring rule, normalization
procedure, and weighting logic were applied to all 1,029
observations. The reliability of the scoring process was
checked through source-record verification, range plausibility
checks, missing-value inspection, duplicate-record screening,

consistency checks between LCA indicators and source
variables, and sensitivity testing of the scoring weights. These
procedures were intended to ensure that Sustainability Score
represented a consistent and auditable sustainability
assessment rather than an arbitrary or manually assigned label.

2.2.3 Data quality assurance with preliminary exploratory

The second organizing activity is quality assurance, which
is performed to ensure that the unified dataset preserves both
internal consistency and source traceability before any
analytical use is considered [25]. Thus, a preliminary
exploratory profiling step was conducted following the data
consolidation and schema harmonization process shown in
Figure 6.

SOURCE DATA

e

)

3

Internal Records

Supplier Records

External Documents

L

J

COLLECTED DATA

|

Data Consolidation

Data Deduplication &
Validation

l

l

Data Standarization

Error Checking

Data Standarization

STRUCTURED DATASET

Figure 6. Data consolidation and schema harmonization process

This is essential because fragmented sustainability records
often contain duplicate entries, missing values, incompatible
reporting scopes, and inconsistent units or category
definitions, all of which can bias later estimation of
Sustainability Score by altering the apparent relationship
between resource use, emissions, logistics performance [22].
For this reason, overlapping records are deduplicated by
checking shared identifiers and reporting periods, incomplete
entries are evaluated against source context, and inconsistent
values are reconciled through source-priority rules that
privilege primary operational logs over derivative summaries
where both exist. Provenance metadata are preserved
throughout this process by retaining source tags, timestamps,
facility identifiers, reporting boundaries, and document
lineage, because data quality in a sustainability-oriented EMS
context depends not only on numerical correctness but also on
the ability to audit how each variable entered the analytical
pipeline [22].

In this study, normalization of structured tabular formats,
alignment of data types, and preservation of wvariable
definitions are treated as prerequisites for valid downstream
analytics, since predictive modelling on incoherent enterprise
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data would risk learning reporting artifacts rather than
sustainability-relevant relationships [14, 25].

2.3 Phase 3: Analyze

Since Sustainability Score has been defined as an existing
continuous numerical target in the organized dataset, the
Analyze phase formulates the task as a regression problem
rather than a classification problem. The Analyze phase
applies RF regression to estimate Sustainability Score from the
structured supply chain dataset. Since Sustainability Score is a
continuous numerical target, the task is formulated as a
regression problem rather than a classification problem [16].
In this phase, the organized dataset is transformed into
predictive sustainability intelligence by identifying relevant
predictors, examining data patterns, and evaluating model
performance. Before model fitting, Exploratory Data Analysis
(EDA) was conducted through correlation analysis, box plots,
and distribution analysis. Correlation analysis examined the
direction and strength of relationships between predictors and
Sustainability Score, box plots helped identify unusual
observations, and distribution analysis showed the spread of



each variable. These steps provided an initial understanding of
the dataset before predictive modelling was performed [16].

Following EDA, variable ranking was performed using
Univariate Regression and RReliefF. Univariate Regression
identified predictors with strong individual relationships to
Sustainability Score, while RReliefF complemented this by
assessing predictor relevance through local differences among
neighboring observations. This made RReliefF suitable for the
regression setting because it can capture local dependencies
and potential interaction effects before RF modelling [28].
After variable ranking, the dataset was evaluated using cross-
validation. The training data were used to build the RF
regression model, while the testing data were used to evaluate
performance on unseen observations. This separation helped
reduce overfitting and avoid overly optimistic results caused
by data leakage [16, 29].

2.3.1 Random Forest model configuration

RF regression was applied because Sustainability Score is
a continuous target variable and the relationships among
supply chain indicators may be nonlinear or interaction-based.
Model evaluation was conducted using 10-fold cross-
validation. In this procedure, the dataset was divided into 10
folds. In each iteration, nine folds were used for model training
and the remaining fold was used for testing. This process was
repeated until each fold had served once as the testing subset.

The RF model was implemented as a baseline regression
model with bootstrap sampling, squared error as the splitting

Dataset

Exploratory Data Analysis
EDA

Structured Supply Chain

criterion, 100 regression trees, and a fixed random seed to
support reproducibility. Model performance was evaluated
using mean squared error (MSE), root mean squared error
(RMSE), mean absolute error (MAE), mean absolute
percentage error (MAPE), and coefficient of determination
(R?). The final performance values were reported as mean +
standard deviation across the 10 validation folds. This
evaluation strategy provides a more stable estimate of the
model’s generalization performance. The RF configuration is
summarized in Table 1, and the Analyze phase workflow is
shown in Figure 7.

Table 1. Random Forest (RF) model configuration

Parameter Configuration
Model type RF Regressor
Target variable Sustainability Score
Number of trees 100
Splitting criterion Squared error
Bootstrap sampling Enabled
Random seed Fixed

10-fold cross-validation
MSE, RMSE, MAE, MAPE,
RZ
Reporting format Mean =+ standard deviation

Evaluation scheme

Evaluation metrics

Note: MSE = mean squared error, RMSE = root mean squared error, MAE =
mean absolute error, MAPE = mean absolute percentage error, R? =
coefficient of determination.

Rank Variable

Correlations

Box Plot

Data Splitting

Distribution (Training & Test)

Random Forest Model

Bootstrap Resample
Training Subset

{

Ensemble of
Regression Tree

Random Subset of
Predictors at Each
Split

Improved
Generaliation

s

Performance Evaluation

Figure 7. Analyze phase workflow

RF is selected because it is suitable for structured tabular
data and can model nonlinear relationships and interaction
effects without requiring restrictive linear assumptions. In the
RF procedure, multiple bootstrap-resampled training subsets
are generated from the original training data. Each subset is
used to train a separate regression tree, and the collection of
these trees forms an ensemble of regression trees. At each split
within a tree, only a random subset of predictors is considered,
which reduces correlation among trees and improves the
generalization ability of the model [15, 30]. Once the ensemble
model has been developed, the framework proceeds to
performance evaluation. Within each cross-validation fold, the
RF model was trained on nine folds and evaluated on the
remaining fold. The final performance was obtained by
averaging the evaluation metrics across all 10 folds and
reporting their standard deviations. The evaluation metrics
should correspond to the regression nature of the target
variable, meaning that model performance is assessed based
on the difference between predicted and actual Sustainability
Score values [16]. This ensures that the evaluation process
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reflects the predictive objective of the study rather than relying
on classification-based measures that are not appropriate for a
continuous outcome.

The final output of the Analyze phase is the result of the RF
regression analysis. This result includes the estimated
Sustainability Score, the ranked importance of predictors, and
the model performance findings. Together, these outputs
provide evidence-based sustainability intelligence for the Al
Ladder-based EMS framework. The result is not limited to
prediction accuracy alone; it also supports interpretation by
identifying which supply chain variables contribute most
strongly to sustainability performance. This makes the
Analyze phase useful for both predictive assessment and
managerial decision-making within a sustainability-oriented
supply chain context [1, 15].

2.4 Phase 4: Infuse

This section illustrates the development of an Al Ladder-
based EMS that embeds Sustainability Score prediction into



green supply chain processes. The approach follows the Infuse
phase of the IBM Al Ladder, which focuses on embedding Al
into workflows to enable smarter operations and enhanced
decision-making [17]. Infusing AI into the core EMS
workflows enables the system to transform structured supply
chain data into predictive sustainability insights, supporting
better prioritization, intervention, and greener managerial
decisions [6, 7].

2.4.1 Energy Management System process re-engineering and
integration design

As illustrated in Figure 8, the process starts with EMS
process re-engineering activities, including the review of the
current state (As-Is) and the design of the desired future state
(To-Be). These steps are crucial to ensure that the existing
EMS process is clearly mapped and improved before
introducing predictive intelligence [31].

Business Process Re-Engineering
EMS Process Analysis
Prepare for EMS Integration Aoils Y

EMS Process Analysis
To-Be

—

—

System Development and
Configuration

B e ot

Current EMS Monitoring

Focus Group Discussion (FGD) System

System

EMS Process Integration with
Predictive Sustainable Score

Analytical Integration Layer Blueprint

1 l

Energy Management System User Acceptance Testing
(EMS) UAT

I

Dashboard, Alerts, and
Decision Support Panel

Figure 8. Energy management system (EMS) process re-engineering and integration design

A Focus Group Discussion (FGD) is used to gather expert
input on how managers currently monitor separate indicators
such as energy consumption, renewable energy share,
emissions, waste generation, transport distance, cost, and
delivery time. This input informs the design of a new EMS
process in which the predicted Sustainability Score is
integrated into the decision flow as a synthesized indicator for
greener supply chain management [1, 6].

The redesigned EMS process allows the system to move
beyond descriptive monitoring. Instead of displaying isolated
indicators only, the infused process places the predicted
Sustainability Score alongside the underlying operational and
environmental variables, enabling managers to interpret
sustainability performance in a more coordinated and
decision-oriented manner [17]. In this way, the prediction
output is not treated as a substitute for detailed indicators, but
as an additional interpretive layer that supports monitoring,
review, and action planning within the EMS environment [6,
12].

2.4.2 System embedding, configuration, and validation

In practical terms, integration between the RF model and
the EMS is carried out through an analytical integration layer.
This layer receives prediction outputs from the model and
forwards them to EMS modules for visualization and decision
support. This pattern ensures that the prediction result is
connected to the relevant unit of analysis, such as facility,
process, supplier, shipment, or reporting period, while
preserving access to the underlying sustainability-related
variables [1, 15].

The EMS is configured to display the predicted
Sustainability Score together with the operational indicators
from which it is inferred. In this way, managers can understand
not only the predicted condition, but also the operational
pattern behind it. Once embedded into the system, the score
can support decisions related to energy-efficiency adjustment,
process redesign, logistics optimization, emissions reduction,
waste minimization, and renewable-energy prioritization [6].

To ensure that the developed EMS workflow functions
properly, the infused system is subsequently validated through
functional verification, consistency checks between displayed
scores and source records, scenario-based review of alert
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logic, and managerial usability assessment of dashboards and
reporting outputs. This validation confirms that the prediction
output is correctly rendered, interpretable, and usable within
the EMS environment [31]. As a result, the Infuse phase
completes the Al Ladder cycle by turning Sustainability Score
prediction into a reusable decision-support capability for
greener and more coherent supply chain management [6, 17].

3. RESULT

This section presents the results generated across each stage
of the AI Ladder framework, namely collect, organize,
analyze, and infuse, as applied to the prediction of
Sustainability Score from supply chain data within an Al
Ladder-based EMS. Each stage represents a critical
component of the proposed framework, showing how multi-
source operational, environmental, logistics, and energy-
related data are acquired, structured, modeled, and embedded
into managerial workflows. By examining the outcomes of
each phase, this section demonstrates how fragmented supply
chain data are transformed into predictive sustainability
intelligence and subsequently integrated into the EMS to
support more informed, energy-aware, and sustainability-
oriented decision-making.

3.1 Collect

Based on the implemented data collection process, the study
obtained a structured green supply chain dataset containing
1,029 observations across five product categories, namely
electronics, pharmaceutical, food, apparel, and automotive.
The substantive collection output consisted of a contextual
product category field and 10 operational and environmental
predictor variables. This result is important because the
collected dataset does not merely describe isolated business
activities, rather, it captures the multidimensional conditions
from which sustainability performance can be inferred. In line
with the study design, the collected evidence reflects the
interaction of material use, energy intensity, emissions burden,
logistics performance, and economic trade-offs, all of which
are necessary to construct an interpretable sustainability-



oriented assessment rather than a single-metric environmental
snapshot.

First variable collected is product type, it was retained
because sustainability conditions differ across industrial
contexts, as sectoral production logic influences resource
demand, energy profiles, logistics structure, and waste
characteristics;  therefore, product category provides
contextual variation that helps explain why similar operational
values may imply different sustainability implications across
supply chains [1, 8]. Raw material usage was collected from
the material consumption report and raw material usage report,
this variable is theoretically important because it represents
material intensity at the input stage and therefore indicates
how heavily a supply chain depends on physical resources,
which in turn affects depletion pressure, downstream waste
generation, and the broader efficiency of resource
transformation. Energy consumption (obtained from the
energy meter log and electricity consumption report) and
manufacturing energy (obtained from the machine energy log
and manufacturing energy report) are likewise central because
they reflect the operational energy intensity of production and
processing activities; higher energy demand generally signals
greater resource use and lower eco-efficiency unless
compensated by cleaner sourcing or superior process
performance [6, 9]. By contrast, renewable energy, which
collected from renewable energy mix report and energy
sourcing report, share captures the quality rather than merely
the quantity of energy use, because two operations with similar
total energy demand may have very different sustainability
implications depending on whether that demand is supplied by
fossil-intensive or low-carbon energy sources [6, 7].

The environmental burden dimension is further represented
by waste generated, CO, emissions, and carbon footprint.
Waste generated (collected from the waste generation report
and waste disposal report) matters because it reflects process
inefficiency, material loss, and disposal burden, making it a
direct indicator of how far production remains dependent on
linear throughput rather than on efficient and circular resource
use [1, 8]. CO, Emissions, collected from GHG emissions
report are critical because they operationalize one of the most
direct climate-related consequences of supply chain activity,
especially where production, transport, and energy use remain
carbon-intensive [5, 7]. Closely related to this, carbon
footprint (obtained from the report) provides a broader
representation of climate burden by expressing the aggregated
greenhouse impact associated with operations, thereby helping
translate fragmented activity data into a more policy-relevant
sustainability signal [7, 8].

In the logistics and performance dimension, transport
distance, delivery time, and cost were collected because
sustainability in supply chains is shaped not only by
production efficiency but also by how goods move through the
network. Transport distance (obtained from delivery route
report and transport tracking report) is a meaningful predictor
because longer movement typically implies greater fuel
demand, higher handling requirements, and larger logistics-
related environmental exposure [4]. Delivery time that
obtained from the report is also relevant because it reflects
service-performance pressure and operational trade-offs, since
faster fulfilment may require more energy-intensive transport
modes, tighter scheduling, or less efficient routing, while
longer delivery may indicate coordination inefficiencies that
also affect sustainability performance [4, 32]. Cost is retained
not simply as a financial variable, but as an indicator of
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operational trade-off, because sustainability in supply chains
must remain interpretable in relation to economic feasibility,
process configuration, and managerial decision constraints
rather than being evaluated as a purely environmental
abstraction [1].

3.2 Organize

3.2.1 Data consolidation and schema harmonization result

The Organize phase began with the integration of collected
data originating from three source groups, namely internal
records, supplier records, and external documents. Internal
records provided operational and production-related evidence,
supplier records supported supply chain and product-level
information, while external documents complemented the
dataset with sustainability-related disclosures and supporting
environmental records. These heterogeneous inputs were first
treated as collected data before being consolidated into a
unified tabular structure. This step ensured that the dataset
entering the Organize phase reflected the multi-source logic of
the framework rather than a single isolated data source.
Following data consolidation and schema harmonization, the
collected supply chain records were transformed into an
analysis-ready tabular dataset. Initial inspection of the
imported file showed 1,029 observations and 16 columns.
However, two fields found to be entirely irrelevant across all
records and were therefore treated as non-substantive artifact
fields rather than valid analytical variables, to maintain
methodological consistency with the regression objective and
to focus on continuously measured operational,
environmental, logistics, energy, and cost indicators. After
removing non-substantive artifact fields from the analytical
predictor set, the organized dataset consisted of 1,029
observations and 13 structurally relevant columns, comprising
one identifier field (ID), one contextual categorical variable
(Product_Type), 10 operational and environmental predictor
variables, and one continuous target variable
(Sustainability Score).

Schema harmonization was then completed by aligning
variable names, analytical roles, and data formats into a
consistent structure. Source-specific labels were converted
into standardized variable names. This harmonization process
reduced ambiguity across variables and ensured that each
column represented a clearly defined analytical attribute. In
addition, data standardization was reflected in the use of
consistent units of measurement, categorical coding, and
numeric formats, allowing the organized dataset to be directly
used for downstream exploratory analysis and predictive
modelling.

Table 2 presents a sample of the collected supply chain
dataset, where each row represents one product record
identified by ID and product type, and each column captures a
key operational or sustainability-related variable. The
variables shown include raw material usage, energy
consumption, waste generated, transport distance, CO;
emissions, manufacturing energy, renewable energy share,
cost, delivery time, and carbon footprint.

3.2.2 Data quality assurance and preliminary exploratory

The second result of the organize stage was the
establishment of internal data consistency through quality
assurance and preliminary exploratory profiling. The unified
dataset was profiled for structural completeness, data type
consistency, duplicate records, missing-value patterns, and



basic range plausibility before entering the Analyze phase. The
screening showed no duplicated rows and no duplicated
identifiers.

Data deduplication and validation were carried out by
checking whether repeated records appeared at either the row
level or identifier level. The absence of duplicated rows
indicates that the dataset did not contain repeated product

records, while the absence of duplicated identifiers confirms
that each observation could be treated as a unique analytical
unit. Validation also involved checking whether each retained
field had a meaningful analytical role, so that non-substantive
artifact columns were excluded from the final dataset before
modelling. The resulting data dictionary of the organized
variables is presented in Table 3.

Table 2. Sample of the collected supply chain dataset

& E —_ g = - E ED ';E.. 2 a2 E il) .‘E}
< 2 @iz gf, 2T sz 82 3T 2 Eg 5E: E
A1 - S 7 ) - o=
S IR S - L e
1 Pharmaceutical 187.10  372.35 4.58 270623 206.07 195.02 7731  4696.90 2 319 81.25
2 Food 117.38 82.44 3149  606.00 794.00 784.21 31.90 989.72 4 628 37.55
3 Automotive 142.36 82.07 49.08 94594 166.37 775.05 16.86  1321.19 2 905 41.77
4 Food 185.28 55.45 10.32  2383.07 653.16 214.61 46.98  1464.67 1 47 56.79
5 Food 144.38  480.43 39.84  1562.15 167.65 309.60 14.00 381.54 10 822 45.27
Table 3. Data dictionary of organized variables
Variable Type Role Description
ID Text Identifier Unique record identifier
Product_ Type Categorical ~ Feature Product category, such as apparel, autqmotive, electronics, food, and
pharmaceutical
Raw_Material Usage kg Numeric Feature Amount of raw material used in kilograms
Energy Consumption kWh Numeric Feature Total energy consumption in kWh
Waste Generated kg Numeric Feature Total waste generated in kilograms
Transport Distance km Numeric Feature Transport distance in kilometres
CO; Emissions kg Numeric Feature Carbon dioxide emissions in kilograms
Manufacturing Energy kWh ~ Numeric Feature Energy used during manufacturing
Renewable Energy % Numeric Feature Share of renewable energy used
Cost_$ Numeric Feature Operational or production cost
Delivery Time days Numeric Feature Delivery time in days
Carbon_Footprint kg CO2 Numeric Feature Carbon footprint in kg CO:
Sustainability Score Numeric Target Continuous target variable for prediction

Datatype inspection confirmed that the organized dataset
preserved an appropriate analytical structure: Product Type
remained categorical, and the remaining sustainability-related
attributes were numeric and directly usable for downstream
modeling.

Error checking further confirmed that the retained variables
did not contain structurally invalid values. Numeric variables
were screened for negative values, implausible ranges, and
inconsistent formats, while categorical variables were checked
for valid category representation. The results showed that the
retained numeric attributes remained within plausible
analytical ranges, Product Type contained valid product
categories. These checks indicate that the organized dataset
was not only complete in structure, but also sufficiently clean
and coherent for the subsequent Analyze phase.

Basic diagnostic profiling further indicated no negative
values in the retained numeric variables and no immediately

implausible structural ranges; for example,
Renewable Energy % ranged from 10.02 to 79.92,
Delivery Time days ranged from 1 to 14, and

Sustainability Score ranged from 12.80 to 91.53. Category
coverage was also relatively balanced across Electronics (216
records), Pharmaceutical (213), Food (208), Apparel (198),
and Automotive (194), suggesting that the organized dataset
preserved cross-sector variation without severe category
concentration. Overall, the Organize phase produced a
structured dataset that was ready for the Analyze phase. The
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transformation pathway shown in the framework was
completed by consolidating multi-source collected data,
harmonizing the schema, removing non-substantive artifact
fields, wvalidating uniqueness, checking structural and
numerical errors, standardizing variable formats, and
preserving the analytical roles of each variable. As a result, the
final dataset provided a coherent empirical basis for RF
regression, with Sustainability Score positioned as the
continuous target variable and the remaining operational,
environmental, logistics, and cost indicators positioned as
predictors.

Table 4 summarizes the mean, standard deviation,
minimum, and maximum values of the main numerical
variables used in the analysis. The results show that the dataset
contains sufficient variation across material usage, energy
consumption, waste generation, transport distance, CO:
emissions, manufacturing energy, renewable energy share,
cost, delivery time, carbon footprint, and Sustainability Score.
In addition, Table 5 presents product-category comparisons
for selected sustainability-related indicators. These
comparisons show that the dataset is not concentrated in a
single product category and that each category contains
variation in Sustainability Score, renewable energy share,
emissions, and waste generation.

The descriptive results show that Sustainability Score had
a mean of 51.154 with a standard deviation of 14.728,
indicating moderate variation in sustainability performance



across the 1,029 enterprise records. Renewable Energy %
ranged from 10.017 to 79.923, while CO: emissions ranged
from 50.896 kg to 999.383 kg, showing substantial variation
in both cleaner energy use and emissions burden. Across
product categories, Food recorded the highest average
Sustainability Score (52.787 + 14.387), while Apparel
recorded the lowest average Sustainability Score (50.032 +
14.803). These descriptive results provide empirical context
for the subsequent variable ranking, correlation analysis, and
RF regression.

3.3 Analyze

The Analyze phase began with variable ranking and
correlation analysis to identify the preliminary relevance of
each predictor to the Sustainability Score before RF regression
was applied. Variable ranking was conducted using Univariate
Regression and RReliefF, while Pearson correlation was used
to examine the direction and strength of linear association
between each predictor and the target variable.

Table 4. Descriptive statistics of organized numerical variables

Variable Distribution Mean Std. Dev. Min Max

Raw_Material Usage kg IIIIIIIII 105.396 55.526 10.880 199.889
Energy Consumption kWh IIIIIIIII 274.301 129.784 50.061 499.256
Waste Generated kg IIIIIIIII 25.482 14.068 1.001 49.978
Transport Distance km IIIIIIIII 2504.796 1405.318 100.151 4988.972
CO2_Emissions_kg IIIIIIIII 523.085 275.053 50.896 999.383
Manufacturing Energy kWh IIIIIIIII 447.143 202.092 101.000 799.622

Renewable Energy % IIIIIIII 44.062 20.005 10.017 79.923
Cost_$ IIIIIIIII 2495.966 1365.805 201.166 4980.861

Delivery Time days I 7.637 4.023 1.000 14.000

||I|||III

Carbon_Footprint kg CO2 IIIIIIIII 501.458 284.585 0.000 1000.000
Sustainability Score 51.154 14.728 12.800 91.530

Table 5. Product-category comparison of selected sustainability indicators

Product Sustainability Score Mean Renewable Energy Mean  CO: Emissions Mean = Waste Generated Mean
Category +SD +SD +SD +SD
Electronics 216 50.363 £ 14.853 44.869 +19.747 539.018 +289.467 26.769 + 13.908
Pharmaceutical ~ 213 52.195 +14.993 44.843 £20.028 528.031 +£271.918 23.614 £13.999
Food 208 52.787 £ 14.387 45.986 £ 19.451 512.695 +273.493 25.018 £ 14.321
Apparel 198 50.032 + 14.803 43.061 £20.674 537.255 £269.300 26.645 +13.957
Automotive 194 50.284 + 14.498 41.265 +20.009 496.589 +269.844 25.410 + 14.043

3.3.1 Variable ranking result
The first analytical result in the Analyze phase was obtained

through variable ranking using two scoring methods, namely
Univariate Regression and RReliefF. This step was conducted



to identify which predictors showed the strongest relevance to
the Sustainability Score before the RF regression model was
fitted. The ranking result indicates that Renewable Energy %
was the most influential variable, with the highest Univariate
Regression score of 1012.034 and the highest RReliefF score
0f 0.223. This result suggests that the proportion of renewable
energy used in supply chain operations has the strongest
predictive relationship with the Sustainability Score. The
second most important variable was CO,_Emissions kg, with
a Univariate Regression score of 468.784 and an RReliefF

score of 0.208. This indicates that emissions burden is a major
determinant of sustainability performance. The third ranked
variable was Waste Generated kg, with a Univariate
Regression score of 274.333 and an RReliefF score of 0.179,
showing that waste generation also contributes substantially to
explaining variation in the Sustainability Score. Together,
these three variables demonstrate that the Sustainability Score
is primarily shaped by energy sourcing, emissions intensity,
and waste burden. The complete ranking results are reported
in Table 6.

Table 6. Variable ranking results

Rank Variable Univariate Regression RReliefF Interpretation
Score Score
1 Renewable_Energy % 1012.034 0.223 Strongest predictor; positively related to
- - sustainability performance
2 CO2_Emissions_kg 468.784 0.208 Major environmental burden predictor
3 Waste Generated kg 274.333 0.179 Important waste-related sustainability predictor
4 Cost $ 32.443 0.152 Lower individual contribution, but still relevant
5 Transport_Distance_km 1.046 0.153 Weak individual effect; may contribute through
interactions
6 Energy Consumption kWh 0.594 0.148 Weak individual effect
7 Manufacturing Energy kWh 0212 0.152 Weak individual effef:t; ppss1ble interaction
- - contribution
8 Raw_Material Usage kg 0.185 0.151 Weak individual effect
9 Delivery Time days 0.127 0.152 Weak individual effect
10 Carbon Footprint kg CO2 0.070 0.142 Weak individual effect in this ranking result
Table 7. Correlation analysis results
. . . Pearson o .
Rank Relationship Pair Correlation (r) Direction Strength Interpretation
Higher renewable energy share is
0,
1 Renewable_Energy_ %> +0.705 Positive Strong associated with higher Sustainability
Sustainability Score Score
2 CO2_Emissions kg« 0.560 Neeative Moderate to  Higher CO: emissions are associated with
Sustainability Score ’ & strong lower Sustainability Score
Waste Generated kg« . Higher waste generation is associated
3 Sustainability Score -0.459 Negative Moderate with lower Sustainability Score
L . Higher cost tends to be associated with
4 Cost_$ < Sustainability Score -0.175 Negative Weak slightly lower Sustainability Score
Transport Distance km <» Transport distance shows almost no direct
5 POTL_LIIS - +0.032 Positive Very weak linear relationship with Sustainability
Sustainability Score Score
. Energy consumption shows a minimal
6 Energy_ansul_n.p tion_kWh +0.024 Positive Very weak positive linear relationship with
Sustainability Score S
- Sustainability Score
. Manufacturing energy shows almost no
7 Manufactur.l ngiE.nergykah - -0.014 Negative Very weak direct linear relationship with
Sustainability Score .
Sustainability Score
. Raw material usage shows a negligible
8 Raw_Mat.erlal._.Usage_kg - +0.013 Positive Very weak positive linear relationship with
Sustainability Score S
- Sustainability Score
Delivery Time davs <> Delivery time shows almost no direct
9 ry_ime_cay +0.011 Positive Very weak linear relationship with Sustainability
Sustainability Score Score
. Carbon footprint shows a negligible direct
10 Carbon_Footprint_kg_COz <> +0.008 Positive Very weak linear relationship with Sustainability

Sustainability_Score

Score

Other variables showed lower but still relevant scores.
Cost_$ recorded a Univariate Regression score of 32.443 and
an RReliefF score of 0.152, indicating that economic factors
may contribute to sustainability performance, although less
strongly than renewable energy, emissions, and waste.
Variables such as Transport Distance km,
Energy Consumption kWh, Manufacturing Energy kWh,
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Raw_Material Usage kg, Delivery Time days, and Carbon
Footprint (kg CO,) showed comparatively smaller Univariate
Regression scores. However, their RReliefF values remained
within a relatively close range, suggesting that these variables
may still contribute to prediction through interaction effects
rather than through strong individual linear influence. This
ranking result supports the use of RF regression because the



predictors do not appear to contribute equally or only in a
simple linear manner. While Univariate Regression highlights
variables with strong individual associations, RReliefF
provides additional insight into predictor relevance by
considering local patterns in the data. Therefore, the variable
ranking stage helps justify the subsequent use of an ensemble-
based predictive model capable of capturing both dominant
predictors and weaker variables that may become important
through nonlinear interactions.

3.3.2 Correlation analysis result

The correlation analysis was conducted to examine the
direction and strength of the linear relationship between each
predictor and the Sustainability Score. The results are
summarized in Table 7. The results show that renewable
energy share had the strongest positive correlation with the
score (r = +0.705), indicating that higher use of renewable
energy was strongly associated with better sustainability
performance. In contrast, carbon dioxide emissions (r =
—0.560) and waste generation (r = —0.459) showed negative
correlations, suggesting that higher environmental burdens
were associated with lower sustainability performance. Other
variables showed weaker relationships. Cost had a weak
negative correlation (r = —0.175), while transport distance,
energy consumption, raw material usage, delivery time, and
carbon footprint showed very weak positive correlations, with

(a) Sustainability Score

(b) Renewable Energy (%)

values ranging from r=+0.008 to r=+0.032. Manufacturing
energy showed a very weak negative correlation (r = —0.014).
These results indicate that the direct linear relationships
between these variables and the Sustainability Score were
minimal.

Overall, the strongest linear relationships were found in
renewable energy share, carbon dioxide emissions, and waste
generation. However, weak individual correlations do not
necessarily mean that the other predictors are irrelevant,
because RF regression can capture nonlinear patterns and
interaction effects among variables. Therefore, the correlation
analysis served as a preliminary diagnostic step before the full
predictive modelling stage.

3.3.3 Data distribution

The distribution analysis was conducted to examine the
spread and variability of the target and predictor variables
before RF regression was applied. As shown in Figure 9, the
numbered histograms represent the analytical variables used
in the model: (1) Sustainability Score, (2) Renewable Energy
(%), (3) CO: Emissions (kg), (4) Waste Generated (kg), (5)
Cost ($), (6) Transport Distance (km), (7) Energy
Consumption (kWh), (8) Manufacturing Energy (kWh), (9)
Raw Material Usage (kg), (10) Delivery Time (days), and (11)
Carbon Footprint (kg COz).

(c) CO:z Emissions (kg)
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The target variable, shown in Figure 9 (a), indicates that
Sustainability Score was approximately bell-shaped, with
most observations concentrated around the middle score
range. This pattern suggests that the target variable had
sufficient variation and was suitable to be treated as a
continuous regression outcome. The key predictors in panels
(2)-(4) also showed broad variation. Renewable Energy was
distributed across low to high renewable energy shares, while
CO: Emissions and Waste Generated varied across different
levels of environmental burden. These patterns support the
earlier ranking and correlation results, where renewable
energy, emissions, and waste appeared as the most influential
variables.

The remaining predictors, presented in Figures 9 (b-k), also
showed sufficient dispersion across their observed ranges.
Cost and Transport Distance reflect variation in economic and
logistics conditions, while Energy Consumption and
Manufacturing Energy capture differences in operational and
production energy use. Raw Material Usage, Delivery Time,
and Carbon Footprint further indicate variation in material
intensity, delivery performance, and carbon burden. Although
several of these variables showed weak individual correlations
with Sustainability Score, their distributions confirm that they
still contain useful variation for RF regression, particularly
because the model can capture nonlinear and interaction
effects among predictors.

Overall, the distribution results indicate that the dataset was
appropriate for the subsequent predictive modelling stage. The
target variable was adequately dispersed, and the predictors
collectively represented variation across environmental,
energy, logistics, cost, material, and operational dimensions of
supply chain sustainability.

3.3.4 Cross-validation procedure

After the preliminary analysis was completed, model
evaluation was conducted using 10-fold cross-validation. The
dataset was divided into 10 subsets or folds. In each validation
round, nine folds were used to train the RF regression model,
while the remaining fold was used to test model performance.
The process was repeated 10 times so that each fold was used
once as the testing subset. The final model performance was
then summarized using the mean and standard deviation of the
evaluation metrics across all folds.

This procedure was used to ensure that the reported model
performance reflects the model’s ability to generalize across
different subsets of the structured green supply chain dataset.

3.3.5 Random Forest and performance evaluation

The RF regression model was then applied to predict
Sustainability Score using the selected operational,
environmental, logistics, cost, and energy-related predictors.
The model was constructed as an ensemble of regression trees.
In this process, multiple bootstrap-resampled subsets were
generated from the training data, and each subset was used to
build a separate regression tree. At each split within a tree,
only a random subset of predictors was considered, allowing
the model to reduce tree correlation and capture nonlinear
relationships as well as interaction effects among variables.

The final prediction was obtained by aggregating the
outputs of all regression trees in the ensemble. This process
made RF suitable for the present study because Sustainability
Score was not expected to be shaped by one variable alone, but
by the combined effects of renewable energy share, emissions,
waste, cost, logistics distance, energy use, manufacturing
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energy, raw material usage, delivery time, and carbon
footprint. Therefore, the model was able to evaluate both
strong individual predictors and weaker variables that may
contribute through interaction effects.

Model performance was assessed using regression
evaluation metrics, including MSE, RMSE, MAE, MAPE, and
R2% The evaluation was conducted using 10-fold cross-
validation, and the reported values represent the mean and
standard deviation across the 10 validation folds. The results
are presented in Table 8.

Table 8. Random Forest (RF) model performance

evaluation
Model MSE RMSE MAE MAPE R?
RF 22439+ 4737+ 3711+ 8.588%+ 0.889+
0.948 0.178 0.125 0.365% 0.007

Note: MSE = mean squared error, RMSE = root mean squared error, MAE =
mean absolute error, MAPE = mean absolute percentage error, R? =
coefficient of determination.

The RF model achieved an MSE of 22.439 + 0.948, RMSE
0f4.737 £ 0.178, MAE of 3.711 £ 0.125, MAPE of 8.588% +
0.365%, and R? of 0.889 + 0.007. These results indicate that
the model produced relatively low prediction error and stable
predictive performance across validation folds. The R? value
shows that approximately 88.9% of the variation in
Sustainability Score could be explained by the predictors
included in the model, while the small standard deviation of
R? indicates that the model performance was consistent across
folds.

3.4 Infuse

The Infuse phase represents the final stage of the AI Ladder
implementation, where the predictive output generated in the
Analyze phase is embedded into the EMS to support
sustainability-oriented supply chain decision-making. In this
study, the RF regression model produces a predicted
Sustainability Score based on structured operational,
environmental, logistics, energy, and cost variables. The
predicted score is not treated as an isolated analytical result,
but as an actionable decision-support signal that can be used
by managers to monitor sustainability performance, identify
risk patterns, prioritize interventions, and coordinate greener
supply chain actions.

The Infuse phase is particularly important because the value
of predictive analytics depends not only on model
performance, but also on how the prediction is operationalized
inside managerial workflows. Therefore, this section explains
the design of the EMS dashboard, required integration
components, business process re-engineering, system
blueprint, and User Acceptance Testing (UAT) for validating
the developed Al Ladder-based EMS.

3.4.1 Focus group discussion results

Recommended energy management system dashboard
features. The design discussion emphasized that the EMS
dashboard should prioritize interpretability, traceability, and
actionability. Since the prediction target is a continuous
Sustainability Score, the dashboard should not only display the
predicted score but also provide access to the underlying
indicators that shape the score. These indicators include raw
material usage, energy consumption, manufacturing energy,
renewable energy share, waste generation, transport distance,




CO; emissions, carbon footprint, delivery time, and cost.
Experts agreed that the dashboard should remain simple
enough for managerial use, while still being sufficiently
informative to support sustainability-oriented analysis. The
recommended EMS dashboard elements are shown in Table 9.
The discussion concluded that the EMS dashboard should
function as a decision-oriented visual layer. Rather than
presenting fragmented indicators separately, the dashboard
should synthesize them through the predicted Sustainability
Score while preserving access to the original variables. This
design ensures that managers can understand not only the

sustainability condition of a supply chain activity, but also the
operational pattern that explains it.

Required energy management system integration
components. The integration discussion emphasized that the
RF prediction model must be connected to EMS workflows
through an analytical integration layer. This layer receives
model outputs, links each prediction to the relevant unit of
analysis, and forwards the results to EMS modules for
visualization, alerting, reporting, and decision support. The
required EMS integration components and their functions are
summarized in Table 10.

Table 9. Recommended Energy Management System (EMS) dashboard elements

Dashboard Element Description Purpose
Sustainability Score Displays the predicted Sustainability Score for each product,  Provides a synthesized indicator of supply chain
Overview facility, supplier, shipment, or reporting period sustainability performance
. . Converts the predicted score into configurable risk Helps managers prioritize records that require
Risk Level Indicator

Indicator Contribution

Panel the predicted score
Energy Performance Displays energy consumption, manufacturing energy, and
Visualization renewable energy share
Emission and Waste Shows CO: emissions, carbon footprint, and waste
Panel generation

Logistics and Cost Panel

Alert and
Recommendation Panel

categories such as low, medium, or high sustainability risk
Shows key operational and environmental indicators behind

Displays transport distance, delivery time, and cost

Generates alerts when the predicted score falls below a
predefined threshold or when high-risk indicators are

intervention
Improves interpretability and prevents the score
from being treated as a black-box output
Supports energy-efficiency monitoring and

cleaner energy prioritization

Helps managers identify environmental burden

and process inefficiency

Supports interpretation of operational trade-offs

in sustainability performance

Enables faster managerial response and targeted
intervention

detected
Sustainability History Records score changes, alert history, managerial actions, and Supports traceability, audit, and continuous
Log timestamps improvement
Reporting Export Generates sustainability performance reports in Portable Supports documentation, managerial review,
P & EXp Document Format (PDF) or Excel format and performance tracking
Table 10. Required Energy Management System (EMS) integration components
EMS Component Integration Function Explanation

Core Data Environment /
Data Lake

Data Pre-processing

Layer for modeling

RF Prediction Engine indicators

Analytical Integration

Layer
Sustainability Monitoring Displays predicted score and supporting
Module indicators

Energy Management

Module <hare

Emission and Waste

Stores organized supply chain data
Cleans, validates, harmonizes, and prepares data

Predicts Sustainability Score from structured

Transfers prediction outputs into EMS modules

Links the score with energy consumption,
manufacturing energy, and renewable energy

Tracks CO:z emissions, carbon footprint, and

Provides a centralized repository for structured
operational, environmental, energy, logistics, and cost
variables
Ensures that fragmented records are transformed into
analysis-ready inputs
Converts supply chain data into predictive sustainability
intelligence
Connects the ML output with dashboard, alert, reporting,
and decision-support functions
Enables continuous monitoring of sustainability
performance

Supports energy-efficiency improvement and renewable
energy prioritization
Supports emissions reduction and waste minimization

Supports logistics optimization and operational trade-off
analysis

Reduces delay in managerial response

Supports documentation, accountability, and continuous

Monitoring Module waste generation
Logistics Performance Connects the score with transport distance,
Module delivery time, and cost
Alert and Notification Sends notifications when score or indicators
Module exceed risk thresholds
Reporting and Audit Generates sustainability reports and stores
Module historical logs

Provides recommended intervention areas based
on score and indicator patterns

Decision Support Module

improvement

Helps managers prioritize sustainability-oriented actions

The discussion confirmed that the EMS should not be
limited to passive monitoring. Instead, it should operate as a
sustainability governance architecture where predictive
analytics, energy management, environmental monitoring,
logistics assessment, and managerial action are connected
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within one integrated workflow.

In implementation terms, the proposed EMS was
operationalized as a prototype decision-support workflow
using the organized enterprise dataset. The workflow was
designed as a batch-based analytical process rather than a fully



real-time enterprise deployment. The organized dataset was
first stored in a structured tabular format containing the record
ID, Product Type, operational indicators, environmental
indicators, logistics indicators, energy indicators, cost
indicator, and the LCA-derived Sustainability Score. Before
prediction, the pre-processing layer checked data type
consistency, missing values, duplicate identifiers, numerical
range plausibility, and alignment between source records and
analytical variables. The cleaned dataset was then passed into
the RF prediction engine to generate predicted
Sustainability Score values for each supply chain record.
Each prediction output was stored together with the record
ID, product category, prediction timestamp, predicted score,
supporting indicators, and risk status. The analytical
integration layer then transferred this output to the EMS
dashboard and reporting modules. In this prototype, the
analytical integration layer functioned as a connector between
the prediction output table and the EMS interface, allowing the
dashboard to display the predicted Sustainability Score,
supporting variables, risk level, alert status, and recommended

Manual Review of Indicators |
Separate Supply >

Descriptive

As-Is Process (Before Al and EMS Integration)

intervention area for each record. Score-based thresholds were
used to convert predicted Sustainability Score into managerial
signals, where lower predicted scores were flagged for review
or intervention. These thresholds were configured as
adjustable parameters so that they could be aligned with
organizational policy, historical performance baselines, or
regulatory requirements.

Business process re-engineering flow. This section presents
the re-engineering of the green supply chain sustainability
monitoring process. The transformation moves from a
conventional descriptive monitoring approach to a predictive,
Al-enabled, and EMS-integrated workflow. The As-Is and To-
Be process flows are illustrated in Figure 10.

Before integration, the EMS process relied on fragmented
reports and descriptive review of separate indicators. After
reengineering, the process integrates structured supply chain
data, RF prediction, Sustainability Score output, EMS
dashboard monitoring, alert generation, and historical
reporting.

Limitations

- fragmented insight

Manual ‘ Periodic

| (energy, emissions, waste, 1 Sustainability 1 f——| - no predictive score
Chain Reports Decision-Making Reporting
transport, cost, recyclability) Evaluation no automatic alert
_ — slow intervention
— e = — — — J
To-Be Process (After Al-Ladder, Random Forest, and EMS Integration)
——— — — Managerial Intervention Benefits
(energy adjustment,
Multi-Source Core Data Data Cleaning, Random Forest Predicted Alert and predictive insight
EMS logistics optimization, Reporting and
Supply Chain 1 Environment / 9| Harmonization, 9{ Prediction 9| Sustainablity 9| Recommendation +—- i - integrated monitoring
Dashboard emissions reduction, waste History Log
Data Data Lake and Validation Model Score Engine faster response

minimization, recyclabilit,
e sustanability-oriented
improvement)
decision support

Figure 10. Process re-engineering flow: As-Is and To-Be

As-Is process before Al and Energy Management System
integration. Before the integration of RF prediction into EMS,
sustainability monitoring relied mainly on separate reports and
historical indicators. Managers reviewed energy consumption,
emissions, waste, logistics, and cost data independently.
Although these indicators were useful, the existing process did
not provide an integrated prediction of sustainability
performance. The As-Is process steps are listed in Table 11.

Table 11. As-Is process

Step Description

Supply chain data are collected from separate material,

1 energy, production, emissions, waste, logistics, and cost
reports.
) Managers review each indicator individually without a
synthesized Sustainability Score.
3 Sustainability evaluation is performed descriptively using
historical data and periodic reporting.
Energy adjustment, emissions reduction, waste
4 minimization, and logistics improvement depend heavily
on manual interpretation.
5 There is limited integration between predictive analytics
and EMS-based managerial workflows.

6 Alerts, prioritization, and intervention planning are not

automatically triggered by predicted sustainability risk.
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This conventional workflow limits proactive decision-
making. Although data are available, the absence of predictive
integration makes it difficult to identify which supply chain
activities require urgent sustainability-oriented intervention.

Table 12. To-Be process

Step Description
Multi-source supply chain data are collected from material,
1 energy, manufacturing, emissions, waste, transport, delivery,
and cost records.
5 The collected data are consolidated into the core data
environment or data lake.
3 Data are cleaned, harmonized, validated, and transformed
into an analysis-ready dataset.
4 The RF regression model predicts Sustainability Score from
structured supply chain indicators.
5 Prediction results are transferred into EMS through the
analytical integration layer.
6 EMS displays the predicted score, supporting indicators, risk
level, and historical trends through the dashboard.
Alerts are triggered when the predicted score falls below a
7 predefined threshold or when high-risk indicator patterns are
detected.

Managers use the EMS output to prioritize energy-efficiency

8 adjustment, process redesign, logistics optimization,
emissions reduction, waste minimization.

9 Reports and action logs are updated to support audit,

traceability, and continuous improvement.




To-Be process after Al Ladder, Random Forest, and Energy
Management System integration. After re-engineering, the
process integrates structured supply chain data, RF regression,
and EMS-based decision support. The system predicts
Sustainability Score from organized supply chain indicators
and embeds the prediction output into EMS dashboards, alerts,
reports, and managerial workflows. The To-Be process steps
are listed in Table 12.

In the To-Be model, Al does not replace managerial
judgment. Instead, RF regression functions as an analytical
engine that transforms structured supply chain data into
predictive  sustainability  intelligence. = EMS  then
operationalizes this intelligence by making it visible,
interpretable, and actionable for managerial decision-making.

3.4.2 Energy Management System blueprint

The EMS system blueprint defines how supply chain data
flow from source records into prediction outputs and then into
EMS modules. The blueprint consists of three main layers:
input pipeline, EMS modules, and dashboard interface.

Input pipeline. The input pipeline begins with multi-source
supply chain records. These records are collected from
operational, environmental, energy, logistics, and cost
sources. After collection, the data are consolidated in the core
data environment, organized into structured variables,
processed by the RF model, and transferred into EMS as
predicted Sustainability Score. The input pipeline components
are detailed in Table 13.

Table 13. Input pipeline

Source Type Processing
Material Coqsumptlon Report / Raw Structured operational data Captures raw mgterlal usage and material
Material Usage Report intensity
Energy Meter Lpg / Electricity Structured energy data Captures energy consumption and electricity
Consumption Report use

Machine Energy Log / Manufacturing
Energy Report
Renewable Energy Mix Report / Energy

Sourcing Report

Waste Generation Report / Waste
Disposal Report

GHG Emissions Report / Carbon

Accounting Record

Delivery Route Report / Transport

Tracking Report

Delivery Performance Report

Cost Report

Organized Supply Chain Dataset
RF Output

Analytical Integration Layer

Structured production-energy data
Structured energy sourcing data
Structured environmental data
Structured environmental data
Structured logistics data
Structured service-performance data

Structured financial-operational data

Analysis-ready tabular data
Prediction result
Application Programming Interface (API) /
middleware / system connector

Captures manufacturing energy intensity

Captures renewable energy share

Captures waste generation and disposal
burden
Captures CO2 emissions and carbon
footprint
Captures transport distance and logistics
movement
Captures delivery time and fulfillment
performance
Captures operational cost and economic
trade-off
Provides validated input for RF regression
Produces predicted Sustainability Score
Sends prediction output and supporting
indicators to EMS modules

This pipeline ensures that the EMS receives not only
descriptive monitoring data, but also processed predictive
output. Therefore, the Sustainability Score becomes a
managerial signal that can be connected to specific products,
facilities, suppliers, shipments, or reporting periods.

Energy Management System modules used. The developed
EMS consists of interconnected modules that transform
Sustainability Score prediction into operational decision

support. Each module performs a specific role in monitoring,
interpreting, alerting, reporting, and supporting sustainability-
oriented action. These modules are summarized in Table 14.
Together, these modules create a closed-loop EMS
workflow. The RF model predicts Sustainability Score, the
integration layer sends the output to EMS, the dashboard
visualizes the condition, and EMS modules support
monitoring, alerting, reporting, and intervention planning.

Table 14. Energy Management System (EMS) modules used

Module

Function

Purpose

Data Management Module

Sustainability Monitoring

Stores organized supply chain data and
prediction outputs
Receives and displays predicted Sustainability

Module Score
Energy Management Monitors energy consumption, manufacturing
Module energy, and renewable energy share
Emission and Waste Tracks CO:z emissions, carbon footprint, and
Monitoring Module waste generation
Logistics Performance Tracks transport distance, delivery time, and cost
Module
Alert and Notification Triggers warnings when score or indicators
Module exceed risk thresholds

Decision Support Module

Reporting and Audit
Module

Generates recommended intervention areas based
on prediction and indicator patterns
Produces sustainability, energy, emissions, and
operational performance reports

Maintains structured, traceable, and auditable
sustainability data
Tracks sustainability performance across products,
facilities, suppliers, shipments, or reporting periods
Supports energy-efficiency adjustment and renewable
energy prioritization
Supports emissions reduction, waste minimization, and
environmental burden control
Supports logistics optimization and operational trade-off
analysis

Enables faster managerial response

Helps managers prioritize corrective and improvement
actions
Supports documentation, audit, compliance, and
continuous improvement
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Dashboard element. The dashboard functions as the visual
and interpretive layer of the EMS. It allows managers to
observe the predicted Sustainability Score, understand the
supporting variables, receive alerts, review historical changes,
and determine appropriate sustainability-oriented actions. The
dashboard components are described in Table 15.

The dashboard is designed to support three managerial

questions. First, what is the current predicted sustainability
condition? Second, which operational and environmental
indicators explain the condition? Third, what action should be
prioritized to improve sustainability performance? By
answering these questions, the dashboard helps shift EMS
from passive monitoring toward predictive and proactive
decision support.

Table 15. Dashboard Elements

Component Description Visual Type
Sustainability Score Card Displays predicted Sustalnflblhty Score for ‘selectec.l product, facility, supplier, ~ Key performance indicator
shipment, or reporting period (KPI) card
Risk Level Badge Shows configurable sustainability risk level based on predicted score Color-coded label
Indicator Summary Panel Displays raw material usage, energy consumption, waste, emissions, transport KPI panel

Energy and Emission Trend

distance, cost, and delivery time
Visualizes energy use, renewable energy share, CO2 emissions, and carbon

Line chart / bar chart

Graph footprint over time
Product Category Filter Allows users to filter results by elect.romcs, pharmaceutical, food, apparel, or Dropdown filter
automotive category
Logistics and Cost Panel Shows transport distance, delivery time, and cost trade-offs Table / chart

Alert Panel

Recommendation Panel

Displays warnings for low predicted score or high-risk indicator patterns
Suggests intervention areas such as energy adjustment, waste reduction,

Notification cards

Action list

emissions control, or logistics optimization

History Log
Reporting Export

Records score changes, alerts, timestamps, and managerial actions
Enables export of dashboard summaries into PDF or Excel format

Timeline / log table
Export button

3.4.3 User Acceptance Testing (UAT) results

Prototype-based functional UAT was conducted to evaluate
whether the developed Al Ladder-based EMS workflow
functioned according to its intended design and whether the
system output could be understood and used by managerial
users. The UAT focused on functional readiness rather than
long-term operational deployment. Therefore, the test
examined whether the prototype could receive RF prediction
outputs, display Sustainability Score and supporting
indicators, apply risk-level logic, trigger alerts, generate
recommendations, store history logs, and export reports for
managerial review.

The EMS module test verified whether prediction outputs

were correctly integrated into monitoring, energy
management, emission and waste tracking, logistics
assessment, alerting, reporting, and decision-support

workflows. The dashboard test verified whether users could
access, filter, interpret, and respond to Sustainability Score

predictions.

UAT result for energy management system modules. Each
EMS module was tested to ensure that the predicted
Sustainability Score could be integrated into operational
workflows. The test focused on whether the EMS could
receive prediction output, link it with the correct source record,
display supporting indicators, trigger alerts, support decision-
making, and generate reports. The UAT results for the EMS
modules are presented in Table 16.

The UAT result confirms that the Al Ladder-based EMS
can operationalize RF prediction output into a usable
managerial workflow. The system does not only predict
Sustainability Score, but also transforms the prediction into
monitoring, alerting, reporting, and decision-support
functions. Therefore, the Infuse phase successfully embeds Al
into the EMS environment and supports greener, more
coherent, and more proactive supply chain decision-making.

Table 16. User Acceptance Testing (UAT) result for Energy Management System (EMS) modules used

No. EMS Module Test Case Expected Result Status
Data Management Store organized supply chain data and prediction Data are stored with correct ID, product
1 . R Passed
Module output type, indicators, and Sustainability Score
Sustainability Monitoring Display Sustainability Score by record, Score appears correctly and can be
2 . . . Passed
Module category, or reporting period monitored by users
3 Energy Management manI:llfr;l;ti(;?r{e legrl ene;i}if f:;;%igﬁggﬁ;r Energy-related indicators are displayed and Passed
Module & gsi]l’are &y connected to the predicted score
Emission and Waste Display COz emissions, carbon footprint, and Environmental burden indicators are shown
4 o . Passed
Monitoring Module waste generation accurately
5 Logistics Performance Display transport distance, delivery time, and Logistics indicators are accessible, Passed
Module cost filterable, and linked to each record
6 Alert and Notification Trigger alert when score falls below threshold or ~ Notification is generated and delivered to Passed
Module indicator risk increases relevant users
Decision Support Generate intervention recommendation based on System provides relevant action direction
7 . L . X Passed
Module prediction and indicator pattern for managerial review
3 Reporting and Audit Export EMS sustainability report Report mqludes score, l‘rldleltOI‘S, risk level, Passed
Module timestamp, and action log
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UAT result for dashboard elements. All dashboard elements
performed as expected during UAT. Users were able to view
the predicted score, examine supporting variables, filter
records, receive alerts, review recommended actions, track

historical changes, and export reports. This confirms that the
dashboard is functionally reliable and suitable for EMS-based
sustainability decision support. The UAT result for dashboard
elements is shown in Table 17.

Table 17. User Acceptance Testing (UAT) result for EMS dashboard elements

No. Component Test Case Expected Result Status
L . . Correct Sustainability Score appears for
1 Sustainability Score Card Display predicted score from RF output the selected record Passed
) Risk Level Badge Convert predicted score into predefined risk Risk category is displayed correctly based Passed
level on configured threshold
3 Indicator Summary Panel Display sppportmg oper_auonal and Variables are shown completely and match Passed
environmental variables source data
Energy and Emission Visualize energy, renewable energy share, CO2  Charts are generated accurately from EMS
4 .. . Passed
Trend Graph emissions, and carbon footprint data
5 Product Category Filter Filter dashboard by product category Selected category returns correct records ~ Passed
6 Logistics and Cost Panel Display transport distance, delivery time, and Logistics and cost indicators are accessible Passed
cost and filterable
7 Alert Panel Trigger warmng.for_ low score or high-risk Alert appears on dashboard and Passed
indicators notification module
8 Recommendation Panel Display suggested ;Izttizvrrelntlon based on risk Relevant action recommendation is shown  Passed
. . Logs show timestamp, record ID, score,
9 History Log Track score changes and alert history and action status Passed
10 Reporting Export Export dashboard summary into report format PDF or Excel report s generated Passed
successfully
4. DISCUSSION sourcing. Therefore, sustainability-oriented EMS should not

The results of this study demonstrate that Sustainability
Score can be effectively predicted from structured green
supply chain indicators when operational, environmental,
logistics, energy, and cost variables are organized into a
coherent analytical framework. Based on 10-fold cross-
validation, the RF regression model achieved an R? value of
0.889 + 0.007, with an MSE of 22.439 + 0.948, RMSE of
4.737 £0.178, MAE of 3.711 £ 0.125, and MAPE of 8.588%
+ 0.365%. These values indicate that the selected predictors
explain a substantial proportion of the variation in
Sustainability Score and produce relatively low prediction
error across validation folds. The small standard deviations
across folds further suggest that the model performance is
stable [1, 4].

The strongest empirical finding concerns the dominant role
of renewable energy share in shaping Sustainability Score. In
the variable ranking result, Renewable Energy % obtained
the highest Univariate Regression score and the highest
RReliefF score, while the correlation analysis also showed the
strongest positive relationship between renewable energy
share and Sustainability Score. This indicates that the quality
of energy sourcing is a central determinant of sustainability
performance in the observed dataset. Energy management
systems can function as structured mechanisms for improving
energy performance [12], and the result of this study extends
that logic by showing that renewable energy share can function
as a key predictive signal in an EMS-oriented sustainability
framework. In practical terms, two supply chain activities may
consume similar amounts of energy, but their sustainability
implications can differ substantially when one relies more
heavily on renewable energy. This result also helps explain
why renewable energy share appears more influential than
total energy consumption in the observed findings. Total
energy consumption captures the quantity of energy used,
whereas renewable energy share captures the quality of energy

4078

only monitor how much energy is consumed, but also whether
the energy profile supports cleaner and lower-carbon
operations. Recent studies on Al-enabled energy management
also emphasize that digital and ML approaches become more
valuable when they help organizations identify operational
patterns that influence energy efficiency and sustainability
outcomes [6, 9].

The second and third strongest predictors, CO: emissions
and waste generation, further validate the environmental logic
of the Sustainability Score. CO: emissions showed a
moderate-to-strong negative relationship with the target
variable, while waste generation also showed a negative
relationship. These results indicate that higher environmental
burden is associated with lower sustainability performance.
This interpretation is consistent with the Greenhouse Gas
Protocol, which treats emissions measurement as a foundation
for organizational greenhouse gas accounting and reporting
[22]. Similarly, Global Reporting Initiative (GRI) Standards
recognize emissions, energy, materials, and waste as important
environmental dimensions in sustainability disclosure. The
negative association between waste generation and
Sustainability Score is also theoretically coherent. Waste
reflects material loss, process inefficiency, disposal burden. In
GRI 306: Waste 2020, waste is treated as a material
sustainability topic when it reflects significant organizational
and value-chain impacts [21]. In the context of this study, the
empirical result supports that logic: as waste generation
increases, the predicted sustainability condition tends to
decline. Waste should therefore be understood not merely as a
reporting attribute, but as a core predictor of green supply
chain performance.

Several other variables, including transport distance, energy
consumption, manufacturing energy, raw material usage,
delivery time, cost, and carbon footprint, showed weaker
individual linear relationships with Sustainability Score.
However, weak correlation does not necessarily imply



irrelevance. In predictive modelling, relationships among
variables may be nonlinear, indirect, or interaction-based,
especially when the outcome is shaped by multiple operational
dimensions [16]. For example, transport distance may not
independently predict Sustainability Score strongly, but it can
become meaningful when interpreted together with emissions,
delivery time, logistics cost, and energy use. The same logic
applies to manufacturing energy, which may have different
sustainability implications depending on renewable energy
share and process efficiency. This supports the selection of RF
regression as the main predictive model. Breiman [15]
introduced RF as an ensemble method that combines multiple
decision trees and can capture nonlinear relationships and
interaction effects. In this study, that capability is important
because Sustainability Score is shaped by the combined
influence of renewable energy share, emissions, waste,
logistics conditions, material use, cost, delivery performance,
and carbon-related indicators. A purely linear model may
underrepresent these complex relationships, whereas RF can
learn predictive patterns from multiple variables without
assuming that each predictor contributes independently or
linearly.

The methodological validity of RF is further strengthened
by the structure of the prediction task. Since Sustainability
Score is a continuous numerical target, the study appropriately
formulates the task as a regression problem. The use of MSE,
RMSE, MAE, MAPE, and R? is therefore suitable because
these metrics evaluate the difference between predicted and
actual numerical values [16]. The R? value of 0.889 + 0.007
indicates strong predictive capacity, while the MAPE value of
8.588% + 0.365% suggests an average prediction error of
approximately 8.6% across validation folds. These results
should be interpreted as evidence of predictive usefulness
rather than causal proof. The model shows that observed
supply chain indicators can estimate Sustainability Score with
reasonable accuracy, but it does not prove that changing one
predictor will automatically cause a proportional change in the
score.

From a system perspective, the most important implication
lies in the Infuse phase. Many Al and predictive analytics
studies stop after model evaluation, leaving the prediction
output as an isolated analytical result. This study extends the
analytical output into an EMS workflow by embedding the
predicted Sustainability Score into dashboard visualization,
risk indicators, alert notifications, recommendation panels,
reporting, and audit logs. This design is aligned with the role
of EMS as a structured framework for managing and
improving energy performance [33]. It also supports the
argument that Al-based energy management becomes more
valuable when prediction and optimization outputs are
connected to operational decision-making [6]. The As-Is and
To-Be process comparison strengthens the managerial
contribution of the study. In the As-Is condition, managers
review separate indicators manually and depend on descriptive
monitoring. In the To-Be condition, the organized dataset is
processed by RF regression, transferred into EMS through an
analytical integration layer, displayed through dashboards, and
connected to alerts, recommendations, and reports. This
transformation is consistent with the direction of Al-based
logistics optimization, where analytics becomes more useful
when sustainability criteria are embedded into operational
decision processes rather than treated as separate reports [4].
In this way, the proposed EMS does not replace managerial
judgment, but strengthens it by providing a structured,
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predictive, and traceable decision-support signal.

The UAT results further support the practical feasibility of
the proposed EMS integration. Dashboard elements and EMS
modules were reported as passed, indicating that the system
can display predicted Sustainability Score, show supporting
variables, filter records, generate alerts, provide
recommendations, track historical logs, and export reports.
These results validate the functional readiness of the proposed
EMS design. However, the UAT should be interpreted as
functional validation rather than long-term operational
validation. Further deployment testing would still be needed
to examine whether the EMS improves sustainability
outcomes over multiple reporting periods, across different
organizations, and under real-time operational conditions.

Overall, the findings validate the central proposition of this
study: the value of predictive analytics in green supply chain
management depends not only on model accuracy, but also on
whether prediction outputs are embedded into managerial
systems. The Al Ladder provides a coherent implementation
pathway by linking data collection, organization, analysis, and
system infusion. By combining RF regression with EMS-
based workflows, the proposed framework helps organizations
convert fragmented supply chain data into predictive
sustainability intelligence that is wvisible, interpretable,
traceable, and actionable. This makes the study theoretically
relevant for sustainability measurement, methodologically
relevant for predictive modelling, and practically relevant for
energy-aware supply chain decision support.

5. CONCLUSIONS

Ensuring sustainable supply chain performance demands
not only accurate prediction but also a seamless bridge from
structured sustainability evidence to managerial action, a gap
that many analytics-only studies leave unaddressed. This study
operationalizes the AI Ladder end-to-end through Collect,
Organize, Analyze, and Infuse stages by acquiring multi-
source green supply chain data; consolidating and validating
operational, environmental, logistics, energy, and cost
indicators; applying RF regression to predict Sustainability
Score; and embedding the prediction output into an EMS.

Across 1,029 observations from five product categories, the
RF model achieved stable predictive performance under 10-
fold cross-validation, with MSE = 22.439 + 0.948, RMSE =
4.737 £ 0.178, MAE = 3.711 £ 0.125, MAPE = 8.588% =+
0.365%, and R* = 0.889 + 0.007. Renewable energy share
emerges as the strongest predictor, followed by CO: emissions
and waste generation, indicating that energy sourcing,
emissions burden, and waste intensity are central signals of
sustainability performance in the observed dataset. Crucially,
this study translates model outputs into execution through
EMS integration that provides dashboard visualization, risk
indicators, alerts, recommendation panels, reporting, and audit
logs. By embedding Sustainability Score prediction directly
within EMS workflows, managers can shift from fragmented,
periodic, and descriptive monitoring to continuous, predictive,
energy-aware, and sustainability-oriented supply chain
decision-making.

We note several scope qualifications. The model was
developed and evaluated using real enterprise records within
the scope of this study. Therefore, although the dataset reflects
actual operational and sustainability-related records, its
generalizability across broader supply chain settings still



requires further validation. The raw enterprise records cannot
be fully disclosed due to confidentiality restrictions; however,
the study provides the variable dictionary, scoring logic,
preprocessing procedure, modelling configuration, and cross-
validation protocol to support methodological reproducibility.
In addition, the EMS risk thresholds, alert rules, and
intervention priorities remain configurable and should be
calibrated according to organizational policy, regulatory
requirements, industry context, and historical sustainability
baselines. The EMS integration was also validated through
functional UAT, but long-term operational deployment
remains necessary to assess whether the system can
consistently improve energy efficiency, emissions control,
waste reduction, and logistics planning over time. The
concrete directions are outlined as follows:

(1) validation of the RF model using real-time or
periodically updated supply chain data;

(i1) testing of the Al Ladder-based EMS across multiple
companies, product categories, and operational contexts;

(iii) calibration of EMS risk thresholds, and alert rules based
on organizational sustainability targets and historical
performance baselines;

(iv) deeper interpretation of RF predictor importance to
clarify how renewable energy share, CO: emissions, waste
generation, and other indicators shape Sustainability Score;

(v) extension of UAT into longer operational trials
involving managerial users, dashboard monitoring, alert
response, reporting, and intervention follow-up;

(vi) evaluation of long-term EMS deployment to assess
whether predictive intervention improves energy efficiency,
emissions reduction, waste minimization, and logistics

performance;
(vii) development of auditable historical condition logs to
support traceability, managerial accountability, and

continuous improvement in sustainability-oriented supply
chain management.
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