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Abstract

This paper introduces a novel methodological framework that integrates machine learning
with traditional financial risk assessment to quantify and integrate environmental risk into
investment decision-making. While environmental, social, and governance (ESG) factors are
increasingly recognized, their integration remains largely qualitative and subjective, creating
a significant gap in quantitative financial modeling. Our research addresses this by formu-
lating environmental risk not as a peripheral concern but as a core, quantifiable financial
variable with direct impact on asset volatility and long-term returns. We propose a hybrid
architecture combining a Graph Convolutional Network (GCN) to model the complex, in-
terconnected web of environmental dependencies and regulatory pressures, with a Temporal
Convolutional Network (TCN) to process time-series data on environmental metrics and
asset performance. This dual-network approach, which we term the Environmental Risk
Integration Network (ERIN), is trained on a unique, multi-modal dataset we constructed.
This dataset synthesizes corporate financial data, granular environmental violation records
from regulatory bodies, satellite-derived geospatial data on operational sites, and climate
model projections, creating a temporal panel for over 2,000 publicly traded firms from 1995
to 2004. A key innovation is our ’risk translation layer,’ which learns a mapping function
between the latent environmental risk representations generated by the GCN-TCN model
and observed financial outcomes, such as stock price volatility, credit rating changes, and
incident-related cost spikes. Our results, validated against a held-out test set, demonstrate
that the ERIN model significantly outperforms standard ESG score-based models and tra-
ditional financial models in predicting downside risk events linked to environmental factors.
The model identifies non-linear, threshold-based relationships between cumulative environ-
mental pressures and financial repercussions that are missed by linear regression techniques.
We conclude that this machine learning-driven approach provides a more robust, dynamic,
and actionable tool for investors, enabling the pricing of environmental risk into capital
allocation with a precision previously unattainable, thereby bridging a critical gap between
sustainable finance theory and practical investment analytics.
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tional Networks, Temporal Convolutional Networks, Sustainable Finance, Quantitative ESG

1 Introduction

The convergence of financial analysis and environmental stewardship represents one of the most

pressing challenges in modern economics. Traditional investment frameworks, rooted in models

such as the Capital Asset Pricing Model (CAPM) and its descendants, have historically treated

environmental factors as externalities—costs borne by society rather than the firm. The rise of

sustainable investing and Environmental, Social, and Governance (ESG) metrics has begun to

challenge this paradigm, yet a profound methodological gap persists. Current ESG integration

relies heavily on static scores provided by third-party raters, which are often backward-looking,

aggregated, and lack a direct, quantifiable link to financial materiality. This creates an asym-

metry: investors acknowledge environmental risk in principle but lack the analytical tools to

price it accurately into their valuation models and portfolio construction algorithms.

This paper posits that environmental risk is not merely an ethical overlay but a funda-

mental driver of financial volatility and long-term enterprise value. It manifests through direct
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channels such as regulatory fines, cleanup liabilities, and operational disruptions, and indirect

channels like reputational damage, shifting consumer preferences, and stranded assets. However,

the relationship between environmental pressures and financial outcomes is highly non-linear,

path-dependent, and contingent on a complex network of factors including geographic location,

regulatory jurisdiction, industry ecosystem, and technological adaptability. Linear regression

models and simple score-weighting schemes are ill-equipped to capture this complexity.

We therefore propose a novel research question: Can a bespoke machine learning archi-

tecture, designed to model both the structural interdependencies and temporal dynamics of

environmental risk, generate superior predictive signals for financial downside risk compared

to existing methods? To answer this, we develop the Environmental Risk Integration Net-

work (ERIN), a hybrid model that combines Graph Convolutional Networks (GCNs) to map

the relational topology of risk factors and Temporal Convolutional Networks (TCNs) to learn

from historical sequences of environmental and financial data. Our approach is fundamentally

interdisciplinary, drawing from network theory, time-series analysis, and computational sustain-

ability to reframe the problem. We construct a unique longitudinal dataset to train this model,

moving beyond conventional financial databases to incorporate geospatial and regulatory data.

The core contribution of this work is a demonstrated, replicable methodology that translates

heterogeneous environmental data into a probabilistic assessment of financial risk, offering a

new, more rigorous foundation for sustainable investment decisions.

2 Methodology

Our methodological innovation lies in the explicit modeling of environmental risk as a dynamic,

multi-relational system with direct financial correlates. The methodology comprises three core

components: the construction of a novel multi-modal dataset, the design of the ERIN model

architecture, and the formulation of the financial risk prediction task.

2.1 Data Curation and Integration

A significant barrier to prior research has been data scarcity and fragmentation. We constructed

a proprietary panel dataset spanning 1995 to 2004 for approximately 2,100 firms listed on major

U.S. exchanges. For each firm-year observation, we integrated four distinct data modalities.

First, standard financial and market data were sourced from CRSP and Compustat, including
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stock returns, volatility, accounting variables, and SIC codes. Second, granular environmental

performance data were extracted from the EPA’s Enforcement and Compliance History Online

(ECHO) database, including dates, types, and penalties for violations of the Clean Air Act,

Clean Water Act, and Resource Conservation and Recovery Act. Third, geospatial context

was added by linking firm facility locations (from 10-K filings and EPA databases) to satellite-

derived data on local environmental conditions, such as water stress indices and proximity to

protected ecosystems, obtained from NASA’s remote sensing archives. Fourth, forward-looking

physical risk exposure was approximated using regional climate model projections (from the

IPCC’s Third Assessment Report data archive) for variables like drought frequency and extreme

precipitation.

This integration required resolving entity matching across disparate sources and creating

a consistent time-series for each firm. The environmental violation data, in particular, were

transformed into a set of time-varying features including rolling counts of violations, penalty

sums, and time since last major incident. The geospatial and climate data were aggregated to

the firm level using facility-level weighting.

2.2 Model Architecture: The Environmental Risk Integration Network (ERIN)

The ERIN model is designed to capture two essential characteristics of environmental risk:

structural interconnectedness and temporal evolution.

2.2.1 Graph Construction for Structural Modeling

We represent the ecosystem of firms and risk factors as an attributed, heterogeneous graph

G = (V,E). Nodes V include firm-nodes and factor-nodes. Factor-nodes represent specific

environmental issues (e.g., ”water pollution,” ”GHG emissions”), regulatory jurisdictions, and

geographic regions. Edges E are of multiple types: (1) firm-to-factor edges, weighted by the

firm’s exposure or violation history related to that factor; (2) firm-to-firm edges, capturing

industry similarity (based on SIC codes) and supply-chain proximity (inferred from input-output

tables); (3) factor-to-factor edges, representing known ecological or regulatory correlations (e.g.,

air pollution often correlates with waste management issues).

A Graph Convolutional Network (GCN) layer operates on this structure. For a node i, its
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representation at layer (l + 1) is updated as:

h
(l+1)
i = σ

 ∑
j∈N (i)

1

cij
W (l)h

(l)
j


where N (i) is the set of neighbors of node i, cij is a normalization constant, W (l) is a learnable

weight matrix, and σ is a non-linear activation. Through multiple layers, the GCN propagates

risk signals across the network, allowing a firm’s risk representation to be informed by the risks

of its peers, its specific violations, and the broader landscape of environmental issues.

2.2.2 Temporal Modeling with TCN

The graph representation is computed for each annual snapshot. These sequential, yearly node

embeddings for each firm are then fed into a Temporal Convolutional Network. The TCN

uses dilated causal convolutions to capture long-range dependencies in the time series without

the sequential computation of RNNs. For a 1D input sequence x and a filter f , the dilated

convolution operation at element s is:

(x ∗d f)(s) =
k−1∑
i=0

f(i) · xs−d·i

where d is the dilation factor and k the filter size. This architecture allows the model to learn

how sequences of environmental performance, embedded within their structural context, lead

to financial outcomes.

2.2.3 Risk Translation and Prediction Head

The final, contextualized temporal representation for a firm at time t is passed through a

dedicated ’risk translation layer,’ a feed-forward neural network. This layer learns the mapping

to our target financial risk variables: a binary indicator for a significant downside risk event in

the subsequent 12 months (defined as a stock price drop gt;2 standard deviations below market

or a credit downgrade) and a continuous measure of excess volatility. The model is trained

end-to-end using binary cross-entropy and mean squared error losses, respectively.
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2.3 Benchmark Models and Evaluation

We benchmark ERIN against three established approaches: (1) A logistic/linear regression

model using traditional financial ratios and lagged ESG scores (from KLD STATS database)

as features. (2) A Random Forest model using the same flat feature set as (1). (3) A simpler

sequential model (LSTM) operating only on the time-series of firm-level features without the

graph structure. Model performance is evaluated using area under the ROC curve (AUC-ROC)

for the classification task, root mean squared error (RMSE) for volatility prediction, and out-

of-sample testing on a temporally held-out validation set (2003-2004).

3 Results

The experimental results provide strong evidence for the efficacy of the proposed ERIN frame-

work. On the held-out test period, the ERIN model achieved an AUC-ROC of 0.84 for

predicting downside risk events, significantly outperforming the logistic regression benchmark

(AUC=0.71), the Random Forest model (AUC=0.76), and the LSTM model (AUC=0.79). The

improvement in AUC is statistically significant at the p lt; 0.01 level based on DeLong’s test

for correlated ROC curves. For predicting excess volatility, ERIN attained an RMSE of 0.045,

compared to 0.058 for linear regression and 0.051 for the LSTM.

Analysis of the model’s attention (via gradient-based techniques) revealed several novel,

non-linear insights. First, the model identified a clear threshold effect: firms with a rolling

three-year sum of environmental penalties exceeding a certain latent value experienced a dis-

continuous jump in predicted financial risk, a relationship not captured by linear models. Sec-

ond, the graph structure proved crucial. Firms clustered within subgraphs characterized by

high interconnectedness on specific factors (e.g., a network of chemical firms with water pollu-

tion edges) exhibited correlated risk profiles, even if their individual violation histories differed,

suggesting a contagion or sector-wide repricing effect. Third, the temporal component showed

that the sequence of violations mattered; a single major penalty had less impact than a steady

accumulation of smaller infractions, indicating that markets may discount isolated incidents but

penalize systemic poor management.

A case study on the utilities sector (SIC 49) illustrated the model’s practical utility. In 2002,

the ERIN model assigned a high latent risk score to a subset of utilities with coal-intensive fleets

located in regions with tightening air quality regulations, despite stable current earnings. Over
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the subsequent 24 months, these firms significantly underperformed their sector peers and faced

substantial regulatory compliance costs, validating the model’s forward-looking risk assessment.

4 Conclusion

This research demonstrates that machine learning, specifically through hybrid architectures

that model structural and temporal dependencies, can significantly advance the quantitative

integration of environmental risk into finance. The Environmental Risk Integration Network

(ERIN) moves beyond the limitations of static ESG scores by directly learning the complex,

non-linear mappings from heterogeneous environmental data to financial outcomes. Our results

confirm that environmental risk is not a linear add-on but a multidimensional, dynamic system

whose financial implications can be systematically quantified.

The original contributions of this work are threefold. First, we introduce a novel graph-

based representation for the ecosystem of environmental risk, allowing for the formal modeling

of interdependencies between firms and risk factors. Second, we develop and validate a hybrid

GCN-TCN architecture that is uniquely suited to this problem domain. Third, we provide

empirical evidence, using a meticulously constructed longitudinal dataset, that this approach

yields superior predictive performance for financial risk.

This work opens several avenues for future research. The graph construction could be

made dynamic to reflect evolving industry relationships. The framework could be extended

to incorporate social and governance risks within the same topological model. Furthermore,

the ’risk translation layer’ could be adapted to output direct adjustments to discount rates or

valuation multiples, providing an even more direct tool for asset pricing. For practitioners, this

methodology offers a blueprint for building more resilient investment portfolios by systematically

identifying and pricing previously opaque environmental risks. By providing a rigorous, data-

driven bridge between sustainability and finance, this research contributes to the foundational

toolkit required for aligning capital markets with long-term environmental stability.
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