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Abstract 

India's transition from a commodity-centric maritime extraction model to a rights-based Sovereign 

Equity framework, formalized through the Biological Diversity (Amendment) Act, 2023, and the 

Revised Access and Benefit Sharing (ABS) Regulations, 2025, represents a pivotal institutional 

transformation with profound economic implications for coastal communities. This study develops 

a quantitative framework to estimate ABS revenue potential from marine capture fisheries in 

Andhra Pradesh (AP), the state accounting for approximately 35% of India's marine export value, 

and applies statistical and machine learning techniques to project revenue trajectories, identify key 

predictive variables, and model the socioeconomic dividend for over 3,000 coastal Biodiversity 

Management Committees (BMCs). 

Using secondary export data from the Marine Products Export Development Authority (MPEDA), 

fish landing records from the Central Marine Fisheries Research Institute (CMFRI) for FY 2021-

22 through FY 2024-25, and international trade statistics indexed to the Harmonized System (HS) 

codes, this study estimates a baseline annual ABS accrual of INR 30.60 crore for AP's wild-catch 

marine sector across a taxable export base of INR 7,500 crore. Five machine learning models, 

including Random Forest Regression, XGBoost Gradient Boosting, Long Short-Term Memory 

(LSTM) neural networks, Elastic Net Regression, and Ordinary Least Squares (OLS) baseline 

regression, are evaluated for ABS revenue forecasting. The XGBoost model demonstrated the 

strongest predictive performance (R² = 0.931, RMSE = 1.23), with export price volatility, landing 

volume, and species rarity index emerging as the three most influential predictors. Furthermore, 

the study extends the ABS analysis to the broader Eastern Corridor comprising AP, Tamil Nadu, 

Odisha, and West Bengal, projecting a combined corridor ABS potential exceeding INR 148 crore 

per annum under a uniform 0.4% levy. The findings validate ABS not as a tax on fishers, but as a 

compliance-driven wealth transfer mechanism that aligns India's domestic biodiversity governance 

with the Nagoya Protocol, the BBNJ Treaty (in force since January 2026), and the Cali Fund DSI 

mechanism established at COP16. 
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Introduction 

For the greater part of the last six decades, 

India's maritime sector has operated under 

what development economists describe as an 

"open-access commons" paradigm: wild 

biological resources of the ocean were treated 

as inexhaustible, unpriced public goods, their 

commercial value appropriated almost 

entirely by vertically integrated export 

houses and multinational seafood processors, 

with negligible trickle-down to the artisanal 

and small-scale fishing communities who 

served as the primary ecological custodians 

of those resources (Agrawal & Redford, 

2009; Pomeroy & Williams, 1994). This 

structural inequity was not unique to India; it 

mirrored the broader global failure of 

fisheries governance to internalize the 

biological and social externalities of marine 

extraction (FAO, 2020; Pauly et al., 2005). 

The enactment of the Biological Diversity 

(Amendment) Act, 2023, and the subsequent 

Revised ABS Regulations of 2025, signal 

India's formal departure from this extraction-

only model. By mandating Access and 

Benefit Sharing (ABS) levies on the 

commercial utilization of marine biological 

resources, the legislative framework 

establishes a statutory pathway through 

which a fraction of export revenue flows back 

to coastal Biodiversity Management 

Committees (BMCs), thereby converting the 

ocean from an unpriced externality into what 

the policy discourse now terms a "Sovereign 

Asset" (Kumar, 2026; Government of India, 

2023). 

Andhra Pradesh presents a uniquely 

compelling case for empirical investigation. 

With a 974 km coastline, the second-longest 

in India, and a 35% share of national marine 

export value, the state commands a dominant 

position in the country's blue economy. Yet its 

marine governance architecture has 

historically been bifurcated between the AP 

Marine Fisheries Regulation Act (governing 

capture within 12 nautical miles) and the 

Biological Diversity Act (governing 

commercial utilization), leaving a significant 

regulatory and revenue gap that the 2023 

amendments now seek to bridge. 

Despite the legal codification of marine ABS, 

the empirical literature on quantifying ABS 

revenue potential in marine fisheries remains 

sparse, particularly in the Indian context. 

Most extant scholarship focuses on terrestrial 

ABS (Bavikatte & Robinson, 2011; Morgera, 

Buck & Tsioumani, 2013) or examines ABS 

in the context of pharmaceutical 

bioprospecting rather than commodity 

fisheries (ten Kate & Laird, 1999). The 

application of machine learning and 

advanced econometric methods to ABS 

revenue forecasting represents an almost 

entirely unexplored frontier. 

This paper seeks to fill that gap. It develops a 

multi-model statistical framework to (a) 

estimate baseline ABS revenue from AP's 

marine wild-catch sector, (b) identify the 

macroeconomic and ecological variables that 

most strongly predict ABS accrual, (c) 

forecast five-year ABS revenue trajectories 

under different policy scenarios, and (d) 

quantify the Eastern Corridor's aggregate 

ABS potential to inform inter-state 

harmonization efforts. The paper proceeds 

through a structured literature review, 

methodological exposition, empirical 

analysis, and policy-oriented discussion 

before concluding with limitations and 

directions for future research. 
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1.1 Research Significance and Policy 

Context 

The relevance of this study extends beyond 

academic inquiry. Three intersecting global 

developments make the quantification of 

marine ABS revenue both urgent and 

tractable. First, the BBNJ Treaty (Agreement 

on Biodiversity Beyond National 

Jurisdiction), which entered into force on 

January 17, 2026, mandates benefit-sharing 

for Marine Genetic Resources (MGRs) even 

beyond the 200-nautical-mile EEZ, 

establishing an international legal 

expectation that national-level ABS 

frameworks must meet (UNGA, 2023). 

Second, the Cali Fund, operationalized at 

COP16 in late 2024, creates a multilateral 

mechanism requiring companies that utilize 

Digital Sequence Information (DSI) of 

biological resources to contribute to a global 

fund distributed in part to coastal Indigenous 

and Local Communities (IPLCs), validating 

the conceptual architecture of domestic ABS 

(CBD Secretariat, 2024). Third, the 

increasing deployment of sustainability 

audits as non-tariff barriers by the US and EU 

renders ABS compliance not merely a 

domestic regulatory obligation but a 

prerequisite for premium market access 

(Ponte, 2012; Bush, Toonen & Oosterveer, 

2015). 

 

2. Review of Literature 

2.1 Access and Benefit Sharing: 

Theoretical Foundations 

The conceptual roots of Access and Benefit 

Sharing lie in the Convention on Biological 

Diversity (CBD, 1992), which established the 

foundational triad of objectives: conservation 

of biodiversity, sustainable use of its 

components, and fair and equitable sharing of 

benefits arising from genetic resources. The 

Nagoya Protocol (2010), which 

operationalized the ABS provisions of the 

CBD, provided the first binding international 

framework for ABS, requiring Prior 

Informed Consent (PIC) and Mutually 

Agreed Terms (MAT) for resource access 

(Greiber et al., 2012). 

Theoretical frameworks for analysing ABS 

are drawn from institutional economics, 

game theory, and environmental economics. 

Ostrom's (1990) seminal work on governing 

the commons provides the foundational 

critique of open-access resource management 

and the institutional prerequisites for 

sustainable collective governance, a 

framework directly applicable to marine 

fisheries. Pearce and Moran (1994) extended 

this to biodiversity valuation, arguing that the 

absence of market prices for genetic diversity 

constitutes a market failure that instruments 

like ABS are designed to correct. More 

recently, Swanson and Goschl (2000) 

developed a formal economic model 

demonstrating that ABS can internalize the 

"search costs" borne by local communities in 

maintaining diverse biological resources, 

thereby generating socially optimal levels of 

conservation. 

 

2.2 Marine ABS: Empirical Evidence 

The literature on marine ABS is considerably 

thinner than its terrestrial counterpart, 

reflecting both the relative novelty of the 

regulatory domain and the data constraints 

inherent in open-ocean resource valuation. 

Hughes and Millward (2019) examined ABS 

implementation in Australia's Northern 

Territory waters, demonstrating that 

biodiscovery levies generated AUD 3.2 

million over a five-year period, with 72% 

recycled to Indigenous Land Councils, 

providing an early proof-of-concept for the 

revenue-generation capacity of marine ABS. 

Tsioumani, Muzurakis and Blas (2021) 
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reviewed the BBNJ negotiations and 

modeled the potential global benefit-sharing 

flows from Marine Genetic Resources at 

USD 8-14 billion annually if equitably 

distributed, underscoring the scale of value 

currently uncaptured by coastal communities. 

In the Indian context, Sathyapalan and 

Salomone (2017) conducted a legal-

economic analysis of the Biological Diversity 

Act's ABS provisions, noting the persistent 

implementation gap between legislative 

intent and ground-level revenue collection, 

particularly for marine resources. 

Krishnamurthy et al. (2020) examined the 

Red Sanders ABS precedent in Rayalaseema 

and documented successful fund 

disbursement to village-level BMCs, 

providing methodological lessons 

transferable to the marine domain. 

2.3 Machine Learning in Fisheries 

Economics 

The application of machine learning methods 

to fisheries management and economics has 

grown substantially over the past decade. 

Malde et al. (2020) provide a comprehensive 

review of deep learning applications in 

marine science, including stock assessment, 

species identification, and price forecasting. 

Ovenden et al. (2015) demonstrated the 

utility of Random Forest models in predicting 

fish population dynamics from 

environmental covariates, with R² values 

exceeding 0.89 for well-monitored species. 

Tsitsika et al. (2022) applied XGBoost to 

Mediterranean fisheries revenue prediction, 

finding superior performance over both OLS 

regression and ARIMA time-series models, 

particularly in the presence of structural 

breaks caused by policy changes. 

The application of LSTM neural networks to 

fisheries time-series data has been 

demonstrated by Salman et al. (2018) in the 

context of aquaculture production forecasting 

and by Zhang and Wang (2021) for marine 

commodity price prediction in Chinese 

export markets. These studies consistently 

find that LSTM outperforms conventional 

time-series methods for datasets with strong 

seasonal periodicity and non-linear trend 

structures, characteristics shared with marine 

capture data from the Bay of Bengal. 

2.4 Equity and Blue Economy 

Frameworks 

The concept of the "Blue Economy" has 

evolved significantly since its initial 

articulation at the Rio+20 Conference, 

shifting from a growth-centric framing 

toward a more distributive, equity-oriented 

paradigm (OECD, 2016; Silver et al., 2015). 

Barbesgaard (2018) provides a critical 

political economy analysis of blue economy 

discourses, arguing that without robust 

benefit-sharing mechanisms, blue economy 

initiatives risk perpetuating extractive 

dynamics under a sustainability veneer. 

Jouffray et al. (2021) mapped the corporate 

geography of the ocean economy, 

demonstrating the extreme concentration of 

value capture among a small number of 

multinational firms. These analyses 

collectively provide the political economy 

context within which ABS frameworks like 

the one examined in this study must be 

evaluated. 

3. Research Gap 

A review of the extant literature reveals four 

interconnected gaps that this study seeks to 

address: 

1. Absence of quantitative ABS revenue 

modelling for Indian marine fisheries: 

While the legal dimensions of ABS 

have been examined, no study has 

applied econometric or machine 

learning methods to estimate ABS 

revenue potential from India's marine 

export sector, particularly under the 

post-2023 legislative regime. 
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2. Neglect of species-level 

heterogeneity in ABS levy design: 

Existing ABS analyses tend to apply 

uniform levy rates, ignoring the 

differential biological rarity, export 

unit value, and global demand 

elasticity of distinct species 

categories. A species-disaggregated 

model is necessary for both accurate 

revenue projection and equitable levy 

calibration. 

3. Absence of inter-state comparative 

ABS modelling: Despite the 

biogeographical reality that marine 

species migrate across state 

jurisdictions, no study has modelled 

the Eastern Corridor's collective ABS 

potential or analyzed the regulatory 

arbitrage risks of non-harmonized 

state-level frameworks. 

4. Limited integration of international 

treaty compliance into domestic 

revenue modelling: The implications 

of the BBNJ Treaty and the Cali Fund 

for domestic ABS revenue generation 

and compliance premiums remain 

unmodelled in the Indian policy 

literature. 

 

4. Objectives of the Study 

The study is guided by the following specific 

research objectives: 

 

• To estimate the baseline annual ABS 

revenue potential from marine wild-

catch fisheries in Andhra Pradesh 

under the Biological Diversity 

(Amendment) Act, 2023, 

disaggregated by species category, 

geographic hub, and export 

destination. 

• To identify and rank the 

macroeconomic and ecological 

predictor variables that most 

significantly influence ABS accrual, 

using feature importance analysis 

from ensemble machine learning 

models. 

• To evaluate and compare the 

predictive accuracy of five machine 

learning and econometric models in 

forecasting five-year ABS revenue 

trajectories under baseline and 

policy-variant scenarios. 

• To quantify the aggregate ABS 

potential of the Eastern Corridor (AP, 

Tamil Nadu, Odisha, West Bengal) 

and model the distributional 

implications for coastal BMC fund 

flows. 

• To assess the compliance premium 

accruing to AP marine exporters from 

ABS certification under international 

trade frameworks, particularly the 

BBNJ Treaty and EU sustainability 

audit requirements. 

 

5. Methodology 

5.1 Research Design 

This study adopts a mixed-methods 

quantitative research design, integrating 

descriptive statistics, econometric regression 

analysis, and supervised machine learning to 

construct a comprehensive ABS revenue 

model. The research follows a three-stage 

analytical architecture: 

• Stage 1 – Data Compilation and 

Feature Engineering: Collection, 

cleaning, and structuring of marine 

export, landing, and pricing data; 

construction of species-specific ABS 

taxable base. 

• Stage 2 – Statistical Baseline 

Modelling: OLS regression and 

correlation analysis to establish 

baseline ABS revenue estimates and 

identify bivariate relationships 
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between predictor variables and ABS 

accrual. 

• Stage 3 – Machine Learning Model 

Development: Training, validation, 

and comparison of Random Forest, 

XGBoost, LSTM, and Elastic Net 

models on the constructed dataset; 

hyperparameter optimization via grid 

search cross-validation. 

 

5.2 Conceptual Framework for ABS 

Revenue Estimation 

The foundational economic identity 

governing ABS revenue estimation is 

expressed as: 

 

ABSᵢ = (τᵢ × ETᵢ × CFᵢ) − EXᵢ 

 

where ABSᵢ is the ABS accrual for species 

category i, τᵢ is the ABS levy rate (expressed 

as a percentage of export turnover), ETᵢ is the 

total export turnover from wild-catch of 

species i, CFᵢ is the capture-filter binary 

indicator (1 if wild-caught, 0 if aquaculture-

sourced), and EXᵢ represents MSME 

exemptions applied to entities below the INR 

5 crore turnover threshold. This identity is 

disaggregated across five species categories: 

pelagic finfish, cephalopods, demersal 

finfish, wild crustaceans, and miscellaneous 

(seaweed, jellyfish, rays). 

 

5.3 Data Collection Techniques 

The study draws on a multi-source secondary 

data compilation strategy spanning FY 2019-

20 through FY 2024-25: 

 

1. Marine Products Export 

Development Authority (MPEDA) 

Annual Export Statistics: Species-

wise, port-wise, and destination-wise 

export volume and value data at the 

HS-6 digit code level; used as the 

primary taxable base for ABS 

computation. 

2. Central Marine Fisheries Research 

Institute (CMFRI) Frame Survey and 

Landing Data: District-wise marine 

catch estimates disaggregated by 

species and gear type; used to 

construct the capture-filter variable 

and validate MPEDA export origin 

claims. 

3. Customs Icegate Database: Export 

declaration records cross-validated 

with MPEDA certificates to identify 

MSME-threshold exporters and 

compute net taxable turnovers. 

4. International Food and Agriculture 

Organization (FAO) FishStatJ 

Database: Global fish price indices 

used to construct export unit value 

trends and price elasticity estimates 

for each species category. 

5. National Fisheries Development 

Board (NFDB) and PMMSY Scheme 

Records: Capital subsidy and vessel 

registration data used to control for 

supply-side policy interventions in 

the regression models. 

 

The composite dataset includes 72 monthly 

observations (June 2019 to May 2025) across 

12 predictor variables and 5 ABS revenue 

outcome variables, yielding a total of 360 

variable-time observations for model 

training. A 70:15:15 training, validation, and 

test split is applied, with the test set spanning 

April 2024 to May 2025 to assess out-of-

sample performance under the post-2023 

legislative regime. 
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6. Statistical and Machine Learning 

Methods 

6.1 Baseline: Ordinary Least Squares 

(OLS) Regression 

A multivariate OLS model is estimated with 

monthly ABS accrual as the dependent 

variable and the following regressors: export 

turnover volume (ETv), export unit value 

(EUV), international commodity price index 

for seafood (CPIₛₑₐ), Indian mackerel landing 

volume as a cyclical control (IMLV), 

MPEDA certification count (MCC), and a 

post-amendment dummy variable (D₂₀₂₃) to 

capture the structural break introduced by the 

2023 BD Act. Heteroskedasticity-robust 

standard errors (White, 1980) are reported 

alongside Newey-West corrections for 

autocorrelation in residuals. 

6.2 Random Forest Regression 

An ensemble of 500 decision trees is grown 

on bootstrapped subsamples of the training 

data, with the number of features considered 

at each split (mtry) optimized via 5-fold 

cross-validation. The Random Forest model 

accommodates non-linear interactions 

between predictor variables and provides 

permutation-based feature importance 

scores, enabling identification of the most 

influential drivers of ABS accrual (Breiman, 

2001). Variable importance is assessed using 

the mean decrease in impurity (MDI) 

criterion, supplemented by permutation 

importance to guard against bias toward 

high-cardinality features. 

6.3 Gradient Boosting: XGBoost 

XGBoost (Extreme Gradient Boosting) is 

implemented with a tree depth of 6, a learning 

rate (η) of 0.05, and L1 (lasso) and L2 (ridge) 

regularization terms set to 0.1 and 0.01 

respectively to prevent overfitting (Chen & 

Guestrin, 2016). Hyperparameters are tuned 

using Bayesian optimization with 100 

evaluation iterations. The XGBoost model is 

particularly suited to this application given its 

demonstrated superiority in structured 

tabular data with moderate sample sizes (N < 

1000), a characteristic shared by the marine 

ABS dataset. 

6.4 Long Short-Term Memory 

(LSTM) Neural Network 

An LSTM network with two recurrent layers 

(64 and 32 hidden units respectively), each 

followed by dropout regularization (p = 0.2), 

is trained to exploit temporal dependencies in 

the monthly ABS time series. The model uses 

a lookback window of 12 months, capturing 

annual seasonal patterns in fish landing 

cycles. Adam optimization is applied with an 

initial learning rate of 0.001 and a cosine 

annealing learning rate schedule over 200 

epochs. The LSTM model is evaluated both 

as a univariate (ABS only) and multivariate 

(ABS with all 12 predictors) time-series 

model (Hochreiter & Schmidhuber, 1997). 

6.5 Elastic Net Regression 

Elastic Net combines the L1 penalty of the 

Lasso (which performs variable selection) 

with the L2 penalty of Ridge regression 

(which handles multicollinearity), making it 

particularly suitable for the marine ABS 

dataset where several macroeconomic 

predictors exhibit high pairwise correlations 

(ρ > 0.7). The mixing parameter (α) and 

regularization strength (λ) are jointly 

optimized via 10-fold cross-validation on the 

training set (Zou & Hastie, 2005). 

 

6.6 Model Evaluation Metrics 

Model performance is assessed using three 

metrics: Root Mean Squared Error (RMSE), 

Mean Absolute Error (MAE), and the 

coefficient of determination (R²). For the 

LSTM model, the Diebold-Mariano test is 

applied to formally assess whether forecast 

improvements over the OLS baseline are 
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statistically significant. All models are 

implemented in Python 3.10 using scikit-

learn 1.3, XGBoost 2.0, and 

TensorFlow/Keras 2.13. 

 

7. Analysis and Interpretation 

7.1 Descriptive Statistics and ABS 

Taxable Base 

Table 1 presents the estimated Annual ABS 

Revenue for Andhra Pradesh based on the 

MPEDA 2024-25 wild-catch export data, 

disaggregated by species category. The total 

taxable export base from marine wild-catch 

(excluding all aquaculture-sourced exports) 

is estimated at INR 7,500 crore, yielding a 

potential annual ABS accrual of INR 30.60 

crore at a blended levy rate of 0.4-0.6%. 

 

 

Table 1: Estimated Annual ABS Revenue by 

Marine Species Category, Andhra Pradesh 

(FY 2024-25) 

 

The composition of the taxable base reflects 

the structural characteristics of AP's marine 

capture economy. Wild shrimp and prawn 

constitute the largest segment (INR 3,200 

crore, 42.7% of taxable base), followed by 

pelagic finfish (INR 2,500 crore, 33.3%) and 

cephalopods (INR 1,500 crore, 20.0%). 

Deep-sea genetic resources, though modest 

in absolute volume (INR 300 crore), attract a 

higher levy rate (0.6%) reflecting both their 

biological rarity and the higher unit value 

premium they command in pharmaceutical 

and biotech markets. A higher levy is 

therefore both economically justified 

(inelastic demand from high-end buyers) and 

ecologically warranted (deeper stocks carry 

higher ecological irreversibility risk). 

 

The supply-chain markup analysis reveals a 

striking value addition of 84.6% between the 

Landing Center (LC) value (INR 3,380 crore) 

and the Export Turnover (INR 6,240 crore) 

for the recorded FY 2024-25 dataset. This 

wedge represents the "processing surplus" 

appropriated almost entirely by export-

processing entities and intermediary traders, 

providing the economic justification for an 

ABS levy at the point of export rather than at 

landing. Applying ABS to the export turnover 

captures value generated from the biological 

resource without imposing any additional 

cost on the fisher at the point of landing. 

 

 

Table 2: Species-wise Breakup of Wild-Catch 

Export Turnover, Andhra Pradesh (FY 2024-

25) 

 

7.2 Machine Learning Model Results 

Table 3 presents the comparative 

performance of all five models on the held-

out test set (April 2024 to May 2025). The 

XGBoost Gradient Boosting model achieves 

the strongest performance across all three 

evaluation metrics (RMSE = 1.23, MAE = 

0.97, R² = 0.931), demonstrating its superior 

capacity to capture non-linear interactions 

between export volumes, price dynamics, and 

policy-induced structural breaks. 
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Table 3: Comparative Model Performance on 

Test Set (April 2024 - May 2025) 

 

The LSTM model demonstrates strong 

performance (R² = 0.887) but is 

outperformed by XGBoost, a finding 

consistent with the broader machine learning 

literature's observation that gradient boosting 

tends to outperform deep learning on 

structured tabular datasets with moderate 

sample sizes (Shwartz-Ziv & Armon, 2022). 

The OLS baseline, while performing 

creditably for a linear model (R² = 0.743), 

exhibits systematic under-prediction during 

the post-amendment period (December 2023 

onwards), confirming that the structural 

break introduced by the BD Act 2023 

generates non-linearity that OLS cannot 

adequately model. 

Feature importance analysis from the 

XGBoost model identifies the following top 

five predictor variables in descending order 

of importance: (1) export unit value (EUV) 

per kilogram, accounting for 28.4% of total 

feature importance; (2) wild-catch landing 

volume in metric tonnes (22.1%); (3) species 

rarity index constructed from IUCN Red List 

classifications (17.6%); (4) MPEDA 

certification count per quarter as a proxy for 

export formalization (11.3%); and (5) the 

global seafood commodity price index from 

FAO FishStatJ (8.9%). The primacy of EUV 

confirms that ABS revenue is more sensitive 

to price appreciation than volume expansion, 

a finding with important implications for levy 

rate calibration: ABS revenues will rise 

automatically as global demand for premium 

wild-caught seafood increases, without any 

need to revise statutory levy rates. 

 

7.3 Eastern Corridor ABS Potential 

Table 4 presents the estimated ABS potential 

across the four Eastern Corridor states under 

a harmonized 0.4% levy on marine wild-

catch export turnover. Andhra Pradesh, with 

approximately 56.8% of the corridor's total 

export value, dominates the potential revenue 

pool. 

 

 

Table 4: Eastern Corridor ABS Revenue 

Potential under Harmonized 0.4% Levy (FY 

2024-25 Estimates) 

 

The aggregate corridor potential of INR 148 

crore per annum is a conservative estimate 

derived from current export values; a 

projected 8.2% annual growth in deep-sea 

catch volume, combined with continued 

global price appreciation for premium wild-

caught species, could elevate this figure to 

INR 185-220 crore by FY 2028-29 under the 

XGBoost projection model's central scenario. 

The regulatory arbitrage risk is quantified 

using a simple gravity model of export port 

selection: without harmonized levies across 

the corridor, exporters operating within 100 

km of a state border face a compliance-cost 

advantage of approximately 0.3-0.5% of 

turnover by routing exports through the 

lowest-levy jurisdiction. Simulation results 

indicate that a 0.2 percentage point levy 

differential between AP and its neighbors 

could divert an estimated INR 420-580 crore 

of export value (and INR 1.7-2.3 crore of 

ABS revenue) annually to alternative ports, a 
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finding that strongly supports the APSBB's 

advocacy for inter-state levy standardization. 

8. Results and Discussion 

8.1 Summary of Principal Findings 

The empirical analysis yields four principal 

findings that carry both scientific and policy 

significance: 

 

First, the marine wild-catch sector of Andhra 

Pradesh supports an estimated annual ABS 

accrual of INR 30.60 crore under a blended 

levy of 0.4-0.6%, representing a modest 

0.41% of the INR 7,500 crore taxable export 

base. This figure is highly conservative; it 

applies only to MPEDA-registered 

commercial exporters with turnovers 

exceeding INR 5 crore, consistent with the 

MSME protection provisions of the 2023 

amendments. Were the levy extended to the 

full INR 32,500 crore marine export turnover 

of AP (including aquaculture), potential 

revenue would rise to INR 130 crore, though 

such an extension would be legally and 

politically inappropriate given the 

aquaculture exemption policy. 

Second, the XGBoost model's feature 

importance decomposition reveals that 

export price appreciation is a stronger driver 

of ABS revenue than landing volume growth. 

This finding has a counter-intuitive but 

important policy implication: the global shift 

toward premium, compliance-certified 

seafood, driven in part by the same 

sustainability audits that ABS certification is 

designed to satisfy, is likely to organically 

grow ABS revenue over time without 

requiring any increase in the statutory levy 

rate. In other words, the compliance premium 

that ABS generates in international markets 

feeds back into the domestic revenue stream. 

Third, the 90% (or 95% per the 2025 

Regulations) fund recycling mandate to 

coastal BMCs, if operationalized through the 

proposed APSBB-MPEDA digital 

integration, would generate an average 

district-level BMC fund of approximately 

INR 3.4 crore per annum for each of AP's 

nine coastal districts. While not 

transformative in isolation, this represents a 

recurring, statutory revenue stream that does 

not depend on annual budget allocations, 

making it a reliable capital source for 

community infrastructure projects with 

multi-year payback periods such as cyclone 

shelters, cold-chain facilities, and mangrove 

nurseries. 

Fourth, the alignment between AP's domestic 

ABS framework and the BBNJ Treaty's 

Marine Genetic Resource benefit-sharing 

provisions creates a dual-compliance 

architecture that positions AP exporters 

advantageously in premium markets. The 

"Certificate of Provenance" function of ABS 

compliance, enabling exporters to 

demonstrate biodiversity-compliant sourcing 

to US and EU buyers, is estimated to 

command a price premium of 2-4% for 

certified AP cephalopods and finfish in 

sustainability-conscious markets, based on a 

hedonic pricing analysis of FAO Globefish 

price data comparing certified versus non-

certified seafood categories. 

8.2 Comparison with International 

Precedents 

The AP ABS revenue projection of INR 30.60 

crore (approximately USD 3.7 million at 

2025 exchange rates) compares favorably 

with Australia's Northern Territory 

biodiscovery levy, which generated AUD 3.2 

million (approximately USD 2.1 million) 

over five years for a jurisdiction with a far 

smaller marine economy (Hughes & 

Millward, 2019). Norway's Marine 

Bioprospecting framework under its Nature 

Diversity Act generates considerably larger 

revenues but is focused on high-value biotech 

applications rather than commodity fisheries, 
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making direct comparison methodologically 

complex. South Africa's community trust 

fund model, which channels 60% of marine 

biodiscovery proceeds to coastal Indigenous 

communities, provides the closest structural 

parallel to AP's BMC fund-flow architecture. 

The comparison underscores that AP's ABS 

proposal is conservative by international 

standards, particularly given the scale of its 

marine export economy. The blended levy 

rate of 0.4% is at the lower bound of the 0.2-

1% range applied in comparable 

jurisdictions, suggesting room for a 

graduated expansion of the levy as 

administrative infrastructure matures and 

compliance costs decline. 

9. Conclusion 

This study demonstrates, through a multi-

method quantitative framework, that the 

Access and Benefit Sharing mechanism 

provided for under the Biological Diversity 

(Amendment) Act, 2023, represents a 

financially viable, administratively tractable, 

and internationally aligned instrument for 

transferring marine export wealth to the 

coastal communities of Andhra Pradesh. The 

estimated annual ABS accrual of INR 30.60 

crore from the state's wild-catch marine 

export sector, while modest relative to total 

export turnover, establishes a precedent-

setting institutional infrastructure whose 

revenue potential will grow organically as the 

global seafood market continues its shift 

toward compliance-driven, premium 

sourcing. 

The machine learning analysis confirms that 

XGBoost gradient boosting provides the 

most accurate ABS revenue forecasting tool, 

achieving an R² of 0.931 on the out-of-

sample test set, and identifies export unit 

value, landing volume, and species rarity as 

the dominant revenue drivers. These findings 

enable the APSBB to anticipate revenue 

trends, calibrate levy rates dynamically, and 

allocate administrative resources to the 

highest-value segments of the wild-catch 

export chain. 

The Eastern Corridor analysis makes clear 

that the full economic potential of marine 

ABS, projected at INR 148 crore per annum 

for the corridor, can only be realized through 

inter-state levy harmonization. Andhra 

Pradesh, as the corridor's dominant marine 

economy, is uniquely positioned to lead this 

regional standardization effort, converting its 

administrative first-mover advantage into a 

durable governance architecture that benefits 

not only its own coastal communities but 

those of Tamil Nadu, Odisha, and West 

Bengal as well. 

At its most fundamental level, this research 

affirms the central normative claim of the 

ABS framework: the ocean is a sovereign 

biological asset, not an unregulated 

commons, and the communities who have 

historically served as its custodians are 

entitled, as a matter of both law and equity, to 

a fair share of the commercial value 

generated from its genetic wealth. The "Blue 

Dividend" is not a burden on exporters; it is 

an investment in the ecological and social 

infrastructure that sustains the marine 

economy itself. 
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