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Abstract

The growing urgency of climate action has intensified the need for transparent, scalable and decision-relevant
carbon accountability systems. While existing carbon accounting and ESG disclosure mechanisms have improved
organizational reporting, they remain largely static, resource-intensive and disconnected from real-time
operational and consumer decision contexts. Building on the foundational concept of the Carbon Tagging System
(CTS), this paper proposes an advanced Al-enabled Carbon Tagging System (AI-CTS) that operationalizes
product- and service-level carbon transparency through intelligent automation. The study develops a multi-layer
socio-technical framework that integrates artificial intelligence, Internet of Things (IoT) and blockchain to enable
real-time carbon estimation, dynamic tag generation, behavioral personalization and automated verification.
Grounded in stakeholder theory, institutional theory and behavioral economics, the AI-CTS framework extends
prior sustainability disclosure models by embedding machine learning-driven lifecycle assessment, explainable
Al for tag transparency and predictive governance dashboards within a unified architecture. The paper advances
the emerging domain of Carbon Information Systems (CIS) by demonstrating how Al can transform carbon
tagging from a static reporting tool into an adaptive decision intelligence infrastructure. Conceptual propositions
are developed to guide empirical testing of consumer trust, purchase behavior, greenwashing detection and firm-
level ESG performance under Al-enabled tagging conditions. The study contributes to sustainability, information
systems and ESG scholarship in three ways: (1) it introduces an intelligent automation pathway for scalable
product-level carbon disclosure; (2) it integrates behavioral nudging with Al-driven environmental analytics; and
(3) it provides a practical implementation blueprint for firms, policymakers and digital platform providers. The
paper concludes by outlining validation strategies, governance considerations and research directions necessary
to operationalize AI-CTS in both developed and emerging economies, positioning it as a critical infrastructure for
real-time carbon accountability and low-carbon market transformation.

Keywords: Al-enabled carbon tagging, Carbon Information Systems, ESG analytics, real-time carbon
accounting, behavioral nudging, sustainable decision-making, digital sustainability governance.

1. Introduction
(Problem — Al Opportunity — Contribution)

The accelerating climate crisis has intensified the global demand for transparent, timely and actionable carbon
accountability. Governments, investors and consumers increasingly expect organizations to disclose the
environmental impact of products and services with greater precision and credibility. Despite significant progress
in environmental, social and governance (ESG) reporting and carbon accounting frameworks, the translation of
emissions data into real-time, decision-relevant intelligence remains limited. Existing systems largely operate at
aggregate or periodic reporting levels, leaving a critical gap between carbon measurement and everyday economic
behavior.
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The Carbon Tagging System (CTS) previously proposed by the authors addressed this disconnect by introducing
a structured mechanism to convert lifecycle emissions into standardized, consumer-facing carbon tags. While CTS
established a robust conceptual foundation for democratizing carbon information, its large-scale
operationalization faces an important constraint: the heavy dependence on manual, resource-intensive carbon
accounting processes. As global supply chains become increasingly complex and data-rich, traditional approaches
to lifecycle assessment (LCA) struggle to deliver the speed, granularity and scalability required for real-time
carbon transparency.

This paper argues that the next evolution of carbon accountability lies in the intelligent automation of CTS through
artificial intelligence (AI). By embedding Al capabilities into the carbon tagging ecosystem, it becomes possible
to transform CTS from a static disclosure mechanism into a dynamic, adaptive and scalable carbon intelligence
infrastructure.

1.1 Background

Climate accountability challenges continue to persist despite decades of advancement in carbon accounting and
sustainability reporting. Organizations face mounting pressure to quantify Scope 1, Scope 2 and particularly Scope
3 emissions across increasingly fragmented value chains. At the same time, consumers and regulators demand
greater transparency at the product and service level. However, existing mechanisms remain predominantly firm-
centric, periodic and technically complex, limiting their effectiveness in influencing real-time decisions.

The earlier conceptualization of the Carbon Tagging System (CTS) established an important step toward bridging
the gap between technical carbon measurement and stakeholder communication. CTS introduced a five-layer
architecture- Measurement, Tagging, Disclosure, Incentive and Governance - to translate lifecycle emissions into
standardized visual indicators accessible to consumers and regulators. This framework positioned carbon tags as
the sustainability equivalent of price or nutrition labels, thereby advancing micro-level environmental
transparency.

Nevertheless, a major operational bottleneck remains. Current carbon accounting practices are heavily dependent
on manual lifecycle assessments, consultant-driven audits and periodic data compilation. These processes are:

. Slow, often requiring months to complete product-level LCAs;
. Costly, particularly for small and medium enterprises (SMEs); and
. Non-scalable, given the exponential growth in product variety and supply chain complexity.

As a result, the widespread, real-time deployment of CTS in its traditional form faces significant feasibility
constraints. Overcoming this bottleneck requires a technological inflection capable of automating measurement,
accelerating analysis and dynamically updating carbon tags at scale.

1.2 The AI Inflection Point: Positioning AI as the Missing Scalability Engine

Recent advances in artificial intelligence, machine learning and digital infrastructure present a transformative
opportunity to overcome the scalability limitations of conventional carbon accounting. Contemporary production
and consumption systems generate carbon-relevant data that are increasingly high in volume, velocity and
variety—originating from IoT sensors, enterprise systems, logistics platforms and digital transactions. Traditional
LCA methodologies, while scientifically rigorous, are not designed to continuously process such dynamic data
environments.

Artificial intelligence offers the computational and analytical capabilities required to operationalize carbon
transparency in real time. Specifically, Al can enable:

. Real-time carbon estimation through machine learning-based lifecycle approximation models;
. Predictive carbon analytics that forecast emissions across supply chains and product variants;
. Automated carbon tag generation using intelligent classification and benchmarking algorithms; and
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. Anomaly detection and anti-greenwashing mechanisms that identify inconsistencies or suspicious
reporting patterns.

Traditional Carbon Tagging System (CTS) Al-Enabled Carbon Tagging System (AI-CTS)
Measurement Layer Intelligent Measurement Layer

odic dat
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Figure 1 illustrates the transition from traditional CTS to Al-enabled CTS (AI-CTS), highlighting how Al
augments each layer of the original framework.

By embedding these capabilities within CTS, Al functions as the scalability engine that converts carbon tagging
from a periodic reporting exercise into a continuously learning and adaptive system.

1.3 Research Gap

Despite rapid progress in both Al-driven sustainability analytics and carbon disclosure frameworks, the literature
reveals a critical structural gap. Existing Al applications in environmental management primarily focus on
emission prediction, energy optimization, or supply chain analytics. Separately, carbon labeling and ESG
disclosure systems emphasize transparency and stakeholder communication. However, these two streams have
evolved largely in isolation.

To date, no integrated Al-driven system exists that can automatically measure, verify and communicate product-
level carbon intensity at scale within a unified socio-technical architecture. Current solutions typically suffer from
one or more of the following limitations:

. Al tools remain back-end analytical instruments without consumer-facing interfaces;
. carbon labels are static and manually updated;

. verification mechanisms are fragmented; and

. behavioral personalization is largely absent.

This fragmentation prevents the emergence of a real-time carbon intelligence ecosystem capable of influencing
both organizational practices and consumer behavior simultaneously. Addressing this gap is essential for moving
from periodic sustainability reporting toward continuous, market-embedded carbon accountability. This study
positions the Al-enabled Carbon Tagging System (AI-CTS) as a response to this unresolved challenge.

1.4 Research Objectives
In response to the identified gap, this paper pursues the following objectives:

1. To develop an Al-enabled Carbon Tagging System (AI-CTS) architecture that operationalizes real-time
product- and service-level carbon transparency.

2. To integrate artificial intelligence across the five CTS layers—Measurement, Tagging, Disclosure,
Incentive and Governance—thereby enhancing scalability and responsiveness.
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3. To propose intelligent automation mechanisms for lifecycle estimation, dynamic tag generation and
anomaly detection.

4. To develop testable research propositions that enable future empirical validation of AI-CTS impacts on
consumer behavior, firm performance and governance outcomes.

5. To outline practical implementation pathways for firms, technology providers and policymakers seeking
to deploy AI-CTS in real-world contexts.

Table 1. Mapping of Research Objectives to AI-CTS Components and Expected Outcomes

Research AI-CTS System Key Mechanisms Expected Indicative Metrics
Objective Component(s) Outcomes
RO1. Develop an | Overall AI-CTS Integration of Al, Scalable and System scalability,
Al-enabled architecture (Six- IoT, and interoperable data throughput,
Carbon Tagging layer model) distributed ledger | carbon interoperability
System (AI-CTS) technologies intelligence score
architecture across CTS layers | infrastructure
RO2. Integrate AI | Data Acquisition End-to-end Continuous, real- | Update frequency,
across the five Intelligence; Al automation and time carbon automation ratio,
CTS layers Carbon Estimation learning across intelligence model accuracy
Engine; Intelligent measurement, replacing periodic
Tag Generation; tagging, reporting
Behavioral disclosure,
Personalization; incentives, and
Trust & Governance | governance
RO3. Propose Al Carbon ML-based LCA Reduced manual Estimation error
intelligent Estimation Engine; approximation, effort, improved (MAPE/RMSE),
automation Explainable Tag Scope 3 inference, | estimation speed | processing time,
mechanisms Module; Anomaly XAl-enabled and accuracy anomaly detection

Detection Systems

tagging, automated
data validation

precision

RO4. Develop Behavioral Real-time Improved Trust scores,
testable research Personalization feedback, consumer trust, purchase intention,
propositions Engine; Dynamic personalized comprehension, low-carbon choice

Disclosure Layer nudges, adaptive and low-carbon share

choice architecture | choice behavior

ROS5. Outline Governance Policy alignment, | Higher adoption Adoption rate,
implementation Intelligence firm onboarding readiness, compliance
pathways for Dashboard; API workflows, regulatory readiness index,
firms and ecosystem; SaaS ecosystem alignment, SME SME onboarding
policymakers CTS platform integration participation rate
ROG6. Enable Trust & Verification | Continuous Reduced Detected
trust, Layer (blockchain, monitoring, greenwashing risk | anomalies, audit
transparency, and | Al fraud detection, immutable records, | and improved cycle time,
anti-greenwashing | audit bots) Al-driven anomaly | credibility of stakeholder trust
safeguards detection carbon disclosures | index
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1.5 Contributions
This study makes three primary contributions to the literature and practice of sustainability and digital governance.

Theoretical Contribution: The paper advances the emerging domain of Carbon Information Systems (CIS) by
integrating Al capabilities into the carbon accountability paradigm. It extends stakeholder and institutional
perspectives through an Al-governance lens, conceptualizing carbon transparency as an intelligent, adaptive
socio-technical system rather than a static disclosure mechanism.

Methodological Contribution: The study introduces an Al-driven lifecycle estimation approach that augments
conventional LCA with machine learning, predictive modeling and explainable Al. This provides a scalable
methodological pathway for generating product-level carbon intelligence under conditions of data complexity and
uncertainty.

Practical Contribution: The paper develops a deployable real-time carbon tagging architecture (AI-CTS) that
organizations and policymakers can operationalize. By combining automated measurement, intelligent tagging,
behavioral personalization and blockchain-based verification, the framework offers a feasible blueprint for next-
generation carbon transparency systems.

Together, these contributions position AI-CTS as a critical step toward transforming carbon accountability from
periodic reporting into continuous, intelligence-driven sustainability governance. Subsequent sections build the
theoretical grounding, architectural design and validation pathway necessary to operationalize this vision.

2. Literature Review: Al and Sustainability Convergence

The rapid digitization of environmental data and advances in artificial intelligence (AI) have significantly
reshaped the landscape of carbon accounting, sustainability disclosure and green consumer engagement. However,
these developments have largely evolved in parallel rather than as an integrated ecosystem. This section critically
reviews the emerging literature at the intersection of Al and sustainability, highlighting the technological progress
achieved and the structural gaps that motivate the development of the Al-enabled Carbon Tagging System (Al-
CTS).

2.1 Al in Carbon Accounting

The application of Al in carbon accounting has expanded considerably in recent years, particularly in addressing
the computational and data challenges associated with lifecycle assessment (LCA). Traditional LCA methods,
while methodologically robust, are often criticized for being time-intensive, data-hungry and difficult to scale
across complex global supply chains. In response, researchers and practitioners have increasingly explored Al-
based approaches to automate and accelerate emissions estimation.

Al-based LCA estimation: Machine learning models have been used to approximate lifecycle emissions by
learning from historical process data, emission factors and supply chain attributes. These approaches enable faster
estimation of product-level carbon footprints, especially in data-constrained environments. Al-driven LCA
proxies and hybrid models have shown promise in reducing the cost and time associated with conventional
bottom-up assessments.

Machine learning in emissions prediction: Supervised and unsupervised learning techniques are being deployed
to forecast emissions at facility, firm and sector levels. Applications include energy consumption forecasting,
process optimization and predictive maintenance for emission-intensive assets. Such models improve the
anticipatory capacity of firms, allowing proactive carbon management rather than retrospective reporting.

Digital twins for sustainability: The emergence of digital twins—virtual replicas of physical systems—has further
enhanced the precision of carbon monitoring. By simulating production environments in real time, digital twins
enable continuous tracking of resource flows, energy use and emission hotspots. This capability is particularly
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valuable for complex manufacturing and logistics networks where static LCA assumptions quickly become
outdated.

Al for Scope 3 estimation: Scope 3 emissions remain the most challenging dimension of carbon accounting due
to fragmented supplier data and limited visibility across value chains. Recent studies have applied Al to infer
Scope 3 emissions using supplier characteristics, trade data and industry benchmarks. Graph-based learning and
probabilistic models are increasingly used to estimate upstream and downstream impacts with improved coverage.

Critical gap: Despite these advances, the current generation of Al-enabled carbon tools remains
predominantly analytic and back-end oriented. Most systems are designed to support internal reporting,
operational optimization, or investor disclosure. They rarely translate emissions intelligence into consumer-
facing, decision-ready formats at the point of purchase or use. Consequently, Al-driven carbon accounting has
improved measurement sophistication but has not yet closed the behavioral loop required for market-level
decarbonization.

2.2 Intelligent Sustainability Disclosure

Parallel to advances in Al-based measurement, the sustainability disclosure landscape has undergone significant
digital transformation. Organizations are increasingly adopting digital ESG platforms, automated reporting
pipelines and real-time monitoring dashboards to enhance transparency and compliance.

Digital ESG ecosystems: Digital ESG platforms integrate environmental, social and governance data across
enterprise systems, enabling more standardized and auditable reporting. Cloud-based sustainability management
tools now support automated data aggregation, materiality assessment and performance benchmarking. These
systems have improved the reliability and timeliness of corporate disclosures.

Real-time sustainability reporting: The shift from periodic sustainability reports to near-real-time dashboards
represents an important evolution in corporate transparency. Advances in data integration and analytics allow
firms to monitor emissions, energy use and resource intensity continuously rather than annually. Real-time
reporting enhances managerial responsiveness and supports dynamic risk management.

Automated compliance and RegTech: Regulatory technology (RegTech) solutions are increasingly applied to ESG
compliance, enabling automated validation of disclosures against evolving regulatory frameworks. Al-based
compliance engines can flag inconsistencies, monitor regulatory changes and support audit readiness. This reduces
the administrative burden associated with multi-framework ESG reporting.

Explainable Al (XAI) in sustainability: As Al becomes embedded in environmental decision systems,
explainability has emerged as a critical concern. Explainable Al techniques are being explored to make
sustainability analytics more transparent, particularly in areas such as climate risk modeling and ESG scoring.
XAI enhances stakeholder trust by providing interpretable justifications for algorithmic outputs.

Critical gap: Notwithstanding these advances, intelligent disclosure systems remain largely firm-centric and
regulator-oriented. The dominant focus is on improving reporting efficiency and auditability rather than
empowering end-users. There is a lack of Al-driven consumer interfaces that translate real-time sustainability
intelligence into intuitive, comparable and behaviorally actionable signals. As a result, the informational
asymmetry between producers and consumers persists.

2.3 Al and Behavioral Nudging

A third stream of literature relevant to this study concerns the use of Al to influence human decision-making
through personalization and behavioral nudging. Advances in recommender systems, choice architecture and
digital personalization have transformed sectors such as e-commerce, finance and digital media. However, their
application to sustainability behavior remains uneven.

Recommender systems and personalization: Al-powered recommender systems analyze user preferences,
historical behavior and contextual signals to suggest relevant products or actions. In sustainability contexts, such
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systems have been used to recommend energy-saving behaviors, green products, or mobility alternatives.
Personalization increases engagement by reducing cognitive effort and information overload.

Choice architecture and digital nudging: Behavioral economics demonstrates that small changes in information
presentation can significantly influence decisions. Digital nudging leverages interface design, defaults, framing
and visual cues to steer users toward desirable behaviors without restricting choice. Color coding, comparative
metrics and social norm messaging have been shown to improve sustainable decision-making in controlled
settings.

Green nudging in consumption contexts: Emerging research explores the use of environmental labels, eco-scores
and carbon footprints as behavioral signals. While such interventions can influence stated preferences, real-world
impact has been mixed, often due to information complexity, lack of trust, or insufficient personalization.

Al-enabled behavioral engines: More recent work combines machine learning with behavioral insights to deliver
context-aware sustainability nudges. These systems can adapt messaging based on user responsiveness, thereby
improving effectiveness over time.

Critical gap: Despite promising developments, most Al-driven nudging systems operate independently of verified
carbon measurement infrastructures. Personalization engines may recommend “green” options, but they are rarely
linked to verified, product-level carbon intelligence. This disconnect limits credibility and reduces the systemic
impact of behavioral interventions.

2.4 Synthesis Gap

The review of the three streams—Al-based carbon accounting, intelligent sustainability disclosure and Al-driven
behavioral nudging—reveals a clear pattern of technological advancement accompanied by structural
fragmentation.

. Al in carbon accounting has improved measurement sophistication but remains back-end focused.
. Digital ESG and automated disclosure have enhanced reporting efficiency but remain firm-centric.
. Al-driven nudging has advanced behavioral influence but often lacks verified environmental grounding.

What remains absent in the literature is an integrated socio-technical architecture that simultaneously:

. Measures lifecycle emissions intelligently,

. Tags and communicates carbon intensity in real time,

. Personalizes behavioral nudges based on verified data and

. Ensures governance and trust through automated verification.

In particular, no prior study has unified Al-driven measurement, automated carbon tagging, behavioral
personalization and digital governance into a single, scalable carbon intelligence system.

This unresolved gap motivates the development of the Al-enabled Carbon Tagging System (AI-CTS) proposed in
this paper. By embedding artificial intelligence across the full carbon accountability value chain, AI-CTS seeks
to transform fragmented sustainability technologies into a coherent, adaptive and behaviorally effective
infrastructure for real-time carbon transparency and low-carbon decision-making.

3. Conceptual Foundation of AI-CTS

Building on the original Carbon Tagging System (CTS), the proposed Al-enabled Carbon Tagging System (Al-
CTS)represents a structural and functional evolution from static carbon disclosure toward intelligent, adaptive
carbon intelligence. While CTS established the foundational logic for translating lifecycle emissions into
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standardized tags, its large-scale deployment is constrained by the manual, periodic and rule-based nature of
traditional carbon accounting workflows.

AI-CTS extends the CTS paradigm by embedding artificial intelligence, loT-enabled data streams and distributed
ledger technologies across the full carbon accountability value chain. This integration transforms carbon tagging
from a retrospective reporting mechanism into a continuously learning, real-time decision infrastructure.
Conceptually, AI-CTS should be understood not as a replacement of CTS, but as its intelligent operationalization
layer—one that enhances scalability, responsiveness and behavioral relevance.

3.1 Evolution from CTS to AI-CTS

The transition from CTS to AI-CTS reflects a broader digital transformation in sustainability management—from
periodic measurement to continuous intelligence, from static disclosure to adaptive communication and from
compliance-driven governance to predictive oversight.

Traditional CTS relies primarily on structured lifecycle assessments, rule-based tag assignment and periodic
disclosure cycles. While methodologically sound, this architecture faces limitations in environments characterized
by high data velocity, complex supply chains and dynamic product configurations. AI-CTS addresses these
limitations by embedding machine learning, automation and predictive analytics into each layer of the original
framework.

Table 2 presents the core positioning differences between Traditional CTS and AI-CTS.

Table 2. Evolution from Traditional CTS to AI-Enabled CTS

Dimension Traditional CTS AI-CTS

Measurement | Periodic, manual LCA and data | Real-time, Al-assisted lifecycle estimation using IoT and
collection predictive models

Tagging Rule-based scoring and static | Machine learning-driven dynamic carbon scoring with
grading explainable Al

Disclosure Static labels updated | Dynamic, continuously updated digital carbon tags across
periodically platforms

Incentives Generic rewards and uniform | Personalized, Al-driven behavioral nudges and gamified
schemes incentives

Governance Reactive audits and post-facto | Predictive monitoring, blockchain verification and Al-
compliance based anomaly detection

As shown in Table 2, the shift to AI-CTS introduces three fundamental capability upgrades:

1. Temporal upgrade (Periodic — Real-time): Al enables continuous carbon intelligence rather than
snapshot reporting.

2. Cognitive upgrade (Rule-based — Learning-based): Machine learning allows the system to improve
accuracy and relevance over time.

3. Behavioral upgrade (Generic — Personalized): Al-driven nudging aligns carbon transparency with actual
decision contexts.

Together, these upgrades reposition carbon tagging from an informational artifact to an intelligent socio-technical
infrastructure capable of influencing production, regulation and consumption simultaneously.

Importantly, AI-CTS preserves the conceptual integrity of the original five CTS layers—Measurement, Tagging,
Disclosure, Incentive and Governance—while embedding intelligence within each layer.
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Layer 1: Data Acquisition Intelligence
10T sensors | ERP data | Supply chain feeds | Satellite data | Emission databases

Al: Data cleaning * Missing value imputation * Anomaly detection

Layer 2: Al Carbon Estimation Engine
ML-based LCA * Scope 3 prediction * Digital twins * Probabilistic carbon modeling

Outputs: Product-level COze + Confidence scores * Uncertainty bands

Layer 3: Intelligent Tag Generation
Auto-grade assignment + Dynamic benchmarking * Industry normalization

Explainable Al (XAl) for transparent carbon tags

Layer 4: Behavioral Personalization Engine
Greener alternatives « Carbon savings feedback

Personalized nudges « Gamified incentives

Layer 5: Trust & Verification Layer
Blockchain traceability « Al fraud detection

detection * audit bots

Layer 6: Governance Intelligence Dashboard

Real-time sector emissions ¢ Firm risk scores

Compliance alerts + Policy simulation

Ci i Learning F k Loop

User Behavior - Al Learning — Model Refinement - Improved Carbon Intelligence

Figure 2 illustrates the layered AI-CTS architecture and data flows.

3.2 Definition of AI-CTS

Based on the above conceptual evolution, this study defines the Al-enabled Carbon Tagging System as follows:

AI-CTS is an intelligent socio-technical system that uses artificial intelligence, IoT and distributed ledgers to

automatically measure, predict, verify and communicate lifecycle carbon intensity at the product and service level
in real time.

This definition emphasizes five distinguishing characteristics of AI-CTS:

Intelligent: incorporates machine learning, predictive analytics and explainable Al;

Socio-technical: integrates technological infrastructure with behavioral and governance mechanisms;
Automated: minimizes manual lifecycle estimation and reporting burdens;

Real-time: continuously updates carbon intelligence using streaming data; and

Decision-oriented: communicates emissions in forms that influence market behavior.

By formalizing AI-CTS in this manner, the study advances the conceptual boundary of Carbon Information
Systems (CIS) from passive disclosure platforms to active, learning-enabled sustainability infrastructures. The
subsequent sections develop the detailed architecture and operational logic required to implement this vision in
practice.
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4. AI-CTS Intelligent Architecture
(Core Socio-Technical Design)

The Al-enabled Carbon Tagging System (AI-CTS) is conceptualized as a multi-layer intelligent architecture that
embeds artificial intelligence across the original CTS value chain. Unlike the traditional CTS—which relies on
periodic measurement and rule-based tagging—AI-CTS functions as a continuously learning, data-driven carbon
intelligence infrastructure capable of operating at scale.

The architecture is designed to achieve three simultaneous objectives:

. Measurement intelligence (accurate, real-time carbon estimation)
. Behavioral intelligence (decision-relevant consumer engagement)
. Governance intelligence (predictive oversight and trust assurance)

To operationalize these objectives, the study proposes a six-layer AI-CTS architecture, extending the original five-
layer CTS model by explicitly embedding Al-driven automation and analytics capabilities throughout the system.

External Data Inplits.

Layer 2: Al Carbon Estimation Engine

Layer 4: Behavioral Personalization Engine

Figure 3 presents the full AI-CTS architecture and data flows across layers.
4.1 Six-Layer AI-CTS Architecture

The proposed architecture consists of six tightly coupled layers that together transform raw environmental data
into verified, behaviorally actionable carbon intelligence.

Layer 1: Data Acquisition Intelligence
Role and Rationale

The Data Acquisition Intelligence Layer forms the foundational sensing and ingestion infrastructure of AI-CTS.
Given the heterogeneity and scale of carbon-relevant data, this layer must support high-frequency, multi-source
data capture while ensuring data quality and integrity.

Primary Data Sources
The system ingests structured and unstructured data from multiple streams, including:
. IoT sensors embedded in manufacturing and logistics systems

. Enterprise Resource Planning (ERP) and production databases
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. Supply chain and vendor feeds
. Satellite and remote sensing data
. National and international emission factor databases

This multi-modal data environment reflects the high-volume, high-velocity and high-variety nature of modern
carbon information.

Embedded AI Functions

Artificial intelligence performs critical pre-processing tasks:

. Automated data cleaning to remove noise and inconsistencies

. Missing value imputation using statistical and ML techniques

. Anomaly detection to flag abnormal energy or material patterns
. Data harmonization across heterogencous formats

By automating data conditioning, this layer reduces manual intervention and improves downstream model
reliability.

Layer 2: AI Carbon Estimation Engine (Primary Novelty Layer)
Strategic Importance

The AI Carbon Estimation Engine represents the core analytical innovation of AI-CTS. It replaces static,
consultant-driven lifecycle assessments with continuously learning, data-driven carbon estimation models capable
of operating at product and process granularity.

Key Analytical Components

ML-based LCA approximation: Supervised and hybrid machine learning models estimate lifecycle emissions
using historical LCA datasets, process parameters and supply chain attributes. This significantly reduces the time
and cost associated with traditional bottom-up LCAs.

Scope 3 prediction models: Graph-based learning, supplier inference models and probabilistic estimation
techniques are used to approximate upstream and downstream emissions where direct measurement is infeasible.

Digital twins for carbon simulation: Virtual replicas of production systems simulate energy flows, material usage
and logistics pathways in real time, enabling dynamic carbon footprint updates as operating conditions change.

Probabilistic carbon modelling: Bayesian and stochastic methods generate uncertainty-aware carbon estimates,
acknowledging data gaps and model limitations.

Core Outputs

The engine produces three critical outputs:

. Product-level COze estimates
. Confidence scores indicating model reliability
. Uncertainty bands to support transparent decision-making

These outputs feed directly into the intelligent tagging layer.
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Layer 3: Intelligent Tag Generation
Functional Objective

The Intelligent Tag Generation Layer converts raw carbon estimates into standardized, interpretable carbon
signals suitable for market and stakeholder use. This layer is where technical emissions data becomes decision-
ready information.

AlI-Enabled Tasks

Auto-grade assignment: Machine learning classifiers automatically assign carbon grades (e.g., A-E) based on
dynamic industry baselines.

Dynamic benchmarking: Products are continuously compared against peer groups, category averages and best-in-
class performers.

Industry normalization: Al models adjust for sectoral differences, functional units and lifecycle boundaries to
ensure fair comparability.

Explainable tag reasoning: Explainable Al (XAI) techniques generate human-readable justifications for each
carbon tag.

Role of Explainable AI (XAI)

XAl is critical for trust and regulatory acceptance. The system provides:

. feature importance explanations
. lifecycle contribution breakdowns
. comparative performance narratives

This transforms carbon tags from opaque scores into transparent, auditable signals, significantly enhancing
stakeholder confidence.

Layer 4: Behavioral Personalization Engine (High-Novelty Socio-Behavioral Layer)
Conceptual Significance

This layer represents a major advancement over traditional carbon labeling by embedding behavioral intelligence
directly into the carbon transparency ecosystem. It operationalizes insights from behavioral economics through
Al-driven personalization.

Al-Driven Capabilities

The engine analyzes user behavior, preferences and contextual signals to deliver:

. Greener alternative recommendations at the point of decision

. Carbon savings feedback (e.g., “You saved 18% CO.”)

. Personalized nudges using adaptive choice architecture

. Gamified incentives and rewards to reinforce low-carbon behavior

Bridging AI and Behavioral Economics

By integrating recommender systems with verified carbon data, this layer closes the long-standing gap
between environmental information and actual consumer action. Over time, reinforcement learning mechanisms
allow the system to optimize nudge effectiveness across different user segments.
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Layer S: Trust and Verification Layer
Need for Trust Infrastructure

As carbon data becomes increasingly automated, ensuring credibility and preventing manipulation becomes
paramount. The Trust and Verification Layer provides the institutional backbone of AI-CTS.

Core Components

Blockchain-based traceability: Distributed ledgers store key carbon records, ensuring immutability and
auditability.

Al fraud detection: Machine learning models detect suspicious reporting patterns, abnormal emission claims and
data inconsistencies.

Greenwashing detection models: Natural language processing (NLP) and anomaly analytics flag discrepancies
between reported claims and measured performance.

Autonomous audit bots: Automated agents continuously scan system logs and data pipelines to ensure compliance.

Together, these mechanisms shift carbon governance from reactive auditing to continuous, intelligence-driven
assurance.

Layer 6: Governance Intelligence Dashboard
Strategic Purpose

The Governance Intelligence Dashboard provides regulators, industry bodies and large enterprises with macro-
level visibility into carbon performance patterns. This layer elevates AI-CTS from a firm-level tool to a system-
level governance infrastructure.

Key Functionalities

The dashboard enables:

. Real-time sectoral emissions monitoring
. Firm-level carbon risk scoring

. Automated compliance alerts

. Policy simulation and scenario modeling

Policy and Market Implications

By aggregating micro-level carbon tags into macro-level intelligence, this layer supports:

. dynamic regulatory oversight

. targeted policy interventions

. carbon market calibration

. national inventory enhancement

Integrative System Logic

The six layers of AI-CTS operate as a closed-loop intelligence system:

1. Data are continuously captured and cleaned.
2. Al models estimate and predict lifecycle emissions.
3. Intelligent tags translate emissions into actionable signals.
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4. Personalized nudges influence user behavior.
5. Blockchain and Al ensure trust and integrity.
6. Governance dashboards enable systemic oversight.

This architecture transforms carbon tagging from a static disclosure tool into a self-learning carbon intelligence
ecosystem capable of supporting real-time decarbonization across firms, markets and regulatory systems.

5. Research Propositions and Hypotheses (Empirical Validation Framework)

To advance the Al-enabled Carbon Tagging System (AI-CTS) from conceptual innovation to empirically testable
theory, this study develops a set of research propositions grounded in stakeholder theory, behavioral economics,
information systems literature and institutional theory. These propositions articulate the expected behavioral,
organizational and governance impacts of AI-CTS and provide a foundation for future quantitative and
experimental validation.

The hypotheses are organized across three levels of impact:

. Consumer-level effects (trust and purchase behavior)
. Market and behavioral effects (adoption of low-carbon choices)
. Firm and governance effects (greenwashing and ESG performance)
AI-CTS Capabilities Mechanism Pathways Outcomes
Al Carbon Estimation Perceived Transparency Low-Carbon Purchase
Dynamic Carbon Tagging Consumer Trust Reduced Greenwashing
Behavioral Personalization Behavioral Salience [~ | Improved ESG Performance
Al Verification & Governance Decision Support Carbon-Aware Markets
Moderators

Environmental Concern
Price Sensitivity
Digital Literacy

Regulatory Pressure

Figure 4 shows the conceptual research model linking AI-CTS capabilities to these outcomes.
5.1 AI-Generated Carbon Tags and Consumer Trust

One of the central limitations of current carbon labels is perceived opacity and credibility concerns. Static labels
are often viewed as marketing claims rather than verifiable environmental signals. The integration of Al-driven
estimation, real-time updating and explainable Al within AI-CTS is expected to enhance perceived transparency
and informational reliability.

From a stakeholder theory perspective, improved information symmetry should strengthen stakeholder
confidence. From an information systems trust lens, system intelligence and explainability are known to enhance
perceived system credibility.
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Accordingly, the first hypothesis is proposed:

HI1 (Trust Effect): Al-generated dynamic carbon tags will lead to higher consumer trust compared to traditional
static carbon labels.

Operationalization guidance:

. Independent variable: Tag type (Al dynamic vs static)
. Dependent variable: Perceived trust / credibility
. Method: controlled experiment or A/B testing

5.2 Real-Time Carbon Feedback and Low-Carbon Purchase Intention

Behavioral economics suggests that timely, context-specific feedback significantly influences decision-making.
Traditional carbon disclosures are typically delayed and detached from the point of purchase. AI-CTS, by contrast,
enables real-time carbon visibility embedded within digital and physical purchasing environments.

Real-time feedback reduces cognitive distance between action and environmental consequence, thereby
strengthening behavioral salience.

Thus:

H2 (Behavioral Salience Effect): Real-time carbon feedback provided through AI-CTS will positively influence
consumers’ low-carbon purchase intention.

Operationalization guidance:

. IV: Presence of real-time carbon information
. DV: Purchase intention / choice probability
. Possible mediators: perceived usefulness, environmental concern

5.3 Personalized AI Nudges and Adoption of Low-Carbon Products
(High-Novelty Hypothesis)

A major advancement of AI-CTS lies in the Behavioral Personalization Engine, which combines recommender
systems with verified carbon intelligence. Prior research shows that generic sustainability messages often suffer
from low engagement, whereas personalized nudges significantly improve behavioral response.

By leveraging user data and contextual signals, AI-CTS delivers tailored recommendations, carbon savings
feedback and gamified incentives. Drawing from choice architecture theory and reinforcement learning logic,
personalization is expected to amplify behavioral impact.

Therefore:

H3 (Personalization Effect): AI-driven personalized carbon nudges will significantly increase consumer adoption
of low-carbon products compared to non-personalized sustainability messaging.

Operationalization guidance:

. IV: Personalization level (none vs generic vs Al-personalized)
. DV: Adoption rate / switching behavior
. Possible moderators: price sensitivity, environmental awareness

5.4 Al Anomaly Detection and Reduction of Greenwashing Risk

Greenwashing remains a persistent concern in ESG reporting and environmental marketing. Traditional audit
mechanisms are periodic and reactive, allowing misreporting to persist between audit cycles. AI-CTS introduces
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continuous anomaly detection, blockchain traceability and automated audit bots, which together should strengthen
environmental claim integrity.

From an institutional theory perspective, stronger monitoring increases coercive pressure for truthful disclosure.
From a digital governance lens, algorithmic surveillance reduces opportunistic misreporting.

Accordingly:

H4 (Integrity Effect): Al-enabled anomaly detection and verification mechanisms within AI-CTS will significantly
reduce greenwashing risk compared to traditional audit-based systems.

Operationalization guidance:

. IV: Presence of Al verification
. DV: detected misreporting incidents / perceived greenwashing risk
. Method: simulation, audit data analysis, or experimental vignette

5.5 AI-CTS Adoption and Firm-Level ESG Performance

At the organizational level, AI-CTS is expected to influence ESG outcomes through multiple pathways:

. improved measurement accuracy
. enhanced supply chain visibility
. stronger stakeholder trust

. proactive emissions management

Firms adopting intelligent carbon transparency systems may experience both operational improvements and
reputational gains. Prior ESG literature suggests that better environmental information systems are associated with
improved ESG ratings and investor perception.

Thus:

HS5 (Firm Performance Effect): Firms adopting AI-CTS will demonstrate superior ESG performance compared to
firms using traditional carbon disclosure systems.

Operationalization guidance:

. IV: AI-CTS adoption level
. DV: ESG scores, emission intensity, or sustainability ratings
. Method: panel data analysis or quasi-experimental design

5.6 Integrative Research Model

Collectively, the five hypotheses describe a multi-level impact pathway of AI-CTS:

. Technological intelligence enhances measurement credibility
. Dynamic tagging improves consumer trust

. Personalized nudging drives behavioral change

. Automated verification strengthens governance integrity

. System adoption improves firm-level ESG outcomes

This integrative logic positions AI-CTS not merely as a technological upgrade but as a behaviorally embedded
digital sustainability infrastructure.
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Future empirical research can test the proposed model using experimental designs, field pilots, platform A/B
testing, or longitudinal firm-level datasets. Such validation will be critical for establishing AI-CTS as a scalable
and evidence-based solution for real-time carbon accountability.

6. Implementation Blueprint
(Operational Pathway for AI-CTS Deployment)

For AI-CTS to move beyond conceptual promise and achieve large-scale impact, a clear and phased
implementation strategy is essential. Reviewers and practitioners alike require evidence that the proposed
architecture is technically feasible, economically viable and institutionally compatible. This section outlines a
practical deployment blueprint across three levels: firm-level adoption, SME enablement (with particular
relevance for India and emerging economies) and policy-system integration.

Phase 1 Phase 2 Phase 3 Phase 4 Phase 5
Datat Readiness Al Model Training Pilot Tagging Market Rollout Ecosystem
integration
IoT & ERP integration Scope 3 modeling QR/Digital tags Personalization engine Carbon markets

Data quality checks

Model validation

User testing

Supplier onboarding

AP interoperability

End-to-End AlI-CTS Implementation Roadmap from Data Readiness to Ecosystem Integration

Figure 5 presents the end-to-end AI-CTS implementation roadmap.
6.1 Firm-Level Implementation Roadmap

The successful deployment of AI-CTS within organizations requires a staged transformation rather than a single-
step rollout. Firms vary widely in digital maturity, data infrastructure and sustainability capability; therefore, a
phased roadmap reduces risk and improves adoption outcomes.

Phase 1: Data Readiness
Objective: Establish reliable carbon-relevant data infrastructure.

Key activities include:

. Mapping emission sources across Scope 1, 2 and 3

. Integrating IoT sensors with production and logistics systems
. Harmonizing ERP, supply chain and energy datasets

. Establishing data governance and quality protocols

. Creating baseline lifecycle datasets for priority products

At this stage, firms assess data completeness, granularity and interoperability, which are prerequisites for Al-
driven estimation.

Success indicators:

[ Data coverage ratio
. Data latency reduction
. Data quality scores
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Phase 2: AI Model Training

Objective: Develop and calibrate the Al Carbon Estimation Engine.

Key steps:

. Training ML models using historical LCA and process data
. Developing Scope 3 inference models

. Building digital twin simulations for major product lines

. Validating model accuracy against benchmark LCAs

. Establishing explainability protocols (XAI)

Organizations may initially adopt hybrid models (rule-based + ML) before transitioning to fully Al-driven
estimation.

Success indicators:

. Prediction accuracy (MAPE/RMSE)
. confidence score stability
. model explainability metrics

Phase 3: Pilot Tagging

Objective: Test AI-CTS in controlled product or market environments.

Typical pilot strategy:

. Select high-volume or high-impact product categories

. Deploy intelligent carbon tags in limited markets

. Enable QR-based or digital tag interfaces

. Monitor consumer response and operational performance
. Conduct A/B testing against static labels

This phase is critical for validating both technical performance and behavioral effectiveness.

Success indicators:

[ consumer engagement rates
. tag comprehension scores
. system latency and uptime

Phase 4: Market Rollout
Objective: Scale AI-CTS across product portfolios and customer touchpoints.

Key expansion actions:

. Full integration into packaging, e-commerce and billing systems
. Activation of the Behavioral Personalization Engine

. Deployment of loyalty-linked carbon incentives

. Supplier onboarding for Scope 3 visibility
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. Integration with ESG and sustainability reporting platforms
At this stage, AI-CTS begins generating network effects across the value chain.

Success indicators:

. percentage of products tagged
. consumer adoption metrics
. emission reduction trends

Phase 5: Ecosystem Integration
Objective: Embed AI-CTS into broader regulatory, market and digital ecosystems.

Advanced integration includes:

. Linking with carbon markets and offset platforms

. Enabling regulator dashboards and audit access

. Connecting with industry benchmarking systems

. Supporting cross-platform interoperability via APIs

. Enabling continuous learning loops across the ecosystem

At maturity, AI-CTS evolves from a firm-level tool into a platform infrastructure for carbon intelligence.

Success indicators:

. cross-system interoperability
. regulatory alignment
. ecosystem participation rates

6.2 SME Adoption Model
(Critical for Emerging Economies and India)

While large enterprises may build proprietary AI-CTS capabilities, small and medium enterprises (SMEs) face
significant barriers, including cost constraints, limited technical expertise and fragmented data systems. Given the
central role of SMEs in emerging economies, scalable adoption models are essential.

This study proposes a four-pillar SME enablement framework.
(a) SaaS-Based CTS Platforms

Cloud-based Carbon Tagging as a Service (CTaaS) platforms can dramatically lower entry barriers. Under this

model:

. SMEs upload basic operational and product data

. Al models generate carbon estimates automatically
. Tags are delivered via web dashboards or APIs

. Pricing follows subscription or usage-based models

This approach converts carbon intelligence into an on-demand digital utility.
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(b) Shared Carbon Cloud Infrastructure

A sectoral or national shared carbon cloud can pool emission factors, supplier databases and benchmarking
datasets. Benefits include:

. reduced data duplication

. improved model accuracy

. standardized methodologies

. lower per-firm computation costs

Industry associations or public-private partnerships can host such infrastructure, particularly in manufacturing-
heavy economies.

(¢) Government Subsidy and Incentive Models

Public policy support will be critical during early adoption phases. Governments can accelerate SME participation
through:

. tax incentives for AI-CTS adoption

. grants for sensor and data infrastructure

o green procurement preferences

. carbon transparency certification schemes

Such mechanisms align private incentives with national decarbonization goals.
(d) Plug-and-Play API Ecosystems

To ensure interoperability, AI-CTS should be accessible through plug-and-play APIs that integrate with:

. ERP systems

. e-commerce platforms

. logistics software

. billing and invoicing tools

API-based modularity enables SMEs to adopt carbon tagging without overhauling existing IT systems, thereby
significantly improving scalability.

6.3 Policy Integration Pathway

For AI-CTS to achieve systemic impact, alignment with emerging regulatory and digital governance frameworks
is essential. The proposed system is particularly well positioned to complement several major policy initiatives.

Integration with BRSR (Business Responsibility and Sustainability Reporting)

In the Indian context, AI-CTS can strengthen BRSR compliance by:

. automating product-level emission reporting
. improving Scope 3 visibility

. enabling auditable digital trails

. enhancing disclosure granularity

Firms using AI-CTS can transition from periodic BRSR reporting to continuous sustainability intelligence.
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Alignment with CBAM (Carbon Border Adjustment Mechanism)

For export-oriented industries, AI-CTS can support CBAM readiness by:

. generating verifiable product-level carbon data
. enabling traceable emission documentation

. supporting cross-border comparability

. reducing compliance uncertainty

This is particularly relevant for sectors such as steel, cement, textiles and chemicals.
Synergy with LiFE (Lifestyle for Environment)
AI-CTS directly operationalizes the behavioral philosophy underlying LiFE by:

. embedding carbon awareness into daily consumption
. enabling citizen-level climate participation

. supporting carbon-literate consumption ecosystems
. providing measurable feedback on lifestyle choices

The Behavioral Personalization Engine is especially aligned with LiFE’s emphasis on mass behavioral
transformation.

Integration with Digital Public Infrastructure (DPI)

India’s expanding digital public infrastructure provides a powerful backbone for AI-CTS scalability. Potential
integration points include:

. digital identity and consent frameworks
. open network commerce platforms

. national data exchange layers

) smart metering ecosystems

Embedding AI-CTS within DPI can enable population-scale carbon transparency at relatively low marginal cost.
6.4 Implementation Readiness and Scalability Outlook

The proposed blueprint demonstrates that AI-CTS is not merely a conceptual construct but a deployable, modular
and policy-aligned system architecture. Its phased adoption pathway, SME enablement mechanisms and
regulatory compatibility collectively enhance its practical feasibility.

Future pilot implementations across sectors and geographies will be critical to validate cost-benefit dynamics,
behavioral responsiveness and governance effectiveness. However, the convergence of Al maturity, digital
infrastructure expansion and regulatory momentum suggests that the conditions for large-scale AI-CTS
deployment are increasingly favorable.

7. Validation Strategy (Pathway for Empirical and Technical Verification of AI-CTS)

The Al-enabled Carbon Tagging System (AI-CTS) is proposed as a socio-technical infrastructure that integrates
real-time carbon measurement, intelligent tagging, behavioral personalization and automated governance. Given
the multi-layered nature of the system, rigorous validation is essential to establish its behavioral effectiveness,
operational feasibility and technical robustness. No single empirical method is sufficient to evaluate all
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dimensions of AI-CTS. Accordingly, this study advances a multi-method validation framework that combines
controlled experimentation, field pilots, quasi-experimental analysis, simulation modeling and digital twin testing.

This staged approach enables progressive evidence building—from micro-level behavioral validation to system-
level performance assessment—thereby strengthening confidence in the reliability, scalability and policy
relevance of AI-CTS.

Stage 1
Experiments

Purchase intention

Nudge effectiveness

Stage 2
Field Pilots

User engagement
System reliability

Stage 3

Quasi-Experiments

Greenwashing risk
Comparative analysis

Stage 4

Simulations

Palicy scenarios
Adoption dynamics

Stage 5
Digital Twins

Model robustness
Stress testing

Integrated Validation Roadmap for Al-CTS: From Behavioral Testing to Technical Verification

Figure 6 illustrates the integrated validation roadmap.
7.1 Experimental Design (Consumer-Level Causal Testing)
Purpose

Controlled experiments are required to examine how Al-generated carbon intelligence influences consumer
cognition and decision-making. This stage focuses on testing whether dynamic, explainable and personalized
carbon information alters trust, comprehension and low-carbon choice behavior relative to conventional static
labels.

Research Design

A between-subjects experimental design is proposed in which participants are randomly assigned to different
carbon information environments within a simulated digital purchasing interface. Random assignment minimizes
selection bias and enables causal inference.

Treatment conditions may include:

. Static carbon label (baseline condition)

. Al-generated dynamic carbon tag

. Al tag with real-time emissions feedback

. Al tag with personalized behavioral nudges

Participants will complete structured purchase tasks involving comparable product alternatives that differ in
carbon intensity.

Measurement Variables

Key outcome variables include:

. perceived trust and credibility

. low-carbon purchase intention

. observed choice share of low-carbon products

. cognitive load and comprehension

. willingness to pay for lower-carbon alternatives
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Validated multi-item scales and behavioral choice metrics should be employed.
Analytical Strategy

Empirical analysis may include:

. ANOVA or ANCOVA for treatment comparisons

. Structural Equation Modeling (SEM) for latent constructs

. mediation analysis (e.g., trust — purchase intention)

. moderation analysis (e.g., environmental concern, price sensitivity)
Expected Insight

Experimental findings will clarify the behavioral mechanisms through which AI-CTS influences consumer
decision-making and identify design features that maximize interpretability and effectiveness.

7.2 Field Pilot (Operational Feasibility Testing)
Purpose

Field pilots are necessary to evaluate how AI-CTS performs under real-world organizational and market
conditions. While experiments establish behavioral effects in controlled settings, pilot deployments assess system
reliability, user engagement and implementation challenges.

Pilot Contexts

AI-CTS can be piloted in sectors characterized by high transaction volume and consumer visibility, such as:

. FMCG product portfolios

. e-commerce platforms

. apparel retail

. urban mobility services

. energy and utility billing systems

These environments allow observation of both consumer interaction and operational integration.
Pilot Design

A phased pilot approach is recommended:

1. Deployment of Al carbon estimation for selected products or services
2. Integration of dynamic carbon tags into packaging or digital interfaces
3. Activation of the Behavioral Personalization Engine

4. Continuous monitoring of user engagement and sales patterns

Where feasible, staggered rollout across product categories can enable within-firm comparisons.
Key Performance Indicators

Operational and behavioral metrics include:

. tag scan or click-through rates
. shifts in sales toward lower-carbon alternatives
. system latency and uptime
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. supplier data coverage
. marginal cost per tagged product
Expected Insight

Field pilots will provide evidence on implementation feasibility, user acceptance and the operational economics
of AI-CTS deployment.

7.3 Quasi-Experimental Design (Firm-Level Impact Assessment)
Purpose

To evaluate the organizational and governance effects of AI-CTS, quasi-experimental methods can be employed
where randomized adoption is impractical. This stage examines whether firms implementing AI-CTS demonstrate
measurable improvements in emissions transparency, ESG performance and greenwashing risk mitigation.

Empirical Approaches
Several quasi-experimental strategies are appropriate:

Difference-in-Differences (DiD): Compare firms adopting AI-CTS with matched non-adopters using pre- and
post-adoption performance indicators.

Propensity Score Matching (PSM): Match adopting and non-adopting firms on observable characteristics (e.g.,
size, sector, baseline ESG maturity) to estimate treatment effects.

Event Study Analysis: Assess market or reputational responses surrounding AI-CTS adoption announcements.
Key Variables

Firm-level indicators may include:

. ESG environmental scores

. Scope 3 disclosure coverage

. emission intensity trends

. frequency of greenwashing flags

. investor or stakeholder sentiment indicators
Expected Insight

Quasi-experimental analysis will clarify whether AI-CTS adoption translates into measurable improvements in
corporate transparency, risk management and sustainability performance.

7.4 Simulation Modeling (System Performance and Scalability)
Purpose

Simulation modeling enables evaluation of AI-CTS behavior under varying adoption levels, data conditions and
policy environments prior to full-scale deployment. This approach is particularly useful for understanding
emergent system dynamics.

Modeling Approaches

Potential techniques include:

. agent-based modeling of consumer adoption patterns
. system dynamics modeling of carbon reduction pathways
. Monte Carlo simulation for uncertainty propagation
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. network simulation of multi-tier supply chain data flows
Research Questions

Simulation studies can address:

. scalability across heterogeneous product categories

. expected emissions reduction under alternative adoption scenarios
. sensitivity to data sparsity and model error

. potential rebound or unintended behavioral effects

Expected Insight

Simulation results will inform strategic planning, policy design and system architecture optimization.
7.5 Digital Twin Testing (Technical Validation)
Purpose

Digital twin environments provide a high-fidelity testbed for validating the technical performance of the Al
Carbon Estimation Engine and associated analytics modules without disrupting live operations.

Implementation Approach

The proposed procedure includes:

. development of digital replicas of selected production or logistics systems
. streaming of real or synthetic [oT data into the AI-CTS pipeline

. comparison of Al-generated carbon estimates with ground-truth LCA

. stress-testing of anomaly detection and governance components

Performance Metrics

Technical evaluation should focus on:

. estimation accuracy relative to traditional LCA
. model drift over time

. anomaly detection precision and recall

. computational latency

. scalability under high data throughput
Expected Insight

Digital twin testing will validate the technical reliability and robustness of AI-CTS under realistic operating
conditions.

7.6 Integrated Validation Logic

Collectively, the proposed validation pathways form a complementary evidence framework:

. controlled experiments establish behavioral mechanisms
. field pilots demonstrate operational viability
. quasi-experiments assess firm-level outcomes
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. simulations evaluate systemic scalability
. digital twins verify technical performance

This triangulated approach ensures that AI-CTS is evaluated not only as a conceptual model but as a deployable
and testable carbon intelligence infrastructure.

7.7 Future Empirical Agenda

Future research should implement the proposed validation program across multiple sectors and geographic
contexts. Particular attention should be given to cross-cultural behavioral responses, SME adoption dynamics and
long-term system learning effects. Longitudinal studies will be especially valuable in assessing whether AI-CTS
produces sustained changes in both organizational practices and consumer behavior.

Through systematic empirical validation, AI-CTS can evolve from an architectural proposition into a rigorously
tested foundation for real-time carbon transparency and data-driven climate decision-making.

8. Challenges and Ethical Risks (Critical Reflection for Responsible AI-CTS Deployment)

While the Al-enabled Carbon Tagging System (AI-CTS) offers significant potential to transform carbon
accountability, its large-scale deployment raises important technical, ethical and socio-economic concerns. This
section critically examines five major risk domains—AI bias, data privacy, algorithm opacity, cost barriers and
the digital divide—and outlines mitigation pathways to support trustworthy and inclusive implementation.

8.1 Al Bias and Model Fairness
Nature of the Risk

AI-CTS relies heavily on machine learning models trained on historical lifecycle, supplier and emissions data. If
these datasets are incomplete, geographically skewed, or sectorally biased, the resulting carbon estimates may
systematically misrepresent certain firms, regions, or product categories.

Potential bias risks include:

. Underestimation of emissions in data-poor supply chains
. Penalization of SMEs with limited digital traceability

. Geographic bias due to uneven emission factor coverage
. Sectoral distortions in benchmarking algorithms

Such biases could create unintended competitive disadvantages and undermine stakeholder trust.
Mitigation Strategies

To address fairness concerns, AI-CTS should incorporate:

. bias audits and fairness diagnostics in model pipelines
. representative multi-region training datasets

. sector-specific normalization protocols

. periodic third-party model validation

. explainable Al tools to surface potential distortions

Embedding fairness monitoring within the Governance Layer is essential to ensure that AI-CTS remains an
instrument of equitable carbon transparency rather than algorithmic discrimination.
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8.2 Data Privacy and Confidentiality
Nature of the Risk

AI-CTS requires extensive data integration across enterprise systems, supply chains and consumer interfaces. This
raises legitimate concerns regarding:

. exposure of proprietary production data
. supplier confidentiality risks

. consumer behavioral data privacy

. cross-border data governance issues

Particularly in Scope 3 estimation, firms may hesitate to share granular operational data due to competitive
sensitivity.

Mitigation Strategies

A privacy-by-design approach is recommended, including:

. data minimization principles

. differential privacy techniques

. federated learning for sensitive supplier data

. role-based access controls

. secure multiparty computation where appropriate

. compliance with evolving data protection regulations

Blockchain components should store hashed or permissioned records rather than raw sensitive data to balance
transparency with confidentiality.

8.3 Algorithm Opacity and Explainability
Nature of the Risk

Advanced Al models—especially deep learning architectures—can function as “black boxes,” making it difficult
for firms, regulators and consumers to understand how carbon tags are generated. Lack of interpretability may
lead to:

. reduced stakeholder trust
. regulatory resistance

. audit challenges

. accountability ambiguities

Given that carbon tags may influence purchasing, compliance and trade outcomes, explainability is not optional
but foundational.

Mitigation Strategies

AI-CTS must embed Explainable AI (XAI) as a core design principle. Recommended mechanisms include:

. feature attribution methods (e.g., SHAP, LIME)
. lifecycle contribution breakdowns
. confidence and uncertainty disclosure
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. model documentation and audit trails
. human-readable tag justifications

The goal is to ensure that every carbon tag is not only accurate but also interpretable, auditable and
contestable when necessary.

8.4 Cost and Adoption Barriers
Nature of the Risk

Despite the long-term efficiency gains promised by AI-CTS, the upfront investment required for sensors, data
integration, Al model development and system governance may be substantial. Large enterprises may absorb these
costs, but SMEs—especially in emerging economies—could face significant adoption barriers.

Risks include:

. uneven adoption across firm sizes

. concentration of carbon intelligence among digitally mature firms
. delayed ecosystem effects

. potential compliance burden perception

Mitigation Strategies

To ensure scalable diffusion, the following mechanisms are critical:

. SaaS-based carbon tagging platforms

. shared carbon cloud infrastructure

. government subsidies and green financing
. phased compliance pathways

. industry-level implementation consortia

The SME adoption model proposed in Section 6.2 directly addresses this risk by lowering entry barriers and
distributing infrastructure costs.

8.5 Digital Divide and Inclusion Risks
Nature of the Risk

AI-CTS presupposes a certain level of digital infrastructure, data literacy and connectivity. In many emerging
markets, smaller firms, informal sector participants and low-income consumers may lack the technological
readiness to fully participate in Al-driven carbon ecosystems.

Potential exclusion risks include:

. SMEs in low-connectivity regions being left behind

. consumers without smartphones missing carbon information
. sectoral inequality in digital readiness

. urban-rural adoption gaps

If unaddressed, AI-CTS could inadvertently widen the sustainability participation gap.
Mitigation Strategies

An inclusive deployment strategy should include:
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. lightweight mobile-compatible interfaces
. offline-readable carbon labels

. multilingual and low-literacy design

. public digital infrastructure integration

. targeted SME capacity-building programs
. open standards for interoperability

Aligning AI-CTS with national digital public infrastructure initiatives can significantly reduce inclusion risks at
scale.

8.6 Toward Responsible and Trustworthy AI-CTS

The challenges outlined above do not diminish the transformative potential of AI-CTS; rather, they highlight the
importance of responsible socio-technical design. For AI-CTS to gain regulatory acceptance and societal
legitimacy, it must evolve as a trustworthy digital public-good infrastructure rather than merely a proprietary
analytics tool.

Accordingly, future development of AI-CTS should adhere to four guiding principles:

L. Fairness - minimize algorithmic bias and ensure equitable benchmarking

2. Transparency - provide explainable and auditable carbon intelligence

3. Privacy protection - safeguard firm and consumer data

4. Inclusivity - enable participation across firm sizes and socio-economic contexts

By proactively addressing these ethical and operational risks, AI-CTS can position itself not only as an innovation
in carbon accountability but also as a model for responsible Al in sustainability governance.

9. Conclusion and Future Research
9.1 Conclusion

This study advances the Carbon Tagging System (CTS) paradigm by introducing the Al-enabled Carbon Tagging
System (AI-CTS) as an intelligent, scalable and behaviorally embedded infrastructure for real-time carbon
accountability. While prior sustainability and ESG frameworks have significantly improved emissions
measurement and corporate disclosure, they remain constrained by periodic reporting cycles, manual lifecycle
assessments and limited consumer integration. AI-CTS addresses these structural limitations by embedding
artificial intelligence, IoT-enabled data streams and distributed ledger technologies across the carbon
accountability value chain.

Conceptually, AI-CTS represents a shift from static carbon disclosure to continuous carbon intelligence. The
proposed six-layer architecture integrates data acquisition intelligence, Al-driven lifecycle estimation, explainable
carbon tagging, behavioral personalization, automated trust mechanisms and governance dashboards into a unified
socio-technical system. In doing so, the framework closes the long-standing gap between environmental
measurement, market communication and behavioral response.

Positioned strategically, AI-CTS serves three interrelated roles.

First, it functions as digital sustainability infrastructure. Much like financial reporting systems underpin capital
markets, AI-CTS provides the informational backbone required for transparent and scalable carbon accountability
across products, firms and sectors.
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Second, AI-CTS operates as an intelligence layer for ESG ecosystems. By converting fragmented emissions data
into real-time, decision-ready insights, the system enhances the granularity, credibility and responsiveness of ESG
analytics. This enables firms to move from compliance-oriented reporting toward predictive and performance-
driven sustainability management.

Third, AI-CTS lays the foundation for carbon-aware markets. Through dynamic tags, personalized nudges and
verifiable carbon signals at the point of decision, the system embeds climate information directly into economic
behavior. Over time, such visibility can reshape competitive dynamics, reward low-carbon innovation and align
consumer choice with decarbonization goals.

Collectively, these contributions position AI-CTS as a critical enabler of the transition from fragmented
sustainability reporting to intelligence-driven carbon governance.

9.2 Theoretical Implications

From a scholarly perspective, this research extends the emerging domain of Carbon Information Systems (CIS) by
integrating artificial intelligence and behavioral design into the sustainability disclosure paradigm. The study
contributes to multiple literature streams by:

. reconceptualizing carbon tagging as an adaptive socio-technical system;
. embedding explainable Al within environmental accountability frameworks; and
. linking stakeholder transparency with algorithmic governance and behavioral nudging.

This integrative positioning responds to growing calls within information systems and sustainability scholarship
for real-time, decision-centric ESG infrastructures.

9.3 Practical and Policy Implications

For practitioners, AI-CTS offers a deployable blueprint to operationalize product-level carbon intelligence at
scale. Firms can leverage the architecture to enhance Scope 3 visibility, strengthen brand credibility and embed
sustainability directly into customer interfaces. For policymakers, the framework provides a mechanism to
translate high-level climate commitments into measurable, market-facing transparency tools aligned with
emerging regulatory regimes such as BRSR and CBAM.

Importantly, the modular design of AI-CTS allows phased adoption, SaaS-based SME participation and
integration with digital public infrastructure—features that are particularly relevant for emerging economies.

9.4 Future Research Directions

Despite its conceptual and architectural contributions, the present study represents an initial step in the empirical
maturation of AI-CTS. Several avenues for future research remain open.

First, behavioral validation: Experimental and field studies should examine how different carbon tag designs,
levels of explainability and personalization strategies influence actual purchasing behavior across diverse
demographic and cultural contexts.

Second, model accuracy and robustness: Further work is needed to benchmark Al-driven lifecycle estimation
against traditional LCA across industries, particularly for Scope 3 emissions where data uncertainty remains high.

Third, cross-sector scalability: Longitudinal pilots across sectors such as FMCG, mobility, energy and apparel can
assess cost-benefit dynamics, supplier participation effects and network externalities associated with AI-CTS
adoption.

Fourth, governance and regulatory design: Future studies should explore institutional models for certifying Al-
generated carbon tags, including the role of standards bodies, public-private partnerships and international
interoperability frameworks.
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Fifth, inclusive and ethical Al deployment: Research is needed to evaluate bias, accessibility and digital divide
implications in real-world implementations, particularly within SME ecosystems and emerging markets.

9.5 Final Reflection

As the global economy moves toward net-zero commitments, the next frontier of climate action will depend not
only on better measurement but on better intelligence and better decisions. AI-CTS represents a step toward that
future. By transforming carbon data into continuously updated, behaviorally meaningful and institutionally
verifiable signals, the system has the potential to embed climate accountability into the everyday fabric of markets
and organizations.

If successfully validated and scaled, AI-CTS could become the informational backbone of carbon-aware
economies—where every product carries its environmental truth, every firm operates under real-time transparency
and every consumer participates meaningfully in the transition to a low-carbon future.

References
[1] Ahi, P., & Searcy, C. (2015). An analysis of metrics used to measure performance in green and
sustainable supply chains. Journal of Cleaner Production, 86, 360-

377. https://doi.org/10.1016/j.jclepro.2014.08.005

[2] Ambec, S., & Lanoie, P. (2008). Does it pay to be green? A systematic overview. Academy of
Management Perspectives, 22(4), 45-62. https://doi.org/10.5465/amp.2008.35590353

[3] Bocken, N. M. P., Short, S. W., Rana, P., & Evans, S. (2014). A literature and practice review to develop
sustainable business model archetypes. Journal of  Cleaner Production, 65, 42-
56. https://doi.org/10.1016/j.jclepro.2013.11.039

[4] Delmas, M. A., & Burbano, V. C. (2011). The drivers of greenwashing. California Management Review,
54(1), 64-87. https://doi.org/10.1525/cmr.2011.54.1.64

[5] DiMaggio, P. J., & Powell, W. W. (1983). The iron cage revisited: Institutional isomorphism and
collective rationality in organizational fields. American Sociological Review, 48(2), 147-160.

[6] European Commission. (2023). Carbon Border Adjustment Mechanism (CBAM). Brussels: European
Commission.

[7] Friede, G., Busch, T., & Bassen, A. (2015). ESG and financial performance: Aggregated evidence from
more than 2000 empirical studies. Journal of Sustainable Finance & Investment, 5(4), 210-
233. https://doi.org/10.1080/20430795.2015.1118917

[8] Freeman, R. E. (1984). Strategic management: A stakeholder approach. Pitman.

[9] Ghose, A., & Han, S. P. (2014). Estimating demand for mobile applications in the new
economy. Management Science, 60(6), 1470-1488. https://doi.org/10.1287/mnsc.2013.1829

[10] Greenhouse Gas Protocol. (2023). Corporate accounting and reporting standard (revised
edition). World Resources Institute & WBCSD.

[11] Ivanov, D., Dolgui, A., & Sokolov, B. (2019). The impact of digital technology and Industry 4.0 on the
ripple effect and supply chain risk analytics. International Journal of Production Research, 57(3), 829-
846. https://doi.org/10.1080/00207543.2018.1488086

[12] Kolk, A., Levy, D., & Pinkse, J. (2008). Corporate responses in an emerging climate regime. European
Accounting Review, 17(4), 719-745. https://doi.org/10.1080/09638180802489121

[13] Kouhizadeh, M., Saberi, S., & Sarkis, J. (2021). Blockchain technology and the sustainable supply chain:
Theoretically exploring adoption barriers. International Journal of Production Economics, 231,
107831. https://doi.org/10.1016/j.ijpe.2020.10783 1

[14] Lozano, R. (2012). Towards better embedding sustainability into companies’ systems. Journal of
Cleaner Production, 25, 14-26. https://doi.org/10.1016/j.jclepro.2011.11.060

[15] McKinsey & Company. (2022). The ESG data conundrum. McKinsey Global Institute.

420

https://kommerstad.org


https://doi.org/10.1016/j.jclepro.2014.08.005
https://doi.org/10.5465/amp.2008.35590353
https://doi.org/10.1016/j.jclepro.2013.11.039
https://doi.org/10.1525/cmr.2011.54.1.64
https://doi.org/10.1080/20430795.2015.1118917
https://doi.org/10.1287/mnsc.2013.1829
https://doi.org/10.1080/00207543.2018.1488086
https://doi.org/10.1080/09638180802489121
https://doi.org/10.1016/j.ijpe.2020.107831
https://doi.org/10.1016/j.jclepro.2011.11.060

Minnesota Journal of Business Law and Entrepreneurship
Volume 2026, No. 1
ISSN: 1540-3270

[16] Nidumolu, R., Prahalad, C. K., & Rangaswami, M. R. (2009). Why sustainability is now the key driver
of innovation. Harvard Business Review, 87(9), 56-64.

[17] Porter, M. E., & Kramer, M. R. (2011). Creating shared value. Harvard Business Review, 89(1-2), 62-
77.

[18] Saberi, S., Kouhizadeh, M., Sarkis, J., & Shen, L. (2019). Blockchain technology and its relationships to
sustainable supply chain management. International Journal of Production Research, 57(7), 2117-
2135. https://doi.org/10.1080/00207543.2018.1533261

[19] Thaler, R. H., & Sunstein, C. R. (2008). Nudge: Improving decisions about health, wealth and
happiness. Yale University Press.

[20] Thegersen, J., & Nielsen, K. S. (2016). A better carbon footprint label. Journal of Cleaner Production,
125, 86-94. https://doi.org/10.1016/j.jclepro.2016.03.098

[21] United Nations Environment Programme (UNEP). (2023). Emissions Gap Report 2023. UNEP.

[22] Wiedmann, T., & Minx, J. (2008). A definition of carbon footprint. In C. C. Pertsova (Ed.), Ecological
economics research trends (pp. 1-11). Nova Science.

[23] World Economic Forum. (2022). Net-Zero Industry Tracker. WEF.

421

https://kommerstad.org


https://doi.org/10.1080/00207543.2018.1533261
https://doi.org/10.1016/j.jclepro.2016.03.098

