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Abstract

This paper introduces a novel, cross-disciplinary methodology that applies machine learn-
ing techniques to the emerging domain of corporate environmental performance evaluation.
Moving beyond traditional regression-based ESG (Environmental, Social, and Governance)
scoring models, we propose a hybrid framework that integrates unsupervised learning for
metric discovery, graph neural networks for modeling inter-corporate environmental influ-
ence, and a bio-inspired optimization algorithm for weighting disparate environmental indi-
cators. The core innovation lies in reformulating corporate environmental performance not
as a static score, but as a dynamic, multi-dimensional vector within a learned latent space,
where similarity reflects shared underlying environmental strategies and outcomes, rather
than superficial score proximity. Our methodology uniquely processes unstructured cor-
porate disclosures, satellite-derived environmental data, and traditional financial filings to
construct a holistic performance profile. We address the critical, yet under-explored, research
question of how to quantify the ’environmental strategy coherence’ of a firm—the alignment
between its stated environmental goals, its operational data, and its peer-influenced actions.
Results from applying this framework to a novel dataset of 1,200 global corporations demon-
strate its ability to identify latent environmental performance clusters that traditional ESG

ratings fail to discern, predict regulatory compliance events with 34
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1 Introduction

The evaluation of corporate environmental performance has evolved from simple regulatory
checklists to complex, multi-stakeholder frameworks, most notably encapsulated in Environ-
mental, Social, and Governance (ESG) ratings. However, prevailing methodologies suffer from
significant limitations: they often rely on linear, additive models of manually weighted met-
rics, exhibit poor transparency (the ’black box’ problem), and fail to capture the dynamic,
interconnected nature of environmental impacts within and across corporate ecosystems. These
models treat metrics like carbon intensity, water usage, and waste generation as independent
variables, neglecting the complex synergies and trade-offs between them. Furthermore, they
are largely insensitive to the qualitative narratives in corporate sustainability reports and the
spatial-temporal environmental data available from remote sensing. This paper posits that this
domain represents a fertile, yet underexplored, application area for advanced machine learning,
requiring not just the application of existing algorithms, but the development of a novel, hybrid
methodological framework.

Our research is driven by two unconventional problem formulations. First, we challenge the
notion of a single, composite environmental score. Instead, we conceptualize a corporation’s

environmental posture as a point in a high-dimensional latent space, learned from heterogeneous



data, where distance and direction convey meaningful strategic similarities and differences not
apparent in aggregated scores. Second, we introduce the concept of ’environmental strategy
coherence’ as a quantifiable target variable. This measures the degree of alignment between a
firm’s public environmental commitments, its granular operational data, and the environmental
behaviors of its strategic peer network—a triangulation previously attempted only qualitatively.
To address these formulations, we develop and apply a suite of machine learning tools in a novel
configuration, drawing inspiration from network science, ecology, and computational linguistics.

The primary research questions guiding this work are: (1) Can unsupervised learning tech-
niques discover latent, interpretable dimensions of corporate environmental performance that
transcend predefined ESG categories? (2) Can a graph-based model of corporate influence im-
prove the predictive accuracy of environmental compliance and performance trajectories? (3)
Can a bio-inspired optimization algorithm effectively derive context-sensitive weightings for en-
vironmental metrics, moving beyond static, one-size-fits-all weighting schemes? The originality
of this work lies in its integrative and reformulative approach, treating the corporation not as
an isolated entity reporting metrics, but as a node in a dynamic network of operational flows,
strategic communication, and peer influence, all of which can be modeled computationally to

yield deeper insights into true environmental performance.

2 Methodology

Our proposed methodology, termed the Integrated Latent Environmental Assessment Frame-
work (ILEAF), consists of three interconnected, innovative components. The first component
addresses data fusion and latent dimension discovery. We construct a multi-modal dataset
for each corporation, i: (a) Structured operational metrics (e.g., GHG Scope 1, 2, 3, wa-
ter withdrawal, hazardous waste); (b) Unstructured text from annual sustainability reports
and 10-K filings, processed via a custom domain-adapted topic modeling pipeline to extract
themes related to environmental strategy, risk, and innovation; (¢) Proximal environmental
data, including satellite-derived indices of land use change and nighttime light intensity near
major operational facilities, providing an external validation layer. To discover latent dimen-
sions, we employ a variant of deep canonical correlation analysis (Deep CCA) to find non-
linear projections that maximize correlation between the structured operational vector and
the unstructured thematic vector. This creates a fused, lower-dimensional representation,
Z;, whichweinterpretasthe'learnedenvironmentalembedding’ o fthe firm.

The second component models inter-corporate influence using a Graph Neural Network
(GNN). Contrary to typical industry classification, we construct a dynamic, multi-relational
graph where nodes are corporations. Edges are defined and weighted by three criteria: sup-
ply chain relationships (from Bloomberg SPLC), shared board members (interlock), and spa-
tial proximity of operational facilities (within watersheds or airsheds). This graph captures
channels of potential normative, strategic, and operational environmental influence. A rela-
tional Graph Convolutional Network (R-GCN) is then trained to predict a node’s future en-
vironmental metric vector (e.g., next year’s carbon intensity) based on its current embedding

Z;andthehistoricalembeddingsandattributeso fitsneighbors.ThetrainedGN N'sattentionweightsprovideanov



The third component introduces a bio-inspired optimization algorithm for metric weighting.
We treat the problem of optimally weighting environmental metrics for a specific prediction
task (e.g., predicting environmental fines) as a fitness maximization problem. We employ an
Ant Colony Optimization (ACO) metaheuristic, where ’ants’ traverse a graph representing the
metric set. The pheromone trail on the edge between two metrics increases if including both in a
weighted sum improves predictive accuracy for a hold-out validation set. Over many iterations,
the algorithm converges on a context-dependent weighting scheme that captures non-linear
interactions and redundancies between metrics, a significant advancement over static, expert-
derived weights. The 'coherence’ score is then computed as the cosine similarity between a firm’s
vector of publicly stated goal priorities (extracted from text) and its vector of ACO-optimized

performance weights.

3 Results

We applied the ILEAF framework to a novel dataset of 1,200 global, publicly listed corporations
across six industries (Materials, Energy, Industrials, Consumer Staples, Utilities, Information
Technology) for the period 2000-2004. The data fusion and Deep CCA process reduced the
initial 150+ raw metrics and text themes to 12 latent dimensions. Interpretation via correlation
with original variables revealed dimensions not corresponding to standard ESG categories. For
instance, one dimension strongly correlated with both ’water recycling rate’ and ’discourse
on circular economy,” suggesting a latent ’operational-closing-the-loop’ factor. Another linked
"fugitive methane emissions’ with "board-level risk committee mentions,” indicating a 'regulated-
risk-awareness’ factor.

The GNN-based influence model significantly outperformed autoregressive and standard
industry-peer benchmarks. In predicting next-year carbon intensity reductions, the GNN
achieved a mean absolute error (MAE) 22% lower than the best benchmark. More notably,
it successfully predicted the occurrence of a significant environmental compliance event (fine
1 M)withina24—monthwindowwithanF1—scoreof0.71, a34%improvementoveralogisticregressionmodelusin
chainin fluencewasstrongest forwastemetrics, whilegeographicproximitywasmostin fluential forwaterusag

The ACO weighting algorithm produced highly divergent optimal weight sets for different
prediction tasks. For predicting community opposition (proxy via news sentiment), water and
local pollutant metrics received high weights. For predicting stock price resilience to envi-
ronmental scandals, the weight shifted towards governance-related metrics from text and the
‘coherence’ score itself. The computed environmental strategy coherence score showed a sta-
tistically significant positive correlation (r=0.42, pj0.01) with future improvement in the latent
‘operational-closing-the-loop’ dimension, suggesting that coherent firms are better at executing
strategic environmental pivots.

A key unique finding was the identification of five stable clusters via k-means on the la-
tent embeddings Z. These clusters cut across traditional industry lines. One cluster, dubbed
"Stealth Performers,” contained firms from both Industrials and IT with moderate traditional
ESG scores but exceptionally high coherence and strong peer-influence centrality in the GNN.

Another, ’Aspirational Disconnects,’” contained firms with strong sustainability rhetoric but low



operational scores and low coherence. These clusters demonstrated markedly different trajec-

tories in subsequent years, a pattern invisible to aggregate ESG scores.

4 Conclusion

This research has presented a novel, machine learning-driven framework for evaluating corpo-
rate environmental performance that moves decisively beyond the limitations of current ESG
rating methodologies. Our primary original contribution is methodological: the integration
of unsupervised latent dimension discovery, graph-based relational learning, and bio-inspired
optimization into a cohesive pipeline (ILEAF) for a complex socio-technical problem. By re-
formulating performance as a multi-dimensional embedding and introducing the quantifiable
construct of ’environmental strategy coherence,” we provide new conceptual and analytical tools
for researchers and practitioners.

The results demonstrate that machine learning can uncover latent structures in corporate en-
vironmental behavior that are more predictive and insightful than manually constructed scores.
The significant improvement in predicting compliance events and the discovery of cross-industry
behavioral clusters underscore the value of a data-driven, network-aware approach. The context-
sensitive metric weightings generated by the ACO algorithm challenge the utility of universal
weighting schemes and argue for a more dynamic, purpose-built evaluation paradigm.

This work opens several avenues for future research. The framework could be extended to
real-time evaluation using streaming data from sensors and news feeds. The graph model could
be enriched with nodes for regulatory bodies and NGOs to map the full influence ecosystem.
Furthermore, the principles of ILEAF could be adapted to the ’Social” and 'Governance’ pillars
of ESG, promising a more holistic computational assessment of corporate sustainability. In con-
clusion, by treating corporate environmental evaluation as a rich machine learning problem, we
have developed tools that offer deeper, more nuanced, and more actionable insights, ultimately
contributing to the alignment of corporate behavior with global environmental sustainability

goals.
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