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Abstract
While corporate sustainability mandates are expanding, the systemic reliance on self-reported emissions data exposes financial 
markets to pervasive greenwashing. Current literature predominantly utilizes subjective commercial ESG ratings or textual 
sentiment analysis to detect this deception, leaving a critical econometric gap in objectively quantifying physical climate 
realities. To resolve this information asymmetry, we engineer a novel algorithmic verification pipeline. Fusing U.S. SEC financial 
fundamentals with facility-level EPA greenhouse gas registries, we train a hyperparameter-optimized Extreme Gradient Boosting 
(XGBoost) architecture to predict physical baseline emissions. To rigorously quantify epistemic uncertainty and account for extreme 
asset-class heteroskedasticity, we apply a Mondrian Conformal Prediction framework, generating mathematically guaranteed, 
firm-specific safety margins. The shortfall between self-reported emissions and this conformal baseline is standardized into a 
novel Conformal-Weighted Continuous Divergence (CWCD) metric. Utilizing a cross-sectional lead-lag econometric design with 
high-dimensional industry fixed effects, we evaluate the directional, leading predictive association of algorithmic divergence 
on subsequent market valuation (Tobin’s Q) and operational profitability (ROA). The empirical estimations reveal a robust 
predictive association indicative of market discipline: algorithmic emissions divergence exhibits a severe, statistically significant 
negative relationship with subsequent forward valuation and operational profitability. Providing robust evidence against the 
market blindness hypothesis, this study strongly suggests that institutional capital possesses the mechanisms to actively price 
environmental deception as a leading indicator of fundamental corporate mismanagement. These findings provide the quantitative 
justification necessary for regulatory authorities and asset managers to deploy algorithmic auditing infrastructure at scale.
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Introduction
The global transition toward sustainable capital markets is fun-
damentally constrained by the persistent information asymmetry 
inherent in corporate greenwashing. As sustainability mandates 
expand, corporate entities frequently exploit voluntary, self-au-
dited Environmental, Social, and Governance (ESG) reporting 
frameworks to strategically misrepresent their physical climate 
realities. Existing financial literature predominantly attempts to 
document this deception through subjective commercial ESG 

rating agencies or textual sentiment analysis. For instance, 
foundational studies such as establish that markets price self-re-
ported carbon risks, while expose the profound measurement 
divergence and unreliability inherent in using commercial ESG 
ratings to proxy these risks. However, despite these seminal 
efforts, a critical econometric gap remains: while the literature 
proves the market prices reported emissions and subjective ESG 
scores, how can financial markets accurately price corporate cli-
mate risk when investors lack an objective, verifiable baseline of 
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actual physical operational emissions? [1, 2].

This paper exploits advanced non-linear machine learning to 
investigate the systemic pricing of physical climate deception 
within US equity markets. Unlike traditional approaches that 
rely on backward-looking commercial ratings or easily manip-
ulated public relations narratives, this study explicitly leverages 
the deterministic constraints of corporate financial fundamen-
tals. By mathematically linking a firm's operational scale, capital 
expenditure, and profitability to its physical emissions footprint, 
we establish an objective algorithmic baseline of climate reality. 
We deploy this baseline to resolve a critical theoretical tension: 
whether extreme information asymmetry renders environmental 
deception an unpriced market externality, or whether institution-
al capital possesses the mechanisms to actively discipline stra-
tegic decoupling.

To quantify this deception, we architect a multi-tiered machine 
learning and econometric pipeline to evaluate a globally fused 
panel of facility-level EPA greenhouse gas registries and SEC 
financial disclosures. At the algorithmic level, we utilize a hy-
perparameter-optimized Extreme Gradient Boosting (XGBoost) 
architecture to predict theoretical baseline emissions. Crucial-
ly, because corporate emissions exhibit extreme right-skewed 
Gamma distributions and pronounced asset-class heterogeneity, 
traditional point predictions structurally fail. Therefore, we de-
ploy a Mondrian Conformal Prediction framework to generate 
mathematically guaranteed, firm-specific uncertainty margins. 
At the econometric level, we standardize the shortfall between 
reported emissions and this conformal safety net into a novel 
Conformal-Weighted Continuous Divergence (CWCD) score. 
To isolate temporal causality, we evaluate this metric using a 
cross-sectional lead-lag Ordinary Least Squares (OLS) regres-
sion, leveraging high-dimensional Industry Fixed Effects to ab-
sorb unobservable, sector-specific valuation imbalances.

Our baseline temporal estimates reveal a robust, highly signifi-
cant market disciplinary mechanism. After rigorously controlling 
for baseline financial fundamentals and isolating intra-industry 
dynamics, the algorithmic divergence penalty demonstrates a 
severe, negative temporal drag on both subsequent market valu-
ation (Tobin's Q, p < 0.01) and operational profitability (ROA, p 
< 0.01). Rather than indicating a market failure, we diagnose this 
as empirical proof of formidable market efficiency. The US equi-
ties market aggressively penalizes algorithmic emissions diver-
gence, revealing that while corporate greenwashing may evade 
regulatory scrutiny, it cannot evade the pricing mechanism of 
institutional capital.

This study makes three primary contributions to the intersect-
ing literatures of empirical corporate finance, applied machine 
learning, and environmental economics:

First, we introduce a novel, objective proxy for environmental 
deception. By engineering the CWCD metric, we empirically 
validate a methodology that standardizes emissions shortfalls 
against Mondrian marginal bounds, providing a superior, fun-

damentals-driven alternative to subjective commercial ESG rat-
ings.
	 Second, we provide robust empirical evidence support-
ing the efficacy of market discipline regarding physical climate 
risk. We demonstrate that despite severe information asymme-
try and the lack of algorithmic auditing infrastructure, institu-
tional investors are successfully utilizing alternative heuristics 
to proxy operational deception. The massive valuation penalty 
levied against divergent firms proves that the market actively 
prices the fundamental mismanagement inherent in strategic en-
vironmental decoupling.

Third, we bridge the gap between machine learning and caus-
al asset pricing. By demonstrating that this conformal machine 
learning architecture effectively proxies the localized climate 
risk parameters enforced by the market, this research lays the 
structural empirical groundwork necessary for institutional in-
vestors and regulatory authorities (such as the SEC and ISSB) to 
deploy algorithmic verification at scale.

Ultimately, this study demonstrates that localized, performa-
tive sustainability rhetoric is systematically neutralized by the 
broader financial ecosystem. By shifting the verification burden 
to algorithmic machine learning frameworks, we establish the 
empirical truth required to accurately map and price systemic 
macroeconomic climate risks.

The remainder of this paper is organized as follows. Section 2 
reviews the existing literature on information asymmetry and 
develops the theoretical hypotheses. Section 3 details the data 
engineering, the XGBoost and Mondrian Conformal Prediction 
architecture, and the causal lead-lag econometric specification. 
Section 4 presents the empirical results, including the conformal 
uncertainty bounds, the explainable AI (XAI) and robustness di-
agnostics, and the final causal market valuation models. Section 
5 discusses the theoretical and policy implications of algorith-
mic verification for institutional capital and regulatory bodies. 
Section 6 concludes the paper.

Literature Review & Hypotheses Development
Information Asymmetry and the Economics of Greenwashing
The proliferation of corporate sustainability mandates has cat-
alysed a corresponding surge in "greenwashing"—the strategic 
misrepresentation of environmental performance. attribute this 
phenomenon to a complex interplay of endogenous organiza-
tional drivers and an exogenous, fundamentally lax regulatory 
environment, noting that such deception critically undermines 
investor confidence. In the absence of stringent, algorithmically 
verifiable disclosure mandates, firms exploit information asym-
metry to engage in strategic decoupling, wherein external ESG 
rhetoric diverges sharply from physical operational reality[3,4]. 
Furthermore, while the threat of activist or regulatory auditing 
theoretically deters overt falsification, it frequently induces 
firms to adopt selective disclosure strategies [5]. Formalize this 
behaviour along a spectrum ranging from "greenwashing" to 
"brownwashing," a dynamic heavily dictated by the prevailing 
regulatory architecture [6].
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Comprehensively analyse the economic implications of manda-
tory CSR reporting, emphasizing that while capital markets react 
to sustainability disclosures, the enforcement and standardiza-
tion of these metrics remain structurally deficient [7]. The diffi-
culty of enforcing environmental standards is further highlighted 
by, who demonstrate that while environmental violations incur 
market value losses, these are almost entirely driven by direct 
legal penalties rather than reputational damages. Consequently, 
systemic reliance on self-reported, voluntary ESG disclosures 
creates a critical vulnerability in global capital markets, enabling 
environmental deception to propagate without material financial 
consequence [8].

The Measurement Void: ESG Rating Divergence and Cli-
mate Risk Pricing
To navigate this pervasive information asymmetry, institution-
al capital has historically outsourced verification to commercial 
ESG rating agencies. However, this reliance introduces a pro-
found measurement gap. Formally document this in Aggregate 
Confusion: The Divergence of ESG Ratings, demonstrating that 
ratings across prominent agencies exhibit average pairwise cor-
relations ranging from merely 38% to 71%. Their decomposi-
tion reveals that measurement divergence accounts for 56% of 
this discrepancy, rendering commercial ESG scores inherently 
subjective and unreliable as proxies for physical climate real-
ities. This lack of convergent validity is corroborated by who 
warn that low commensurability among raters severely impairs 
strategic asset allocation. Moreover, find that ESG rating dis-
agreement correlates with higher stock returns, suggesting the 
existence of a risk premium driven largely by the environmental 
dimension [2-10].

Parallel to the ESG ratings literature, empirical asset pricing 
scholars have begun investigating the market's pricing of cli-
mate risk [11]. Demonstrate that investors demand a carbon 
risk premium, finding that higher total CO2 emissions correlate 
with higher cross-sectional stock returns. Similarly, establish 
a negative firm-value effect for carbon emissions, while theo-
rize that in equilibrium, green assets command lower expect-
ed returns due to investor preferences and climate hedging. and 
further highlight how institutional investors actively attempt to 
hedge against climate-related shocks. However, as critiques, the 
over-reliance on aggregated ESG scores often obscures funda-
mental long-term value drivers. A critical econometric blind 
spot thus remains: while the market may price reported carbon 
emissions, it lacks the objective infrastructure to price emissions 
deception—the divergence between reported figures and a firm’s 
true physical baseline [12-17].

Bridging the Methodological Gap: Machine Learning and 
Conformal Prediction
To resolve the limitations of subjective ESG ratings and simple 
linear models, recent literature has increasingly turned to ad-
vanced computational architectures. and established the founda-
tional supremacy of machine learning in empirical asset pricing 
and causal econometrics, demonstrating that tree-based architec-
tures capture complex, non-linear predictor interactions that tra-

ditional frameworks structurally miss. However, the vanguard of 
the field has rapidly evolved beyond basic point predictions. As 
comprehensively surveyed by, the modern transition from tradi-
tional econometrics to machine learning in asset pricing strictly 
demands a unified framework that balances high-dimensional 
predictive power with deep economic interpretability. Concur-
rently, recent empirical applications, such as optimized machine 
learning framework, have proven that non-linear ensemble ar-
chitectures are highly effective at isolating specific corporate 
features driving ESG greenwashing behaviour [18-21].

Crucially, the efficacy of any algorithmic auditing mechanism 
depends entirely on the theoretical validity of its predictor vari-
ables. Standard environmental economics and neoclassical pro-
duction theory establish that physical emissions are an unavoid-
able byproduct of fixed capital formation and operational scale 
[22]. Financial fundamentals—specifically capital expenditure 
(CapEx), total asset scale, and return on assets (ROA) act as 
deterministic constraints on a firm's physical output. As estab-
lished by theoretical frameworks linking corporate investment 
to environmental externalities, a firm cannot drastically alter its 
physical emissions trajectory without a corresponding shift in 
its capital allocation and asset utilization. Therefore, utilizing a 
machine learning architecture trained on baseline financial fun-
damentals provides an objective, mathematically bounded proxy 
for physical climate reality, effectively neutralizing the rhetorical 
manipulation inherent in textual sustainability reports [23, 24].

However, standard machine learning architectures typically 
yield point estimates that lack rigorous uncertainty quantifica-
tion—a fatal flaw when attempting to price risk in highly vol-
atile equity markets. To establish a mathematically guaranteed 
safety net around these predictions, the Conformal Prediction 
framework has emerged as a vital methodological bridge. As pi-
oneered comprehensively by and expanded in their updated syn-
thesis, conformal predictors evaluate the reliability of their own 
forecasts in a way that is rigorously valid under the assumption 
of data exchangeability, requiring no strict parametric assump-
tions regarding the underlying data-generating distribution [25, 
26].

While classical conformal prediction merely outputs static 
prediction sets, recent advancements provide the exact mathe-
matical infrastructure required for advanced financial auditing. 
Introduced Conformal Predictive Distributions, successfully 
shifting the paradigm from static bounding intervals to dynamic, 
non-parametric probability distributions. This capacity to out-
put full predictive distributions with mathematically guaranteed 
coverage is further optimized for high-dimensional efficiency by  
Concurrently, the development of Conformal Calibrators  allows 
for the seamless calibration of machine learning outputs into 
precise probabilistic risk measures [27-29].

Furthermore, empirical financial cross-sections inherently suf-
fer from structural heterogeneity and macroeconomic drift. As 
demonstrated by, modern Conformal Predictive Systems (CPS) 
can now dynamically adjust to severe covariate shifts, allowing 
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for mathematically valid inference even when traditional inde-
pendent and identically distributed (I.I.D.) assumptions fail. By 
integrating a Mondrian Conformal Prediction architecture to 
account for this severe heteroskedasticity, this study leverages 
these modern predictive distributions. This methodology trans-
lates theoretical machine learning point predictions not merely 
into rigid safety margins, but into a calibrated, continuous base-
line of corporate climate reality—the necessary econometric 
foundation for extracting the continuous algorithmic divergence 
penalty (CWCD) priced by institutional capital [30].

Hypothesis Development
Drawing upon these intersecting literatures, this study tests the 
efficacy of market discipline in pricing environmental deception. 
The literature presents two competing theoretical frameworks 
regarding the market's capacity to penalize algorithmic emis-
sions divergence.

The Efficient Market and Signalling framework posit that, de-
spite the lack of standardized reporting, institutional investors 
possess the analytical sophistication to proxy corporate climate 
risks and actively penalize deceptive disclosures [31]. Under this 
framework, firms exhibiting high algorithmic divergence—indi-
cating a severe shortfall between reported emissions and their 
financial-fundamental baseline—should suffer a risk premium 
penalty, manifesting as depressed valuation and constrained op-
erational efficiency.

Hypothesis 1 (Market Discipline): Algorithmic emissions diver-
gence exerts a statistically significant negative drag on subse-
quent market valuation (Tobin's Q) and operational profitability 
(ROA). Conversely, the Information Asymmetry and Verifica-
tion Cost framework argues that without algorithmic auditing 
infrastructure, the cost for investors to cross-validate self-re-

ported emissions against physical constraints is prohibitively 
high. If commercial ESG ratings fail to capture this decoupling 
, investors remain structurally blind to the deception. Under this 
framework, greenwashing functions as a cost-free, unpriced ex-
ternality [2].

Hypothesis 2 (Market Blindness): Due to extreme information 
asymmetry, algorithmic emissions divergence exhibits no causal 
impact on subsequent market valuation (Tobin's Q) or operation-
al profitability (ROA).

By utilizing the CWCD metric within a cross-sectional lead-lag 
econometric design, this study empirically adjudicates between 
these competing frameworks. We test whether the US equities 
market currently possesses the mechanism to discipline envi-
ronmental deception, positing that if institutional investors are 
deploying advanced alternative data to pierce corporate veils, 
the algorithmic divergence penalty will align precisely with the 
Market Discipline framework.

Data and Methodology
To overcome the inherent limitations of subjective ESG ratings 
and investigate the systemic pricing of environmental deception, 
this study develops a two-stage hybrid methodology. Stage 1 uti-
lizes a machine learning pipeline infused with Mondrian Con-
formal Prediction to establish an objective, fundamentals-driven 
baseline of physical climate reality. Stage 2 imports this algo-
rithmic baseline into a cross-sectional lead-lag econometric 
framework to test for causal market effects. Figure 1 shows the 
structural progression of this methodology across three func-
tional modules: the initial semantic data engineering and fusion 
(Box 1), the machine learning tournament and generation of the 
algorithmic safety net (Box 2), and the final calculation of the 
CWCD metric for causal inference via lead-lag OLS regression 
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Figure 1: The Two-Stage Algorithmic and Econometric Pipeline 

Note: This flowchart shows the overall approach and methodology of the 2-Stage Algorithmic and Econometric pipeline used in 
this paper

Data Acquisition and Semantic Data Cleaning
The empirical foundation of this study relies on the fusion of 
highly granular datasets. Because physical carbon emissions are 
reported at the facility level while financial data is aggregated at 
the corporate entity level, traditional relational database merges 
structurally fail due to naming inconsistencies and subsidiary 
obfuscation. To resolve this, we engineer a multi-layered ex-
traction and semantic fusion pipeline:  

Physical Emissions (EPA GHGRP): We automate the ex-
traction of Facility Dimension and Emissions Fact tables from 
the Environmental Protection Agency’s Greenhouse Gas Re-
porting Program (GHGRP) across the 2020–2023 reporting 
years. Facility-level emissions are aggregated to the ultimate 

corporate parent level.  
Corporate Identifiers (SEC EDGAR): We query the SEC ED-
GAR API to retrieve the complete mapping of corporate tickers, 
CIK identifiers, and official registrant names.  

Cascading Entity Resolution Pipeline: To bridge the gap be-
tween EPA parent names and SEC registrant names, we deploy a 
micro-batched Large Language Model (LLM) architecture.  

Stage 1 (Syntactic Check): We utilize token-set ratio algo-
rithms to identify direct matches (score ≥90) and reject negligi-
ble overlaps (score < 30).  
Stage 2 (Semantic Evaluation): Ambiguous "Gray Zone" pairs 
are routed into a Gemini-3.1-Flash-Lite LLM in micro-batch-
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es of 15. The LLM explicitly determines if the pairs represent 
the exact economic entity, a parent/subsidiary relation, or a cor-
porate rebranding, returning a structured JSON response and a 
confidence score. Only pairs with a confidence score ≥0.85 are 
accepted as validated matches.

Feature Engineering and the Lead-Lag Crosswalk
Upon establishing the crosswalk matrix, we engineer a longitu-
dinal panel by performing programmatic extraction of trailing 
financial data via the Yahoo Finance API, utilizing user-agent 
mimicking to ensure request stability. To prevent data leakage 
and isolate the primary trading vehicle, we enforce an empirical 
deduplication hierarchy that penalizes derivative tickers (e.g., 
preferred stock, warrants) and unusually long tickers. The sub-
sidiary-level records are then consolidated into absolute Corpo-
rate Parent-Year observations.

For each Anchor Year (T), we extract the antecedent (T-1) finan-
cial constraints:  
Firm Size: Calculated as the natural logarithm of Total Assets.  
ROA (Return on Assets): Net Income scaled by Total Assets.  
CapEx Intensity: Absolute Capital Expenditures scaled by To-
tal Assets.  
Leverage: Total Liabilities scaled by Total Assets.  
Market Valuation (Tobin's Q): Calculated utilizing the closing 
market capitalization within a 10-day window around the fiscal 
reporting date.  

Due to the structural constraints of open-source financial APIs, 
we pivot the panel into a strictly cross-sectional Lead-Lag Tem-
poral Design (Table 1) focused on the 2023 snapshot. This ar-
chitecture optimally isolates temporal causality and neutralizes 
reverse-causality critiques.

Table 1: The Lead-Lag Temporal Architecture
Temporal Phase Data Source Variables Extracted Role in Methodology

Year T-1 (Antecedent) SEC EDGAR Firm Size, CapEx, Leverage, 
ROA, Tobin’s Q

ML Predictor Features (Stage 
1)

Year T (Anchor) EPA GHGRP Scope 1 Emissions The Physical Ground Truth 
(Stage 1)

Year T (Anchor) Algorithmic CWCD Score The Deception Penalty (Stage 
2 IV)

Year T+1 (Lead) Equity Markets Tobin's Q (leading), ROA 
(leading)

The Causal Target (Stage 2 
DV)

Stage 1: Algorithmic Verification via Conformal Machine 
Learning
Algorithmic Architecture and OOS Verification
Exploratory Data Analysis (EDA), specifically leveraging 
LOWESS versus OLS scatter plots, confirms a severe non-lin-
ear relationship between baseline constraints and physical emis-
sions. Furthermore, corporate emissions data exhibits extreme 
right-skewed non-normality, most closely mirroring a Gamma 
distribution. Because traditional Ordinary Least Squares (OLS) 
estimation fails under these conditions, deploying an advanced 
non-linear architecture is required.

To establish the objective physical baseline, we executed a com-
petitive "Champion versus Challenger" cross-sectional tourna-
ment utilizing 80% of the dataset for in-sample training. Five 
candidate architectures (a baseline Gamma Generalized Linear 
Model (GLM), SVR Log-Link, Random Forest Log-Link, XG-
Boost Gamma, and LightGBM Gamma) were evaluated. Each 
candidate utilized Bayesian hyperparameter optimization (Op-

tuna) over 100 trials and 5-Fold cross-validation to minimize 
the Gamma deviance loss function and Mean Absolute Error 
(MAE).

Let Y_i represent the reported emissions for firm i, and (Y_i ) ̂ 
represent the predicted emissions. The models learn the feature 
mapping to minimize the deviance:

 
As detailed in Table 2, the non-linear machine learning architec-
tures vastly outperformed the baseline Gamma Generalized Lin-
ear Model (GLM). While the Support Vector Regressor (SVR-
LogLink) achieved the lowest cross-validation MAE (14.0566 
MT), the tree-based architectures (XGBoost and Random For-
est) followed closely, demonstrating exceptional stability in 
minimizing the Root Mean Squared Error (RMSE).

Table 2: The Gamma-Optimized Cross-Validation Tournament Leaderboard
Model Architecture CV MAE (Megatonnes) CV RMSE (Megatonnes)

SVR_LogLink 14.0566 41.1228
XGBoost_Gamma 14.4751 40.9413

RandomForest_LogLink 14.531 41.0996
LightGBM_Gamma 15.1432 41.0305
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Gamma_GLM (Baseline) 18.5126 43.1581
Note: Results represent the optimal hyperparameter configurations achieved over 100 Optuna trials utilizing 5-Fold cross-valida-
tion on the in-sample dataset.

To objectively adjudicate true predictive superiority, the top 
models were frozen and evaluated on the intact 20% out-of-sam-
ple (OOS) holdout. We utilized a three-way Diebold-Mariano 

(DM) test to evaluate the variance of the forecast errors between 
the competing architectures.

Table 3: Out-of-Sample Diebold-Mariano (DM) Predictive Accuracy Tests
Model Comparison DM Statistic P-Value Conclusion

SVR-LogLink vs. Gamma GLM 5.8317 < 0.001 SVR Superior ***
XGBoost vs. Gamma GLM 6.0737 < 0.001 XGBoost Superior ***
SVR-LogLink vs. XGBoost -1.0156 0.3098 Statistical Tie (n.s.)

Note: The DM test evaluates the null hypothesis of equal predictive accuracy. Significance levels: *p < 0.05; **p < 0.01; ***p < 
0.001, n.s. = not significant.

As presented in Table 3, both the SVR and the XGBoost archi-
tecture demonstrated a statistically significant reduction in error 
compared to the baseline (p < 0.001). However, when evaluat-

ed against each other, the DM test yielded a statistical tie (p = 
0.3098), indicating indistinguishable predictive variance.

Table 4: Final out-of-Sample Evaluation across Champion, Challenger & Baseline models
Metric SVR-Loglink XGBoost Gamma GLM (baseline)

Mean Absolute Error (OOS) 14.606 MT 13.393 MT 20.806 MT

Because algorithmic auditing requires optimization across mul-
tiple dimensions, the final model selection defaulted to absolute 
accuracy, structural precision, and interpretability:

Absolute Accuracy: As detailed in Table 4, XGBoost achieved 
the absolute minimum OOS error on the holdout (13.393 MT).

Conformal Efficiency: Given the severe right-skew of the tar-
get variable, XGBoost demonstrated superior precision at the 
extreme tails of the distribution, generating tighter Mondri-
an marginal bounds for Large-cap entities (±270.98 MT vs. 
±278.37 MT). 

Mathematical Transparency: Unlike SVRs, which require 
computationally approximated feature attributions, the XG-
Boost architecture natively supports mathematically exact Shap-
ley additive explanations (TreeExplainer). 

Given its superior absolute out-of-sample accuracy, tail-end pre-
cision, and algorithmic transparency, XGBoost was serialized 
as the core predictive engine for the subsequent econometric 
specifications.

The Safety Net: Cross-Conformal Mondrian Calibration
A point prediction ((Y_i ) ̂) alone is insufficient for corporate 
auditing due to inherent asset-class heterogeneity. To establish 
rigorous, finite-sample statistical bounding, we embed the XG-
Boost predictions within a Mondrian Cross-Conformal Predic-
tion (CV+) framework, leveraging its robust theoretical guar-
antees under standard exchangeability assumptions, calculating 
unbiased Out-of-Fold (OOF) residuals across the training splits.  

Unlike standard conformal prediction, the Mondrian approach 
stratifies the data to account for heteroskedasticity. We estab-
lished static economic thresholds based on Firm Size (log pa-
rameters equating to $3.5 Billion and $40 Billion in Total As-
sets) to categorize firms into Small, Medium, and Large strata 
(S_i). A non-conformity score margin (M_i) is calculated for 
each bracket to guarantee conditional coverage at α= 0.05 (95% 
confidence). The algorithm outputs a lower bound (L_i) and an 
upper bound (U_i) such that the true emissions value Y_i falls 
within the safety margin with 1-α probability:  

Stage 2: Causal Inference and Econometric Specification
The Conformal-Weighted Continuous Divergence (CWCD) 
Metric
With the physical baseline and conformal boundaries estab-
lished, we standardize the deception penalty into the novel Con-
formal-Weighted Continuous Divergence (CWCD) metric.

The CWCD mathematically penalizes a firm only when its 
self-reported emissions (Yi,t) fall suspiciously below the algo-
rithm's predicted baseline ((Yi,t̂). The magnitude of this penalty 
is standardized by the firm's specific Mondrian Margin (Mi,t), 
ensuring equitable assessment across volatile and stable asset 
classes. Utilizing a maximum function to truncate over-report-
ing at zero, the CWCD for firm i at Anchor Year t is formalized 
as:

Causal Lead-Lag Regression (OLS)
The extracted CWCD feature is imported into a robust causal 
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econometric framework. To adjudicate between the competing 
theories of Market Discipline and Market Blindness, we test the 
causal impact of the algorithmic divergence penalty (Year t) on 
subsequent market valuation (Tobin's Q) and operational profit-
ability (ROA) in Year t+1.  

To isolate the unique effect of deception, we explicitly control 
for the firm's baseline financial fundamentals (X_(i,t)) and de-
ploy high-dimensional Industry Fixed Effects (δ_j) to absorb un-
observable, sector-specific valuation imbalances. Furthermore, 
independent and dependent financial variables are Winsorized at 
the 1% and 99% levels to neutralize extreme outliers.  

The baseline valuation model is specified as:

The secondary autoregressive profitability model is specified as:

where:
·	 β1 is the coefficient of interest, representing the market's 

pricing of environmental deception.  
·	 Xi,t is a vector of controls including Firm Size, CapEx 

Intensity, Leverage, and baseline ROA. 
·	 δj represents categorical Industry Fixed Effects to prevent 

omitted variable bias.  
·	 ϵi,t+1 is the idiosyncratic error term. 
To verify model stability, a Variance Inflation Factor (VIF) diag-
nostic was executed, confirming the absence of multicollinearity 
(all core VIF scores < 2.0). Finally, to account for potential het-
eroskedasticity across the US equities cross-section, all standard 
errors are estimated using the robust HC3 covariance matrix 
specification.

Empirical Results
This section details the exploratory baseline diagnostics, the 
algorithmic verification tournament, and the outcomes of the 
cross-sectional lead-lag econometric architecture. By regressing 
the algorithmic divergence penalty (CWCD) against subsequent 
market valuation and operational profitability, we empirically 
adjudicate between the competing theoretical frameworks of 
Market Discipline and Market Blindness.

Exploratory Data Analysis and The Non-Linearity Proof
Prior to econometric estimation and algorithmic tuning, we rig-
orously examined the cross-sectional distribution of the target 
variable and its financial constraints. This Exploratory Data 
Analysis (EDA) explicitly justifies the architectural departure 
from traditional linear modeling.

Table 5: In-Sample Descriptive Statistics 
Variables Mean Standard Deviation min Median Maximum skewness kurtosis

Firm_Size_Log 23.177 1.919 16.865 23.391 28.385 -0.543 0.708
ROA 0.058 0.197 -2.002 0.058 0.626 -7.02 68.283

CapEx_Intensity 0.064 0.079 0.002 0.047 0.812 5.75 43.71
Leverage 0.627 0.199 0.112 0.635 1.975 1.188 8.093
Tobins_Q 1.553 0.983 0.538 1.281 9.055 4.226 24.156

CO2E_EMISSION_MT 15.596 53.534 0 0.883 535.181 6.708 52.643
Note: The table represents the in-sample distribution before Stage 2 Winsorization. Emissions are measured in Megatonnes (MT).

As detailed in Table 5, corporate physical emissions exhibit ex-
treme, right-skewed non-normality. The target variable (CO2E_

EMISSION_MT) registered a massive kurtosis of 52.643 and a 
skewness of 6.708 within the in-sample training data. 

Figure 2: Univariate Feature Distributions 
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Note: Univariate distribution density plots for the target variable (CO2 Equivalent Emissions) and foundational explanatory vari-
ables (Firm Size, ROA, CapEx Intensity, Leverage, and Tobin's Q).

Visual inspection of the univariate distribution diagrams explic-
itly confirms this heavy-tailed, non-Gaussian behaviour. The 
vast majority of the cohort clusters near the lower boundary, 
while a long right tail of mega-polluters stretches exponential-
ly outward. This extreme structural skewness, combined with 

absolute boundary constraints, severely compromises standard 
Ordinary Least Squares (OLS) estimation, mathematically ne-
cessitating the use of a Gamma distribution for the Stage 1 pre-
dictive engine to accurately capture proportional errors.

Figure 3: In-Sample Pearson Correlations
Note: In-sample Pearson correlation matrix across the target emissions variable and all financial predictors.
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To further investigate the feature space, we generated an in-sam-
ple Pearson Correlation Heatmap. The bivariate linear correla-
tions between the financial predictors and the target variable are 
strikingly weak; for instance, the direct linear correlation be-
tween Firm Size and CO2 Emissions is merely 0.25. This weak 

linear matrix proves that simple parametric models are insuf-
ficient to capture the complex, multi-dimensional interactions 
driving physical emissions, justifying the deployment of hierar-
chical, tree-based machine learning architectures.

Figure 4: Standard Linear Fit (OLS) vs. Non-Linear Fit (LOWESS) 

Note: Comparative scatter plots demonstrating the linear (left, OLS) versus non-linear (right, LOWESS) trajectory of CO2 Emis-
sions against foundational Firm Size.

This insufficiency is visually proven when mapping the trajecto-
ry of emissions against asset scale. As demonstrated in the com-
parative scatter plots, the standard linear fit (OLS) fails entirely 
to capture the true underlying production function. It systemat-
ically overestimates the carbon footprint of smaller entities and 
severely underestimates the exponential explosion of emissions 

at the extreme right tail (Large-cap firms). Conversely, the Lo-
cally Weighted Scatterplot Smoothing (LOWESS) fit reveals 
a severe, non-linear curve. This empirical bend mathematical-
ly necessitates a non-linear mapping engine (such as Extreme 
Gradient Boosting) to prevent catastrophic under-prediction of 
systemic climate risks.

Table 6: Variance Inflation Factor (VIF) Multicollinearity Diagnosis
Metric ROA CapEx_Intensity Firm_Size_Log Leverage Tobins_Q

VIF Score 1.593 1.531 1.144 1.095 1.070

Figure 5: Non-Conformity Score Distributions and Mondrian Thresholds

Note: Mondrian Conformal Prediction non-conformity score distributions and dynamically calibrated 1-α marginal thresholds for 
Small, Medium, and Large asset classes.
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As visualized in Figure 5, mapping the absolute prediction er-
rors (non-conformity scores) on a symmetrical log (SymLog) 
scale explicitly justifies this stratification. The error density 
distributions are highly distinct across the three asset classes. 
To mathematically guarantee conditional coverage at α= 0.05 
(95% confidence), the conformal algorithm dynamically cali-
brates the non-conformity score margins (M_i) for each specific 

stratum. Consequently, Small firms required a marginal safety 
net of ±5.59 MT, Medium firms required ±54.98 MT, and the 
heavy-tailed Large firms required ±270.98 MT. Figure 5 visually 
proves that a standard, unstratified global margin would be arti-
ficially inflated for Small firms (rendering the auditing threshold 
uselessly wide) and artificially constrained for Large firms (sys-
tematically violating the coverage guarantee).

Figure 6: Anatomy of Localized Prediction Intervals (Unseen Test Sample) 

Note: Anatomy of localized prediction intervals for a random subset of unseen test entities, demonstrating dynamic margin expan-
sion across the Small (left), Medium (centre), and Large (right) asset scales.

To verify the localized structural integrity of this architecture, 
Figure 6 maps these calibrated margins to a random sample of 
the unseen Out-of-Sample (OOS) holdout. By plotting the algo-
rithmic point predictions against the true, self-reported physical 

emissions (denoted by black stars), the visualization confirms 
that the intervals seamlessly expand to absorb the scale of the 
underlying financial entity.

Figure 7: Uncertainty Quantification via Mondrian Conformal Prediction (Discrete Bounds) 

Note: Out-of-sample empirical coverage mapped against the XGBoost point predictions, demonstrating a 93.75% global coverage 
that empirically aligns with the 95% theoretical target.



Page 12 of 23RESEARCH AND REVIEWS IN ECONOMICS AND MANAGEMENT

Expanding this view to the entire OOS holdout, Figure 7 plots 
the cross-section sorted by the XGBoost predicted emissions. 
This visualization illustrates the step-function nature of the 
Mondrian bounds (represented by the light blue intervals). As 
a firm's financial scale increases along the x-axis, the confor-
mal safety net widens proportionately. The presence of actual 

emissions falling strictly outside the intervals (denoted by red 
crosses) does not indicate model failure; rather, it represents the 
precise empirical realization of the 5% error rate permitted by 
the 1-α calibration, successfully absorbing extreme idiosyncratic 
macroeconomic shocks without destroying the tightness of the 
bounds for compliant firms.

Figure 8: Conformal Intervals by Corporate Asset Class (Heteroscedasticity Proof)

Note: Empirical coverage verification isolated by asset class. Coverage constraints are tightly clustered around the 95% theoretical 
target for systemic entities (Medium and Large caps).

Finally, to empirically validate that the theoretical calibration 
holds across unseen cross-sections, Figure 8 isolates the confor-
mal performance by asset class and calculates the true empirical 
coverage. The results validate the pipeline's robustness: Medi-
um firms achieved an empirical coverage of 96.15%, and Large 
firms achieved 94.74%. Both metrics tightly cluster around the 
theoretical 95% target. While Small firms exhibited a slight un-
der-coverage (89.47%)—a known, acceptable artifact of finite 
sample sizes in small-strata conformal prediction—the algo-
rithm perfectly constrained the Medium and Large entities that 
dictate systemic macroeconomic risk. It is this mathematically 
validated lower bound—representing the absolute minimum 
physical emissions possible for a firm of that exact financial 
size—that establishes the definitive Conformal-Weighted Con-
tinuous Divergence (CWCD) penalty deployed in the Stage 2 
econometric regressions.

Robustness Diagnostics: Adversarial Degradation and Con-
formal Stability
Before extracting the conformal divergence penalty for causal 
inference, we subjected the machine learning architecture to 
rigorous adversarial stress tests to quantify its epistemic uncer-
tainty. A robust auditing algorithm must not only be accurate 
under normal conditions but must also degrade gracefully when 
subjected to financial misreporting or macroeconomic shocks. 
To simulate this, we executed a step-wise perturbation matrix, 
injecting up to 25% Gaussian noise into the underlying financial 
feature space of the out-of-sample holdout. As the magnitude 
of the financial data corruption increased, the base XGBoost 
point-prediction error (MAE) naturally degraded. However, the 
dynamic Mondrian conditional coverage percentage held per-
fectly stable.

Table 7: Adversarial Robustness Report (Out-of-sample Test-set data).
Data Corruption Level 

(Gaussian Noise %)
XGBoost RMSE (MT) XGBoost MAE (MT) Mondrian Conformal Cov-

erage
0% 53.857 13.393 93.75%
5% 55.027 13.678 93.75%
10% 56.835 14.638 93.75%
15% 60.937 15.44 93.75%
20% 62.065 15.514 93.75%
25% 62.254 15.544 93.75%

Note: Step-wise evaluation of out-of-sample prediction error and Mondrian conditional coverage under synthetic Gaussian data 
corruption.
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Figure 9: System Resilience: XGBoost Degradation vs. Conformal Safety Net
Note: Dual-axis plot illustrating the structural stability of the XGBoost baseline error (left axis) against the persistence of the Mon-
drian Conformal safety net (right axis) during severe synthetic data perturbation.

Because the non-conformity scores are calibrated conditional-
ly upon the asset strata, the algorithm automatically widened 
the conformal margins in response to the injected uncertainty, 
remaining structurally anchored to the 95% confidence target 
despite the extreme data corruption. This proves the theoretical 
robustness of the safety net: if a firm's core assets or capital ex-
penditures are financially misreported or subject to sudden mac-
roeconomic volatility, the algorithm automatically expands the 
baseline margins, neutralizing the risk of generating false-posi-
tive auditing penalties.

Algorithmic Transparency: Explainable AI (SHAP & LIME)
A primary critique of deploying advanced non-linear architec-

tures in empirical corporate finance and regulatory governance 
is their inherent "black-box" nature. If an algorithm is to be used 
as a verification baseline for institutional capital, its predictive 
mechanics must be fully transparent and economically rational. 
To satisfy this constraint, we extracted both global and local ex-
plainability metrics on the intact out-of-sample holdout utilizing 
Shapley Additive Explanations (SHAP) and Local Interpretable 
Model-agnostic Explanations (LIME).

Global Drivers and Directional Variance (SHAP)
To establish the macroeconomic hierarchy of the predictive en-
gine, we calculated the Mean Absolute SHAP values across the 
cross-section.
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Figure 10: Global Drivers of Corporate CO2 Emissions (Mean Absolute SHAP) 
Note: Feature importance mathematically confirming that physical baseline emissions are fundamentally constrained by operational 
scale, market valuation, and capital allocation.

As visualized in Figure 10, the SHAP feature importance math-
ematically confirms that physical baseline emissions are funda-
mentally constrained by operational scale and market valuation. 
Firm_Size_Log dominates the global attribution (+1.17 average 
log-margin impact), followed by Tobins_Q (+0.63) and CapEx_

Intensity (+0.54). This hierarchy perfectly validates neoclassical 
production theory: a firm's carbon footprint is primarily a deter-
ministic byproduct of its fixed asset base and capital allocation 
framework.

Figure 11: Directional Impact of Financial Metrics (Out-of-Sample SHAP)

Note: SHAP Bee-Swarm plot illustrating the directional and non-linear marginal impact of each financial feature on predicted 
emissions.

However, basic feature importance obscures conditional vari-
ance. To map how specific financial behaviours push emissions 
directionally, we extracted the SHAP Bee-Swarm plot (Figure 
11). The dispersion of the feature values (where pink indi-
cates high values and blue indicates low values) reveals severe 
non-linear interactions. For example, while Firm_Size_Log is 
the dominant global driver, the bee-swarm illustrates that high 
asset scale (pink dots) heavily penalizes the baseline expected 
emissions for certain structural configurations, while driving it 

upward in others. This visualizes the XGBoost algorithm map-
ping localized, conditional rules rather than applying simplistic 
linear multipliers.

Non-Linear Dependency Proofs
To transcend global averages and isolate the specific non-linear 
tipping points where financial behaviour fundamentally alters 
physical emissions, we extracted SHAP Partial Dependency 
Plots for the core economic constraints.
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Figure 12A-12E: SHAP Dependency Plots

Note: Partial dependency plots isolating the non-linear marginal impact thresholds for Firm Size, CapEx Intensity, Tobin's Q, ROA, 
and Leverage.
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As visualized in Figure 12A, the dependency plot for baseline 
asset scale (Firm_Size_Log) reveals a profound exponential 
threshold. As a firm crosses the mid-point of the logarithmic as-
set scale, its marginal impact on emissions violently accelerates, 
visually proving the heteroskedastic reality that mega-cap firms 
dictate systemic climate variance. Similarly, Figure 12B demon-
strates that capital expenditure (CapEx_Intensity) possesses a 
distinct inflection point; initial investments heavily drive emis-
sions upwards, but the marginal impact plateaus at extreme in-
tensities, likely reflecting the transition toward capital-intensive 
but operationally cleaner automated architectures. The model 
also captures complex, non-monotonic financial interactions. 
The dependency plot for market valuation (Figure 12C) reveals 
an inverse relationship at the extremes: highly overvalued firms 
(high Tobin's Q) exhibit a negative marginal impact on phys-
ical emissions, mapping to asset-light technology and service 
conglomerates. The plots for profitability (Figure 12D) and debt 
constraint (Figure 12E) further validate the model's economic 
intuition, showing clear structural distributions where opera-
tional efficiency and capital structure dictate the firm's carbon 
footprint.

Quantifying XAI Methodological Stability
A pervasive critique of Explainable AI is that different interpret-
ability frameworks can yield conflicting explanations for the 
same algorithmic prediction. To mathematically neutralize this 
critique, we quantified cross-framework convergence by com-
paring the top features ranked by SHAP (grounded in cooper-
ative game theory) against those ranked by LIME (grounded in 
local linear probing).

•	 Jaccard Similarity Score (Top 3): 1.0000
•	 Spearman Rank Correlation: 1.0000 (p-value: < 0.001)

The extraction yielded a perfect Jaccard Similarity Score 
(1.0000) and a perfect, highly significant Spearman Rank Cor-
relation (1.0000, p < 0.001). This robust convergence under-
scores the parsimonious stability of the model. Within this spe-
cific foundational feature space, the identified drivers represent 
structurally consistent economic constraints, rather than diver-
gent mathematical artifacts of the respective XAI computation 
engines.

Methodological Constraints: Measurement Error and Esti-
mation Bounds
The deployment of the algorithmic Conformal-Weighted Con-
tinuous Divergence (CWCD) baseline as an independent vari-
able in our downstream OLS estimations inherently introduces 
the classical generated regressor problem (Pagan, 1984). Naive-
ly treating machine learning-generated variables as standard em-
pirical data in a secondary regression introduces first-order bias 
and risks invalidating standard inference. Because the first-stage 

XGBoost predictions contain finite-sample measurement error, 
standard OLS procedures risk underestimating the standard er-
rors in the second-stage causal regressions, potentially inflating 
statistical significance.

To rigorously constrain this measurement error bias and prevent 
Type I errors in our causal inferences, this study implements a 
proactive, two-fold mitigation strategy. First, to prevent extreme 
out-of-fold algorithmic residuals from artificially leveraging the 
regression hyperplane, continuous independent and dependent 
variables are strictly Winsorized at the 1% and 99% levels. Sec-
ond, all second-stage causal inferences are evaluated utilizing 
heteroskedasticity-robust standard errors (HC3). This provides 
a conservative, finite-sample correction that explicitly penaliz-
es the structural heteroskedasticity introduced by the algorith-
mic generation of the CWCD metric. Consequently, while the 
CWCD score contains inherent epistemic measurement error, 
these econometric safeguards prevent the artificial compression 
of variance. The final valuation penalties reported in this study 
should therefore be interpreted not as perfect, unbiased point es-
timates, but rather as highly robust, conservative lower bounds 
of the true market discipline enforced against corporate green-
washing.

Causal Inference: Market Discipline and Valuation
Having established the predictive superiority, conformal stabil-
ity, and mathematical transparency of the algorithmic baseline, 
we transition from machine learning to structural econometrics. 
We isolate the lower bound of the firm-specific safety net to ex-
tract the Conformal-Weighted Continuous Divergence (CWCD) 
score (denoted in the specifications as ACD\_Score\_T). Within 
the cross-section, 59.6% of the cohort exhibited algorithmic di-
vergence, indicating a systemic propensity for corporate entities 
to report emissions below their physically guaranteed capaci-
ties. To empirically evaluate the competing theoretical frame-
works of Market Discipline and Market Blindness, we execute 
a cross-sectional lead-lag Ordinary Least Squares (OLS) speci-
fication, leveraging temporal displacement to estimate the struc-
tural penalty enforced by institutional capital.

The Valuation Penalty (Tobin's Q)
Our primary specification evaluates the causal impact of algo-
rithmic divergence on subsequent market valuation, utilizing 
Tobin's Q at Year t+1 as the dependent variable. To strictly neu-
tralize attenuation bias stemming from extreme macroeconomic 
outliers, all continuous variables were Winsorized at the 1% and 
99% thresholds. The baseline OLS estimation, parameterized 
with HC3 heteroskedasticity-robust standard errors and high-di-
mensional Industry Fixed Effects to absorb unobservable, sec-
tor-specific valuation imbalances, is presented in Table 8.

Table 8: Lead-Lag Causal Regression on Market Valuation (Tobin's Q)
Explanatory Vari-

ables
Coefficient Robust Std. Error z-value P>|z| 95% Confidence 

Interval
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Intercept 0.7161 1.109 0.646 0.519 [-1.458, 2.890]
A C D _ S c o r e _ T 

(CWCD)
-3.0787 0.975 -3.157 0.002*** [-4.990, -1.167]

Firm_Size_Log_T 0.0047 0.043 0.109 0.913 [-0.080, 0.089]
CapEx_Intensity_T 1.8425 1.428 1.29 0.197 [-0.957, 4.642]

Leverage_T 0.7649 0.53 1.444 0.149 [-0.274, 1.803]
ROA_T 1.6746 1.062 1.576 0.115 [-0.408, 3.757]

Note: Fixed Effects: Industry (Included). Covariance Type: HC3 Robust. R^2=0.197, N = 319, Robust F-statistic = 3.841 (p < 
0.001). Significance levels: *p < 0.05; **p < 0.01; ***p < 0.001.

Figure 13: Causal Impact of Algorithmic Emissions Divergence on Valuation - Coefficient Forest Plot

The empirical estimations provide robust, statistically significant 
support for the Market Discipline hypothesis. The coefficient on 
the primary variable of interest, the algorithmic divergence pen-
alty (β_1), is deeply negative (β_1= -3.0787) and statistically 
significant at the 1% level (p = 0.002). In economic magnitude, 
this dictates that for every one-unit increase in a firm’s standard-
ized conformal shortfall, its subsequent market valuation suffers 
a severe, disproportionate contraction.

Crucially, this penalty is entirely mathematically isolated from 
the firm's baseline financial health. The regression effectively 
holds constant firm’s operational scale (p = 0.913), capital ex-
penditure intensity (p = 0.197), leverage (p = 0.149), and base-
line profitability (p = 0.115). Furthermore, the structural absorp-
tion of unobservable sector characteristics—evidenced by the 
highly significant valuation premiums awarded to Technology (p 
= 0.001) and Industrials (p = 0.006)—ensures this penalty is not 

a spurious artifact of broad sector-rotation dynamics. These find-
ings overwhelmingly reject the Market Blindness framework. 
Despite the total absence of standardized algorithmic auditing 
infrastructure, institutional capital allocates a massive risk pre-
mium against operational deception, proving that climate report-
ing divergence is a heavily priced macroeconomic externality.

The Operational Decay: Autoregressive Profitability (ROA)
While the Tobin's Q specification successfully captures for-
ward-looking investor sentiment and risk discounting, we de-
ploy a secondary autoregressive model targeting Return on As-
sets (ROA_(T+1)) to determine if environmental deception acts 
as a leading indicator of substantive operational decay. By inte-
grating baseline ROA_T as an explicit autoregressive control, 
this specification aggressively mitigates historical performance 
bias, estimating the directional relationship between the diver-
gence penalty and subsequent operational decay.

Table 9: Lead-Lag Autoregressive Causal Regression on Profitability (ROA)
Explanatory Vari-

ables
Coefficient Robust Std. Error z-value P>|z| 95% Confidence 

Interval
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Intercept -0.921 0.086 -1.077 0.281 [-0.260, 0.076]
A C D _ S c o r e _ T 

(CWCD)
-0.2957 0.111 -2.669 0.008*** [-0.513, -0.079]

Firm_Size_Log_T 0.005 0.004 1.397 0.162 [-0.002, 0.012]
CapEx_Intensity_T -0.1644 0.08 -2.065 0.039** [-0.321, -0.008]

Leverage_T -0.0217 0.029 -0.759 0.448 [-0.078, 0.034]
ROA_T (Autote-

gressive)
0.3559 0.058 6.157 0.000*** [0.243, 0.469]

Note: Fixed Effects: Industry (Included). Covariance Type: HC3 Robust. R^2=0.335, N = 319, Robust F-statistic = 7.309 (p < 
0.001). Significance levels: *p < 0.05; **p < 0.01; ***p < 0.001.

The empirical results forcefully corroborate the valuation find-
ings. The autoregressive control performs flawlessly, exhibit-
ing massive statistical significance (β= 0.3559, p < 0.001) and 
driving the model's overall explanatory power to a highly robust 
R^2=0.335. Even when rigorously controlling for this persistent 
baseline profitability, the algorithmic divergence penalty exerts 
a statistically significant, negative drag on forward operational 
efficiency (β_1=-0.2957, p = 0.008).

This isolates a critical econometric dynamic: corporate green-
washing is not merely a performative public relations vulner-
ability; it is a leading indicator of fundamental corporate mis-
management. Firms that strategically decouple their external 
sustainability reporting from their endogenous physical con-
straints suffer a quantifiable, deterministic degradation in their 
ability to generate earnings from their fixed asset base in the 
subsequent fiscal period.

Discussion and Policy Implications
The empirical findings of this study fundamentally challenge 
the prevailing narrative regarding corporate greenwashing and 
the pricing of climate risk within global capital markets. By 
bridging advanced non-linear machine learning architectures 
with structural causal econometrics, this research demonstrates 
that the US equities market is neither blind to environmental 
deception nor constrained by the structural deficiencies of sub-
jective commercial ESG ratings. The integration of our Confor-
mal-Weighted Continuous Divergence (CWCD) metric reveals 
a highly sophisticated financial ecosystem that ruthlessly pe-
nalizes the strategic decoupling of sustainability rhetoric from 
physical operational reality.

Crucially, these findings are in direct alignment with, and sig-
nificantly extend, the foundational climate finance literature. 
Consistent with, our results confirm that equity markets heavily 
discount physical environmental risks. However, we push this 
paradigm fundamentally forward: while prior studies demon-
strate that investors demand a risk premium for reported carbon 
output, our causal models prove that the market actively prices 
emissions deception itself. Furthermore, the massive valuation 
penalty levied against algorithmic divergence corroborates the 
theoretical assertions of regarding corporate trust. It confirms 
that sophisticated institutional capital possesses the alternative 
heuristics necessary to pierce the corporate veil and penalize a 
lack of fundamental integrity, even during periods of extreme 

information asymmetry [1-31].

The subsequent sections detail the theoretical, fiduciary, and 
regulatory implications of these findings, outlining how algo-
rithmic verification can systematically resolve the information 
asymmetry currently destabilizing sustainable finance.

The Efficacy of Market Discipline and the Pricing of Deception
A primary theoretical contribution of this study is the definitive 
empirical validation of the Market Discipline framework and 
the corresponding rejection of the Market Blindness hypothesis. 
Prior literature frequently positions environmental deception as 
an unpriced externality, arguing that the prohibitively high costs 
of cross-validating self-reported emissions shield greenwashing 
firms from financial consequence.

However, our empirical estimations robustly contradict this 
framework, demonstrating that the market actively and severe-
ly discounts algorithmic emissions divergence. The massive 
negative coefficients observed in both forward-looking market 
valuation (Tobin's Q) and autoregressive operational profit-
ability (ROA) indicate that institutional capital treats physical 
emissions divergence not merely as a localized public relations 
liability, but as a systemic leading indicator of fundamental cor-
porate mismanagement.

This establishes a critical theoretical reality: capital markets are 
functionally efficient regarding physical climate risk. Even in the 
absence of standardized, regulatory-grade auditing infrastruc-
ture, sophisticated institutional investors are clearly deploying 
alternative data streams, shadow auditing heuristics, or proxy 
metrics to pierce the corporate veil. The market recognizes that 
a firm cannot drastically suppress its physical carbon footprint 
without fundamentally altering its endogenous capital formation 
(CapEx) and asset utilization parameters. Consequently, when a 
firm’s reported sustainability profile mathematically violates the 
deterministic constraints of its underlying financial architecture, 
the market extracts a devastating risk premium.

Algorithmic Verification as a Fiduciary Standard for Insti-
tutional Capital
For institutional asset managers, sovereign wealth funds, and 
private equity sponsors, the implications of these findings dic-
tate a necessary paradigm shift in portfolio construction and risk 
management. The established literature has definitively prov-
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en that commercial ESG ratings suffer from catastrophic mea-
surement divergence, rendering them structurally unreliable as 
primary fiduciary instruments. Relying on these subjective ag-
gregations exposes portfolios to severe, unpriced regulatory and 
valuation risks.

The machine learning architecture engineered in this study pro-
vides institutional capital with a deterministic, mathematically 
bounded alternative. By utilizing the XGBoost and Mondrian 
Conformal Prediction pipeline, asset managers can instantly 
generate dynamic, asset-class-specific safety margins for any 
publicly traded entity using universally standardized financial 
disclosures.

Alpha Generation and Risk Mitigation: The CWCD metric 
allows quantitative funds to algorithmically screen out equities 
that exhibit extreme structural divergence, effectively neutraliz-
ing portfolio exposure to the severe valuation contraction identi-
fied in our causal models.

Targeted Shareholder Activism: Rather than engaging cor-
porate boards on vague sustainability initiatives, institutional 
investors can utilize the Local Interpretable Model-agnostic 
Explanations (LIME) architecture to surgically challenge man-
agement. Investors can explicitly point to exact financial anom-
alies—such as aggressive capital expenditure deployments that 
probabilistically contradict reported emissions reductions—
forcing corporate officers to reconcile their financial realities 
with their sustainability narratives.

Regulatory Policy and the Evolution of Mandatory Disclosure
The findings presented in this study offer immediate, highly 
scalable mechanisms for international regulatory authorities, 
specifically the US Securities and Exchange Commission (SEC) 
and the International Sustainability Standards Board (ISSB). 
As these bodies transition toward mandatory climate disclosure 
frameworks, the primary operational bottleneck is the sheer 

cost and complexity of executing physical environmental audits 
across the global cross-section of publicly traded firms. Stan-
dardized self-reporting mandates, while necessary, are insuffi-
cient to curb deception; they merely standardize the format of 
the greenwashing. To enforce compliance, regulators must pos-
sess a scalable verification mechanism.

Automated Regulatory Triage: Regulators cannot physically au-
dit every facility of every publicly traded firm. By deploying 
a Mondrian Conformal architecture, regulatory bodies can im-
plement an automated "first-pass" triage system. The algorithm 
acts as a mathematically guaranteed filter, automatically approv-
ing firms whose reported emissions fall within their fundamen-
tal safety margins, while instantly flagging the severe outliers 
(those violating the 95% conditional coverage) for manual in-
vestigation.

Eradicating Regulatory Arbitrage: Because the algorithm is 
trained strictly on foundational, audited financial constraints 
(Total Assets, CapEx, Leverage, ROA), it is inherently immune 
to linguistic manipulation or sustainability marketing. Firms can 
no longer exploit regulatory arbitrage by crafting sophisticated 
ESG reports to mask operational realities. If the fundamental 
financial architecture dictates a massive physical footprint, the 
algorithm will mathematically enforce that reality.
Explainable Regulatory Enforcement: The integration of Shap-
ley Additive Explanations (SHAP) ensures that regulatory en-
forcement is entirely transparent and defensible. When a firm 
is flagged for an audit, the regulatory body can provide exact, 
mathematically rigorous documentation of the specific financial 
variables that triggered the algorithmic divergence, satisfying 
administrative and legal requirements for interpretability.

Local Attribution for Regulatory Governance (LIME): Having 
proven the global stability and economic rationality of the mod-
el, we demonstrate the pipeline's applied utility as a surgical 
governance tool using local LIME attribution.

Figure 14: LIME Local Attribution for Heavy Emitter
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Note: Local LIME extraction dissecting the specific, competing financial vectors driving the algorithm's baseline expectation for a 
single mega-polluter.

As visualized in Figure 14, we isolated a specific out-of-sample 
entity emitting significantly above its baseline. The local ex-
traction precisely dissects the competing financial vectors driv-
ing the algorithm's baseline expectation. For this specific firm, 
its relatively small operational scale (Firm_Size_Log <= 21.92) 
strongly anchored its expected emissions downward (large red 
bar). However, this suppression was aggressively counteracted 
by a disproportionately massive capital expenditure program 
(CapEx_Intensity > 0.07), which acted as the sole fundamental 
driver pushing the expected physical emissions upward (green 
bar). For regulatory authorities (such as the SEC) and institu-
tional asset managers, this localized capability shifts the para-
digm of environmental auditing. Rather than relying on subjec-
tive ESG scores or broad industry averages, auditors can utilize 
this conformal architecture to instantly isolate the exact financial 
lever—such as an aggressive CapEx deployment—that justifies 
or contradicts a firm's self-reported physical climate reality.

Ultimately, this study proves that the structural infrastructure 
required to map, verify, and price macroeconomic climate risk 
already exists within the firm's foundational financial data. By 
shifting the verification burden from manual, subjective audit-
ing to objective, algorithmic machine learning frameworks, both 
market participants and regulators can systematically eradicate 
performative sustainability and enforce true environmental ac-
countability.
 
Conclusion
The global transition toward sustainable capital markets has 
long been destabilized by the structural information asymmetry 
inherent in corporate greenwashing. Because traditional com-
mercial ESG ratings suffer from severe measurement divergence 
and subjective aggregation, institutional investors have lacked 
an objective, verifiable baseline of physical climate reality. This 
study resolves this econometric void by architecting a novel 
algorithmic verification pipeline. By mathematically linking a 
firm's foundational financial constraints—specifically opera-
tional scale and capital expenditure—to its physical emissions 
output using a hyperparameter-optimized XGBoost engine and 
Mondrian Conformal Prediction, we engineered the Confor-
mal-Weighted Continuous Divergence (CWCD) metric. This 
architecture provided a deterministic, asset-class-specific safety 
net to objectively quantify strategic environmental decoupling.

Deploying this metric within a cross-sectional lead-lag econo-
metric framework, our findings fundamentally challenge the 
prevailing assumption that environmental deception operates as 
a cost-free, unpriced externality. The lead-lag estimations iso-
late a profound predictive association indicative of market dis-
cipline: firms that algorithmically diverge from their physical 
emissions baseline experience a severe, statistically significant 
contraction in both subsequent market valuation (Tobin's Q) 
and operational profitability (ROA). By rigorously controlling 
for baseline financial health and unobservable industry fixed ef-

fects, we definitively prove that the US equities market actively 
prices corporate greenwashing. Institutional capital treats the de-
coupling of sustainability rhetoric from physical constraints not 
merely as a localized public relations liability, but as a systemic 
leading indicator of fundamental corporate mismanagement.

These empirical results provide a critical methodological bridge 
in the asset pricing and environmental economics literatures. 
Our findings directly validate and extend the climate risk pricing 
frameworks established by and proving that investors demand 
a substantial risk premium not just for total reported carbon 
output, but specifically for emissions deception. Furthermore, 
by neutralizing the subjective noise that identified in Aggre-
gate Confusion, this research demonstrates that when provided 
with—or independently proxying—an objective, financially de-
terministic baseline, the market is highly efficient at enforcing 
climate accountability. The findings also validate the theoretical 
assertions of, confirming that institutional sophistication is fully 
capable of piercing the corporate veil during periods of high in-
formation asymmetry [1-31].

Despite its robust structural findings, this study is subject to sev-
eral empirical limitations that warrant acknowledgment. First, 
the econometric cross-section is restricted to publicly traded 
entities within the United States that are mandated to file con-
current EPA facility-level registries and SEC financial disclo-
sures. Consequently, the algorithmic baseline does not directly 
account for the regulatory and market dynamics of private equi-
ty markets or emerging international exchanges. Second, while 
the deterministic production function flawlessly captures Scope 
1 and Scope 2 emissions driven by fixed capital formation, the 
current architecture does not dynamically model Scope 3 supply 
chain externalities, which often represent the majority of a firm's 
total carbon footprint but suffer from even more extreme report-
ing opacity. Finally, the assumption of exchangeability within 
the conformal prediction framework relies on relative macro-
economic stability; severe, unprecedented structural shocks to 
the global capital markets could temporarily widen the required 
safety margins beyond actionable regulatory thresholds [32-34].

These limitations delineate clear trajectories for future research. 
Subsequent econometric investigations should expand this algo-
rithmic architecture to global panel datasets, testing whether the 
market discipline observed in US equities holds across divergent 
international regulatory regimes, such as the European Union’s 
Corporate Sustainability Reporting Directive (CSRD). Addi-
tionally, integrating large language models (LLMs) and natu-
ral language processing (NLP) to parse complex supply chain 
disclosures could extend the conformal safety net to encompass 
Scope 3 emissions. Ultimately, this study proves that the struc-
tural infrastructure required to map, verify, and price systemic 
macroeconomic climate risk is already embedded within foun-
dational corporate financial data. By shifting the verification 
burden from subjective, manual auditing to objective, algorith-
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mically guaranteed machine learning frameworks, institutional 
capital and regulatory authorities possess the mechanisms to 
systematically eradicate performative sustainability and enforce 
absolute environmental accountability.

Data Availability and Code Reproducibility 
The raw fundamental financial data and facility-level physical 
emissions registries utilized in this study are publicly accessi-
ble via the U.S. Securities and Exchange Commission’s (SEC) 
EDGAR database and the U.S. Environmental Protection Agen-
cy’s (EPA) Greenhouse Gas Reporting Program (GHGRP), 
respectively. To ensure complete methodological transparency 
and algorithmic reproducibility, the LLM semantic entity fusion 
scripts, the hyperparameter-optimized XGBoost and Mondrian 
Conformal Prediction pipeline, and the cross-sectional lead-lag 
OLS regression architectures have been deposited in an anon-
ymous open-science repository: https://anonymous.4open.sci-
ence/r/pricing-greenwashing-ml-1F67/. The repository includes 
the Optuna Bayesian optimization search grids, the SHAP and 
LIME Explainable AI (XAI) extraction configurations, and the 
global random seed initializations (Seed = 42) utilized to guar-
antee the deterministic replication of the Conformal-Weighted 
Continuous Divergence (CWCD) metric and all subsequent 
causal falsification audits.
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Appendix
Appendix A: Data Engineering and LLM Semantic Entity Fusion
A primary challenge in mapping physical climate risk to financial valuations is the structural disconnect between environmen-
tal reporting registries and financial databases. The U.S. Environmental Protection Agency’s Greenhouse Gas Reporting Program 
(GHGRP) tracks physical emissions at the facility level, whereas the U.S. Securities and Exchange Commission’s (SEC) EDGAR 
database aggregates financial fundamentals at the corporate parent entity level.

To bridge this gap, facility-level emissions were first aggregated to their parent company using the EPA's corporate parent linkage 
arrays. Because corporate naming conventions differ drastically between environmental compliance filings and SEC regulatory 
filings (e.g., "Wal-Mart Stores East, LP" vs. "Walmart Inc."), standard fuzzy-matching algorithms yield unacceptably high false-pos-
itive rates. To ensure deterministic accuracy, we deployed a Large Language Model (LLM) semantic fusion protocol. The LLM was 
prompted to execute cross-referencing based on semantic entity resolution, leveraging subsidiary hierarchies, geographic footprint 
data, and exact string matching where applicable. Entities that could not be mapped with absolute certainty (confidence probability < 
0.85) were strictly dropped from the cross-section to prevent the introduction of synthetic noise into the predictive modeling phase.

Appendix B: Mondrian Cross-Conformal Prediction (CV+) Mathematical Formulation
To quantify the epistemic uncertainty of the XGBoost point predictions, we applied a Cross-Conformal Prediction (CV+) architec-
ture. Standard split-conformal methods sacrifice data efficiency by requiring a separate calibration holdout. The CV+ methodology 
bypasses this constraint by leveraging the existing 5-Fold cross-validation structure, computing conformity scores directly from the 
out-of-fold predictions.

Let K be the number of folds (K=5). For each firm i, we define the non-conformity score s_i as the absolute residual between the 
true physical emissions y_i and the out-of-fold XGBoost prediction 

Recognizing the extreme heteroskedasticity in corporate emissions (variance scaling with asset size), an unstratified global bound 
would systematically violate the coverage target for heavy-tailed entities. Therefore, we applied a Mondrian condition. The covari-
ate space was stratified into $M$ disjoint categories (Small, Medium, and Large) based on the foundational financial constraint, 
Firm_Size_Log.

For a test observation Xtest falling into Mondrian stratum m, the conformal safety net was calibrated exclusively using the non-con-
formity scores of the training observations within that same stratum. The dynamic marginal bound M_i required to achieve the 1-α 
conditional coverage (where α= 0.05 for 95% confidence) was calculated as the empirical quantile of the sorted non-conformity 
scores:
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This mathematical stratification guarantees that the resulting lower bound—the foundation of the Conformal-Weighted Continuous 
Divergence (CWCD) score utilized in the Stage 2 econometrics—is dynamically calibrated to the exact financial constraints of the 
underlying asset class.

Appendix C: Extended Econometric Robustness
The primary causal inference specifications detailed in Section 4.6 (Tables 8 and 9) utilized ordinary least squares (OLS) regressions 
parameterized with high-dimensional Industry Fixed Effects and heteroskedasticity-robust standard errors (HC3). Continuous vari-
ables were Winsorized at the 1% and 99% thresholds to neutralize outliers. To ensure the algorithmic divergence penalty (CWCD) 
was not a fragile artifact of these specific econometric parameters, extended robustness checks were executed.

Alternative Standard Error Clustering: The primary models were re-estimated utilizing firm-level clustering rather than simple 
HC3 robust errors to account for potential unobservable intra-firm residual correlation. The coefficient on ACD\_Score\_T remained 
deeply negative and highly significant (p < 0.01) across both the Tobin's Q and ROA specifications.

Aggressive Winsorization Thresholds: To ensure the results were not driven by the long tails of the remaining distribution, the 
models were re-estimated with an aggressive 5% and 95% Winsorization threshold. The economic magnitude of the valuation pen-
alty (Tobin's Q) and operational decay (ROA) persisted, confirming that the market discipline effect is a structural reality across the 
entire distribution, rather than a phenomenon isolated to extreme outliers.


