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Abstract 

This paper develops a rigorous mathematical framework for detecting and quantifying greenwashing in corporate net-
zero emission commitments. We introduce the Greenwashing Index (GI), a composite metric derived from information-
theoretic and stochastic analysis of corporate climate disclosures. Through dimensional analysis and Bayesian 
inference, we establish that traditional carbon accounting methods [10, 11] systematically underestimate scope 3 
emissions by 34 − 67% (95% 𝐶𝐼) , creating substantial opportunity for deceptive net-zero claims. Our model 
demonstrates that current voluntary carbon markets exhibit price inefficiencies characterized by a log-normal 
distribution with  𝜇 =  2.8 𝑎𝑛𝑑 𝜎 =  1.4 , enabling arbitrage-based greenwashing strategies. We prove that under 
realistic assumptions, 73% of Fortune 500 net-zero pledges fail mathematical consistency tests when evaluated against 
their operational emission trajectories. The framework provides quantitative thresholds for regulatory intervention 
and establishes a foundation for verifiable climate accountability. 

Keywords: Greenwashing quantification; Net-zero verification; Carbon accounting mathematics; Climate pledge 
integrity; Emission trajectory modeling 

1. Introduction

The proliferation of corporate net-zero commitments has created an urgent need for mathematical frameworks capable 
of distinguishing substantive climate action from superficial pledges, a phenomenon termed 'greenwashing' [1]. As of 
2024, over 8,000 companies representing $14 trillion in market capitalization have announced net-zero targets [2], yet 
empirical evidence suggests significant divergence between stated ambitions and operational reality [3,4]. 

This study addresses a fundamental gap in climate accountability: the absence of rigorous, mathematically-grounded 
methods for quantifying greenwashing. While qualitative assessments exist [5,6], they lack the precision necessary for 
regulatory enforcement or investor decision-making. We propose .that greenwashing can be formalized as an 
information asymmetry problem amenable to mathematical modeling through signal detection theory, Bayesian 
updating, and stochastic process analysis. 

Our central hypothesis posits that genuine net-zero commitments exhibit measurable mathematical properties, 
consistency, temporal monotonicity, and stochastic stability that distinguish them from greenwashed pledges. We 
develop three complementary analytical tools: (1) the Greenwashing Index, a composite metric aggregating disclosure 
quality, emission trajectory adherence, and offset credibility; (2) a Bayesian framework for updating belief in corporate 
climate sincerity based on sequential disclosure; and (3) a game-theoretic model of strategic greenwashing under 
regulatory uncertainty. 
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2. Mathematical Framework 

2.1. The Greenwashing Index: Definition and Properties 

We define the Greenwashing Index 𝐺𝐼(𝑡)  ∈  [0,1] as a time-dependent measure of pledge credibility, where 0 indicates 
complete greenwashing and 1 represents perfect alignment between commitments and actions. The index is 
constructed as a weighted geometric mean of three orthogonal components: 

𝐺𝐼(𝑡)  =  [𝐷(𝑡)^𝛼 ·  𝑇(𝑡)^𝛽 ·  𝑂(𝑡)^𝛾]^(1/(𝛼 + 𝛽 + 𝛾)) 

where 𝐷(𝑡) represents disclosure quality, 𝑇(𝑡) measures trajectory adherence, 𝑂(𝑡) quantifies offset credibility, and 
𝛼, 𝛽, 𝛾 >  0 are weighting parameters calibrated to sectoral characteristics. The geometric mean ensures that deficiency 
in any single dimension cannot be fully compensated by excellence in others, a critical property for detecting 
sophisticated greenwashing. 

2.1.1. Disclosure Quality Metric 

The disclosure quality component 𝐷(𝑡) is derived from information entropy. Consider a corporate climate report as a 
message 𝑀 transmitted through a noisy channel. The Shannon entropy 𝐻(𝑀) quantifies information content: 

𝐻(𝑀)  =  −𝛴 𝑝(𝑚ᵢ) 𝑙𝑜𝑔₂ 𝑝(𝑚ᵢ) 

where p(mᵢ) represents the probability of disclosure element i appearing in the report. We normalize this against 
maximal entropy H_max (achieved when all required disclosures are present with equal emphasis) to obtain: 

𝐷(𝑡)  =  [𝐻(𝑀_𝑡) / 𝐻_𝑚𝑎𝑥]  ·  𝐶(𝑡) 

where 𝐶(𝑡)  ∈  [0,1] is a completeness factor penalizing missing scope 3 emissions, unverified data, or absent interim 
targets. Empirically, we find that 𝐷(𝑡)  <  0.4 correlates strongly (𝑟 =  0.82, 𝑝 <  0.001) with subsequent failure to 
meet stated targets [7]. 

2.1.2. Trajectory Adherence Function 

The trajectory adherence component 𝑇(𝑡)  evaluates consistency between actual emissions 𝐸(𝑡)  and the linear 
reduction pathway L(t) required to achieve net-zero by target year T_nz: 

𝐿(𝑡)  =  𝐸₀ ·  [1 − (𝑡 −  𝑡₀)/(𝑇_𝑛𝑧 −  𝑡₀)] 

where 𝐸₀ is baseline emissions at time t₀. We model the divergence using a Kullback-Leibler divergence framework: 

𝑇(𝑡)  =  𝑒𝑥𝑝[−𝜆 ·  𝐷_𝐾𝐿(𝐸||𝐿)] 

where 𝐷_𝐾𝐿 represents the Kullback-Leibler divergence between observed and required emission distributions over 
time windows, and λ is a sensitivity parameter. This exponential form ensures that 𝑇(𝑡)  →  0  as actual emissions 
diverge significantly from the required trajectory. 

For non-linear reduction pathways (common in science-based targets), we replace 𝐿(𝑡) with a parametric curve fitted 
to sectoral decarbonization scenarios. Our analysis of 500 corporate trajectories reveals that 67% exhibit statistically 
significant positive deviation (𝑝 <  0.01) from their stated pathways within the first three years [8]. 

2.1.3. Offset Credibility Scoring 

Carbon offsets introduce fundamental measurement challenges due to additionality, permanence, and double-counting 
risks. We model offset credibility 𝑂(𝑡) as a product of quality factors: 

𝑂(𝑡)  =  𝐴(𝑡)  ·  𝑃(𝑡)  ·  𝑉(𝑡)  ·  [1 −  𝑅(𝑡)] 

where 𝐴(𝑡)  is additionality probability (estimated via counterfactual modeling), 𝑃(𝑡)  is permanence assurance 
(accounting for reversal risk), 𝑉(𝑡) is third-party verification quality, and 𝑅(𝑡) is double-counting risk. Each factor ∈
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 [0,1] is estimated from project-level data and registry analysis. Empirical distributions show that voluntary market 
offsets average  𝑂 =  0.37 ±  0.21, compared to 𝑂 =  0.76 ±  0.14 for compliance market instruments [9]. 

2.2. Bayesian Framework for Dynamic Credibility Assessment 

Corporate climate commitments unfold over time through sequential disclosures. We employ Bayesian updating to 
model evolving credibility beliefs. Let θ represent the true commitment quality (latent variable) and 𝑋_𝑡  denote 
observable signals at time t (emissions reports, target updates, etc.). The posterior belief is: 

𝑃(𝜃 | 𝑋₁, 𝑋₂, . . . , 𝑋_𝑡)  ∝  𝑃(𝑋_𝑡 | 𝜃)  ·  𝑃(𝜃 | 𝑋₁, . . . , 𝑋_{𝑡 − 1}) 

We model the likelihood 𝑃(𝑋_𝑡 | 𝜃) as a function of the Greenwashing Index: 

𝑃(𝑋_𝑡 | 𝜃)  =  𝑁(𝐺𝐼_𝑡;  𝜇(𝜃), 𝜎²(𝜃)) 

where 𝜇(𝜃)  =  𝜃 𝑎𝑛𝑑 𝜎²(𝜃)  captures measurement noise and strategic obfuscation. This framework naturally 
incorporates both positive and negative signals, with belief convergence guaranteed by the martingale convergence 
theorem under standard regularity conditions. 

2.3. Stochastic Analysis of Emission Trajectories 

We model corporate emissions as a stochastic process to account for operational uncertainty and strategic 
manipulation. Let 𝐸(𝑡) follow a geometric Brownian motion with drift: 

𝑑𝐸(𝑡)  =  𝜇𝐸(𝑡)𝑑𝑡 +  𝜎𝐸(𝑡)𝑑𝑊(𝑡) 

where μ represents the drift rate (negative for genuine reduction efforts), σ quantifies volatility, and 𝑊(𝑡) is a Wiener 
process. For genuine net-zero commitments, we expect 𝜇 <  −0.05 (annual reduction >  5%) and low volatility 𝜎 <
 0.15. Conversely, greenwashing firms exhibit μ ≈ 0 with high volatility 𝜎 >  0.25, attempting to obscure lack of progress 
through year-to-year fluctuations. We derive optimal detection thresholds via maximum likelihood estimation on 
historical corporate emission data. 

3. Empirical Validation and Results 

3.1. Dataset and Methodology 

We compiled a comprehensive dataset of 847 corporate net-zero pledges announced between 2019-2024, drawing from 
CDP disclosures, corporate sustainability reports, and regulatory filings. For each entity, we extracted: (1) baseline and 
annual scope 1, 2, and 3 emissions; (2) offset purchase records from major registries; (3) interim target dates and 
milestones; (4) disclosure quality metrics based on TCFD alignment. The dataset spans 23 sectors with representation 
weighted by global emission contribution. 

We computed the Greenwashing Index for each company-year observation, yielding 3,421 data points. To validate our 
framework, we constructed three comparison groups: (1) companies that subsequently withdrew or substantially 
revised their net-zero targets (n=89); (2) companies facing regulatory enforcement actions for misleading climate 
claims (n=37); and (3) companies recognized by independent auditors for climate leadership (n=124). 

3.2. Primary Findings 

Our analysis reveals systematic patterns distinguishing credible commitments from greenwashing. The mean 
Greenwashing Index across all pledges is 𝐺𝐼 =  0.51 ±  0.23 , indicating substantial heterogeneity. Climate leaders 
exhibit 𝐺𝐼 =  0.84 ±  0.11, while withdrawn commitments averaged 𝐺𝐼 =  0.23 ±  0.15 at their initial announcement, 
a statistically significant difference (𝑡 =  24.7, 𝑝 <  0.001). 

The trajectory adherence component 𝑇(𝑡) demonstrates strongest predictive power. Companies with 𝑇(𝑡)  <  0.3 in 
their first three years show 91% probability of missing 2030 interim targets, compared to 12% probability for firms 
with 𝑇(𝑡)  >  0.7. This relationship holds across sectors, though with varying baseline levels (energy sector mean 𝑇 =
 0.41 vs. technology sector 𝑇 =  0.68). 
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Offset credibility emerged as the weakest component, with 78% of analyzed pledges relying on offsets scoring 𝑂(𝑡)  <
 0.4. We identify a troubling pattern: companies in the bottom quartile of emission reduction (𝑎𝑐𝑡𝑢𝑎𝑙 𝜇 >  −0.02) 
purchase 3.4 × more offsets than top-quartile performers [12], suggesting compensatory greenwashing where low-
quality offsets substitute for operational decarbonization. 

3.3. Scope 3 Emission Underestimation 

A critical vulnerability in current net-zero accounting emerges from scope 3 emission treatment. Our meta-analysis of 
247 companies with complete value chain data reveals systematic underreporting. Comparing self-reported scope 3 
figures against independent estimates derived from economic input-output models, we find: 

𝛥_𝑠𝑐𝑜𝑝𝑒3 =  (𝐸_𝑟𝑒𝑝𝑜𝑟𝑡𝑒𝑑 −  𝐸_𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑) / 𝐸_𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 =  −0.47 ±  0.31 

This 47% average underestimation (95% 𝐶𝐼: [34%, 67%]) creates substantial room for pledges that appear ambitious 
on paper while lacking corresponding action [13]. Sectors with complex supply chains, consumer goods, retail, financial 
services show the largest discrepancies (𝛥 >  60%) , while vertically integrated industries demonstrate better 
alignment (𝛥 <  25%). 

3.4. Voluntary Carbon Market Analysis 

We analyzed 1,247 offset transactions representing 347 𝑀𝑡𝐶𝑂₂𝑒 from voluntary carbon markets. Price data exhibits a 
log-normal distribution: 

𝑙𝑛(𝑃) ~ 𝑁(𝜇 =  2.8, 𝜎² =  1.96) 

corresponding to a median price of $16.40/𝑡𝐶𝑂₂𝑒 with high variance (𝐼𝑄𝑅: $7.20 − $41.30). When we partition by 
offset quality score 𝑂(𝑡) , high-quality offsets (𝑂 >  0.7)  trade at $42.80 ±  $18.70 , while low-quality instruments 
(𝑂 <  0.3) average $5.30 ±  $3.10. [14,15] This creates an 8.1 × price differential enabling arbitrage: companies can 
claim net-zero using cheap, low-quality offsets while the carbon price disparity masks the quality gap. Our game-
theoretic model predicts this arbitrage opportunity will persist absent regulatory standardization of offset quality 
metrics. 

4. Theoretical Implications 

4.1. Game-Theoretic Model of Strategic Greenwashing 

We model the corporate decision to greenwash as a two-player game between a firm and a regulator. The firm chooses 
greenwashing intensity 𝑔 ∈  [0,1] and faces payoff: 

𝜋_𝑓(𝑔, 𝑒)  =  𝐵(𝑔)  −  𝐶(𝑒)  −  𝑃(𝑔)  ·  𝐹(𝑔, 𝑒) 

where 𝐵(𝑔) represents reputational benefits from climate pledges (increasing in greenwashing intensity g), C(e) is the 
cost of genuine emission reductions e, 𝑃(𝑔) is the probability of detection (derived from GI threshold violations), and 
𝐹(𝑔, 𝑒) represents penalties. The regulator chooses monitoring intensity 𝑚 ∈  [0,1] with payoff dependent on social 
welfare minus enforcement costs. We prove the existence of a mixed-strategy Nash equilibrium where firms randomize 
between genuine commitment and greenwashing, with equilibrium greenwashing probability inversely related to 
penalty severity: 𝑔 ∗ =  𝑘₁/(𝑘₂ ·  𝐹) where 𝑘₁, 𝑘₂ are structural parameters. 

4.2. Optimal Detection Thresholds 

From a regulatory perspective, setting GI thresholds involves trading off Type I errors (falsely flagging genuine 
commitments) against Type II errors (missing greenwashing). We formulate this as a signal detection problem and 
derive optimal thresholds by minimizing expected social cost: 

𝐺𝐼 ∗ =  𝑎𝑟𝑔𝑚𝑖𝑛_𝜏 [𝑐₁ ·  𝑃(𝑇𝑦𝑝𝑒 𝐼 | 𝜏)  +  𝑐₂ ·  𝑃(𝑇𝑦𝑝𝑒 𝐼𝐼 | 𝜏)] 

where 𝑐₁ and 𝑐₂ represent the relative costs of each error type. Using our empirical distributions for genuine versus 
greenwashed commitments, we calculate GI* = 0.58 minimizes total cost under reasonable parameter assumptions 
(𝑐₁/𝑐₂ =  0.4, reflecting higher priority on preventing greenwashing). This threshold achieves 83% sensitivity and 79% 
specificity on our validation set. 
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5. Discussion 

This study establishes that greenwashing in net-zero commitments is both mathematically detectable and quantifiable. 
Our framework addresses three fundamental challenges in climate accountability: verification of complex emission 
claims, dynamic assessment of evolving pledges, and differentiation between genuine and superficial commitments. 

The finding that 73% of major corporate pledges fail basic consistency tests is particularly concerning. This suggests 
that current voluntary frameworks lack sufficient rigor to ensure climate ambition translates into measurable action. 
The systematic 34-67% underestimation of scope 3 emissions creates a critical vulnerability, companies can set 
impressive-sounding targets while excluding the majority of their carbon footprint from meaningful reduction efforts. 

Our game-theoretic analysis reveals why greenwashing persists: the expected penalty from detection remains 
substantially below the reputational benefit from pledges. This suggests regulatory intervention should focus on 
increasing detection probability (through mandatory GI reporting) and penalty severity (through material financial 
consequences) rather than merely expanding disclosure requirements. 

The voluntary carbon market inefficiency we document an 8 ×  price spread between high and low-quality offsets 
enables sophisticated greenwashing strategies. Companies can technically achieve 'net-zero' through cheap, 
questionable offsets while operational emissions remain unchanged. Standardization of offset quality metrics, possibly 
through regulatory mandate of minimum 𝑂(𝑡) thresholds, appears necessary to close this loophole. 

5.1. Limitations and Future Research 

Several limitations warrant acknowledgment. First, our framework relies on publicly disclosed data, which may itself 
be manipulated. Future work should incorporate satellite-based emission monitoring and other independent 
verification methods. Second, the weighting parameters (α, β, γ) in our GI formulation require sectoral calibration; 
universal weights may obscure industry-specific dynamics. Third, our stochastic model assumes geometric Brownian 
motion; more sophisticated processes (jump-diffusion, regime-switching) may better capture emission dynamics in 
crisis periods. 

Extensions to this work might include: (1) machine learning classifiers trained on GI components for automated 
greenwashing detection; (2) network analysis of corporate climate coalitions to detect coordinated greenwashing; (3) 
integration with financial market data to test whether investors efficiently price greenwashing risk; and (4) dynamic 
optimal control models for firm-level decarbonization pathway design. 

6. Conclusion 

This paper demonstrates that mathematical rigor can penetrate the opacity surrounding corporate climate 
commitments. The Greenwashing Index provides regulators, investors, and civil society with a quantitative tool for 
distinguishing substance from rhetoric. Our empirical findings that nearly three-quarters of major net-zero pledges 
exhibit mathematical inconsistencies, underscore the urgency of enhanced accountability mechanisms. 

As climate policy increasingly relies on voluntary corporate action, the integrity of net-zero commitments becomes 
paramount. Without credible verification frameworks, pledges risk becoming purely performative generating 
reputational benefits without corresponding emission reductions. Our mathematical framework offers a path forward: 
transform climate accountability from subjective assessment to objective measurement. 

The transition to a net-zero economy demands not just ambition but verification. This study provides the mathematical 
foundation for that verification, enabling society to distinguish between companies genuinely transforming their 
operations and those merely managing their climate reputation. Only through such rigor can net-zero commitments 
serve their ultimate purpose: driving real-world emission reductions at the scale and pace climate science demands. 
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