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Abstract

Andhra Pradesh's Swarna Andhra Vision @ 2047 posits one of the most ambitious sub-national
economic growth programs in contemporary India: a 3308 Lakh Crore (~ USD 3.4 Trillion) Gross
State Domestic Product (GSDP) and a per-capita income of XI55 Lakh by the centenary of India's
independence. The implied nominal Compound Annual Growth Rate (CAGR) of 14.1-15.0% over
23 years represents a 2.4 percentage-point premium over the state's historical growth trajectory of
~12.6%, demanding not incremental policy improvement but a structural re-architecture of the
state economy. This study undertakes a rigorous econometric and machine learning-based
assessment of the feasibility, conditional probability, and sector-level dynamics of this vision.

Using annual state-level macroeconomic data for the period 1995-2025 sourced from the Reserve
Bank of India (RBI) State Finances reports, the National Statistical Office (NSO), and the Andhra
Pradesh Economic Survey, this study constructs a panel-data growth model disaggregated across
three sectors (Agriculture, Industry, Services) and three geographic corridors (North Coastal-
Vizag, Coastal Andhra-Amaravati, Rayalaseema). Six quantitative models are estimated and
benchmarked: OLS regression, Ridge regression, Random Forest, XGBoost gradient boosting,
Long Short-Term Memory (LSTM) neural networks, and the Facebook Prophet time-series model.
The XGBoost model achieves the strongest out-of-sample performance (R* = 0.938, RMSE =
0.41), identifying investment rate, human capital index, digital infrastructure density, and export
intensity as the dominant growth predictors.

A scenario analysis assigns conditional probabilities to four GSDP trajectories under varying
CAGR assumptions: the Swarna Andhra optimistic scenario (15.0% CAGR, X308 Lakh Crore,
21% probability) is found to be achievable but non-trivial, contingent upon sustained deep-tech
export growth, successful industrial corridor activation, and the operationalization of Marine
Access Benefit Sharing (ABS) as a rural income multiplier. The study also validates the historical
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precedent argument: Andhra Pradesh's 35.1x GSDP growth between 1995 and 2024 demonstrates
a track record that mathematically exceeds the 19.5x multiplier required for the 2047 target,

providing a basis for cautious optimism while flagging the structural enablers and institutional
risks that will determine which scenario materializes.

Keywords: Blue Economy; Swarna Andhra 2047; GSDP Forecasting; CAGR Modelling; Machine
Learning; XGBoost; LSTM; Scenario Analysis; Industrial Corridor; Per Capita Income; Sub-
national Growth; Structural Transformation; P4 Model

Introduction

Among the pantheon of sub-national vision
documents that have proliferated across
India's state governments in the lead-up to
Viksit Bharat 2047, Andhra Pradesh's Swarna
Andhra Vision stands apart not merely for the
magnitude of its ambition but for the
specificity of its econometric grounding. The
state targets a GSDP of 3308 Lakh Crore by
2047—representing a 19.5-fold increase
from the 2024 baseline of ¥15.80 Lakh
Crore—anchored in a three-sector growth
architecture with individually specified
CAGR targets: 11.5% for Agriculture, 16.2%
for Industry, and 15.5% for Services
(Government of Andhra Pradesh, 2025). The
aggregate implied CAGR of 14.1-15.0%
nominally is notably higher than India's
projected national GSDP growth trajectory of
10-12% for the same period (IMF, 2025),
positioning Andhra Pradesh as an aspirant to
upper-middle income status within the Indian
federal structure.

The academic significance of this vision lies
not in its political provenance but in the
econometric questions it raises. Is a sustained
15% nominal CAGR over 23 years
achievable for a mid-sized Indian state
operating within a federal fiscal architecture?
What institutional, infrastructural, and
human capital conditions are necessary and
sufficient for such a trajectory? How do

historical sub-national growth experiences in
India and comparable international contexts
inform the plausibility of the Swarna Andhra
targets? And perhaps most importantly for
evidence-based policymaking: what is the
conditional probability of the optimistic
scenario materializing, and what are the
principal risks that could deflect the growth
path toward lower-trajectory alternatives?

This study addresses these questions through
a dual methodology combining classical
econometric ~ growth  modelling  with
contemporary machine learning forecasting
techniques. The approach is motivated by the
well-documented limitations of linear growth
models in capturing the structural breaks,
non-linearities, and compound interactions
that characterize long-horizon economic
projections for states undergoing
fundamental sectoral transformation
(Acemoglu, 2009; Pritchett, 1997). Machine
learning models, particularly ensemble
methods like XGBoost and recurrent
architectures like LSTM, have demonstrated
superior out-of-sample forecasting
performance in state-level GDP prediction
tasks relative to traditional ARIMA and VAR
frameworks (Jean et al., 2022; Mao et al.,
2019).
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The paper is organized as follows. Section 2
reviews the relevant literature on sub-
national growth, structural transformation,
and machine learning applications in
economic forecasting. Section 3 identifies the
research gaps that motivate this study.
Section 4 states the research objectives.
Sections 5 and 6 describe the methodology
and data. Section 7 presents the analytical
findings and model results. Section 8§
discusses the implications. Sections 9-11
cover conclusion, limitations, and future
scope, followed by references.

1.1 Policy Context: From Fiscal
Recovery to Structural Ascendance

Andhra Pradesh's economic trajectory has
been shaped by two defining discontinuities.
The 2014 state bifurcation, which ceded
Hyderabad to the newly formed Telangana,
stripped the residual state of approximately
58% of its tax revenues and the dominant
share of its industrial base, necessitating a
prolonged period of fiscal consolidation and
institution-rebuilding (Mohanty & Nayak,
2018). The period 2019-2024 was further
characterized by a consumption-heavy
welfare model that, while achieving
significant social transfer outcomes, arguably
depressed productive investment in physical
and human capital. The Swarna Andhra
Vision, unveiled in 2025, represents the third
phase: a deliberate pivot from distributive
politics to productive growth, operationalized
through four strategic engines: Industrial
Multiplier (175 Industrial Parks,
Manufacturing 4.0), Digital and Knowledge
Sovereignty (Quantum Valley, Al hubs),
Infrastructure as an Asset (port-led logistics),

and the Public-Private-People-Partnership
(P4) model.

2. Review of Literature
2.1 Sub-national Growth Economics:
Theory and Evidence

The theoretical foundations for analyzing
sub-national ~ growth trajectories draw
primarily from neoclassical convergence
theory (Solow, 1956; Mankiw, Romer &
Weil, 1992) and its augmented variants that
incorporate human capital, technology, and
institutional quality as co-determinants of
steady-state income levels. The conditional
convergence hypothesis, which predicts that
poorer economies grow faster than richer
ones conditional on structural characteristics,
has been tested extensively at the Indian state
level by Aiyar (2001), Nagaraj, Varoudakis
and Veganzones (2000), and Kalirajan and
Shand (2005), who generally find evidence of
club convergence rather than absolute
convergence, implying that structural and
institutional differentiation across states
generates path-dependent growth trajectories
rather than uniform catch-up dynamics.

The structural transformation literature
(Lewis, 1954; Chenery, 1960; McMillan,
Rodrik & Verduzco-Gallo, 2014) provides
the intellectual scaffolding for the Swarna
Andhra Vision's sectoral composition targets.
The systematic reallocation of labor and
capital from low-productivity agriculture to
high-productivity manufacturing and
services 1s posited as the fundamental
mechanism through which developing
economies achieve accelerated income
growth. McMillan et al. (2014) demonstrate
that this structural transformation process is
the dominant driver of cross-country
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productivity differences, accounting for 50—
70% of output per worker growth in East
Asian miracle economies between 1975 and
2005—the same growth model that the
Swarna Andhra Vision implicitly replicates.

2.2 Comparable State-Level Growth
Trajectories: National and
International Analogies

The historical validation argument embedded
in the Swarna Andhra document—that the 13
districts grew 35.1x between 1995 and 2024,
rendering the 19.5x requirement for 2047 a
lesser challenge—invites comparison with
other high-growth sub-national experiences.
Gujarat sustained a nominal GSDP CAGR of
approximately 14.2% over the 2000-2020
period, driven by the Vibrant Gujarat
investment model and petrochemical-led
industrialization (Datta & Singh, 2021).
Telangana achieved a nominal CAGR of
approximately 16.8% over 2014-2023,
benefiting from IT-led services growth
centered on Hyderabad (Government of
Telangana, 2024). Internationally,
Guangdong Province in China sustained
nominal growth exceeding 14% annually
from 1990 to 2010 during its manufacturing
export surge (Naughton, 2007), and South
Korea's Gyeonggi region averaged 13.5%
nominal GSDP growth from 1990 to 2015
during its technology-driven industrial
expansion (OECD, 2019).

These precedents suggest that a 15% nominal
CAGR, while demanding, falls within the
empirically observed range of high-growth
sub-national economies with favourable
structural conditions. However, they also
underscore that such trajectories are

invariably associated with large-scale foreign
direct investment attraction, export-oriented
manufacturing clusters, and high-quality
tertiary education ecosystems—conditions
that Andhra Pradesh is in the process of
constructing rather than already possessing.

2.3 Machine Learning in
Macroeconomic Forecasting

The application of machine learning to
macroeconomic forecasting has expanded
rapidly since the publication of Varian
(2014)'s seminal argument for "big data" in
economic research. Coulombe et al. (2020)
conducted a comprehensive horse-race
between machine learning methods (LASSO,
Ridge, Random Forest, Boosting, Neural
Networks) and traditional time-series models
(ARIMA, VAR) for GDP nowcasting across
33 OECD countries, finding that tree-based
ensemble methods and regularized regression
consistently outperformed benchmark linear
models, with gains particularly pronounced
during structural break periods. Stock and
Watson (2012) demonstrated that factor-
augmented forecasting models incorporating
large-N variable sets outperform
parsimonious linear models for medium-term
macroeconomic projection, a finding with
direct relevance to the multi-predictor growth
framework adopted in this study.

The application of LSTM neural networks to
long-horizon economic forecasting has been
validated by Kim and Ahn (2021) in the
context of Korean regional GDP prediction
and by Medeiros et al. (2021) for inflation
forecasting in emerging markets, both finding
that LSTM's capacity to retain long-range
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temporal dependencies provides a structural
advantage over conventional models for
series exhibiting protracted trend reversals
and multi-cycle dynamics. Facebook's
Prophet model (Taylor & Letham, 2018),
designed for business time-series with strong
seasonal  components and  multiple
changepoints, has been applied to state-level
fiscal revenue forecasting in India by
Chakraborty and Joseph (2017),
demonstrating competitive performance
relative to ARIMA benchmarks particularly
for series with structural breaks coinciding
with known policy events.

2.4 Knowledge Economy and Deep-
Tech Growth Multipliers

The Swarna Andhra Vision's emphasis on
"Knowledge Sovereignty" through Quantum
Computing, Al, and FinTech aligns with the
growing literature on knowledge-intensive
growth  multipliers.  Moretti  (2010)
documented a local employment multiplier of
4.9 for high-tech job creation in US cities,
meaning each new high-tech job generates
4.9 additional service-sector jobs in the local
economy. Bresnahan, Brynjolfsson and Hitt
(2002) demonstrated that information
technology investment generates positive
externalities that elevate total factor
productivity beyond the direct contribution of
the IT sector itself, creating the "10x lever"
effect described in the Vision document.
These findings validate the compositional
emphasis of the Services sector target (3154
Lakh Crore, 50% of 2047 GSDP) on high-
GVA knowledge services rather than
conventional trade and hospitality.

3. Research Gap

The existing literature, while rich in sub-
national growth theory and machine learning
forecasting methodology, leaves several
critical empirical gaps that this study
addresses:

1. Absence of machine learning-based
GSDP scenario analysis for Indian
states: Despite the proliferation of
state vision documents, no study has
applied ensemble or deep learning
forecasting to probabilistically assess
the feasibility of Indian sub-national
growth targets, leaving policy
planners without evidence-based
scenario probability estimates.

2. Limited integration of sectoral
heterogeneity in state growth
modelling: Most Indian state growth
studies use aggregate GSDP, masking
the differentiated CAGR
requirements  across  agriculture,
industry, and services. A sector-
disaggregated model is necessary to
identify  the  specific  binding
constraints in each domain.

3. Neglect of spatial distribution in
GSDP targeting: Existing analyses of
the Swarna Andhra Vision focus on
aggregate state-level targets without
assessing the distributional coherence
of the regional corridor targets (North
Coastal, Coastal Andhra,
Rayalaseema), leaving spatial equity
questions unaddressed.

4. Absence of Marine ABS integration
in agricultural growth modelling: The
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Vision explicitly identifies Marine
Access Benefit Sharing as a rural
income  multiplier within  the
agricultural growth strategy, yet no
econometric study has quantified the
contribution of ABS to state GSDP,
creating a missing-linkage in the
agricultural CAGR model.

5. Insufficient treatment of the P4 model
as a quantifiable economic variable:
The Public-Private-People-
Partnership model is described
narratively but not operationalized
into measurable economic quantities,
preventing its integration into growth
regression frameworks.

4. Objectives of the Study

1. To construct and estimate a sector-
disaggregated econometric growth
model for Andhra Pradesh using
panel data from 1995 to 2025,
identifying the key determinants of
agricultural, industrial, and services

GSDP growth.

2. To evaluate and compare six
quantitative  forecasting  models
(OLS, Ridge, Random Forest,

XGBoost, LSTM, Prophet) for their
projecting  GSDP
trajectories over 23-year horizons,

accuracy 1In

using out-of-sample performance
metrics.

3. To conduct a probabilistic scenario
analysis that assigns conditional
likelihoods to four GSDP outcomes
(conservative, moderate, optimistic,
aspirational) under varying CAGR

www.ijiemr.org

assumptions, providing evidence-
based feasibility assessment of the
Swarna Andhra Vision targets.

4. To quantify the binding structural
constraints (capital formation rate,
human capital index, export intensity,
digital infrastructure density) that
determine the probability boundary
between the moderate and optimistic
scenarios.

5. To assess the regional distributional
coherence of the I308 Lakh Crore
target across the three geographic
corridors and identify potential
concentration risks in the spatial
growth model.

6. To estimate the incremental GSDP
contribution of Marine Access
Benefit Sharing as a component of the
agricultural transformation strategy,
and model its multiplier effects

through coastal Biodiversity
Management Committees (BMCs).
5. Methodology

5.1 Research Design

This study employs a sequential explanatory
research design that integrates three
analytical stages: (i) descriptive and
econometric analysis of historical GSDP data
to establish growth baselines and decompose
sectoral contributions; (i1) machine learning
model development and benchmarking for
medium-to-long range GSDP forecasting;
and (iii)) Monte Carlo simulation-based
scenario analysis to generate probability
distributions over 2047 GSDP outcomes
conditional on key structural parameter
assumptions.
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5.2 Growth Accounting Framework

The foundational decomposition follows a
standard Kaldor-Verdoorn growth accounting
identity, adapted for the sectoral structure of
the Swarna Andhra Vision:

GSDP =0 AXGVA Agt+a IxGVA Tndt+a S GVA Serg+s t

where o, A, oI, and oS represent the value-
added shares of Agriculture, Industry, and
Services respectively, and € t captures a
residual composite of indirect taxes net of
subsidies. The sectoral growth rates are
modeled as functions of a predictor matrix X
containing: gross fixed capital formation rate
(GFCF/GSDP), human capital index
(constructed from literacy, enrollment, and
skill-training data), export intensity (exports
as % of GSDP), digital infrastructure density
(broadband connections per 100 households),
and a policy environment composite index
constructed from fiscal deficit, ease of doing
business ranking, and infrastructure spending
ratios.

5.3 CAGR Consistency Check

The internal mathematical consistency of the
Vision's sectoral targets is verified using the
compound growth identity:

V_{2047} =V {2024} x (1 +g)*n

where V denotes sector GVA, g is the
required annual CAGR, and n = 23 years.
Solving for g given the 2024 base values and
2047 targets confirms the stated CAGRs
(Agriculture:  11.5%, Industry: 16.2%,
Services: 15.5%) and validates their internal

consistency with the aggregate 14.1-15.0%
GSDP CAGR. This verification step is
critical because small errors in sectoral
composition targets can compound into large
aggregate GSDP discrepancies over 23 years.

6. Data Collection Techniques

The empirical analysis draws on a multi-
source longitudinal dataset spanning 1995 to
2025, comprising 30 annual observations for
the 13 districts of residual Andhra Pradesh.
Data are sourced from:

1. Reserve Bank of India (RBI)
Handbook of Statistics on Indian
States: Annual GSDP at current and
constant prices, gross fixed capital
formation, state fiscal data (revenue
receipts, capital expenditure, fiscal
deficit ratios).

2. National Statistical Office (NSO) /
CSO State-Level NAS: Sector-wise
Gross Value Added (GVA) at constant
2011-12 prices, compiled from NSO's
MOSPI database.

3. Andhra Pradesh Economic Survey
(2024-25): District-wise economic
indicators, sector composition, and
departmental  expenditure  data
published by the Directorate of
Economics & Statistics, Amaravati.

4. CMIE Prowess and CapEx Database:
Corporate investment
announcements, manufacturing
capacity additions, and industrial
corridor project data disaggregated at
the state level.
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5. National Sample Survey Office
(NSSO) Household Income and
Expenditure Per-capita
consumption expenditure,
employment status, and income
source distributions.

6. TRAI Annual Reports: Broadband
penetration,  telecom  subscriber
density, and  digital  public
infrastructure adoption metrics used

Surveys:

as proxies for digital infrastructure
density.

7. World Bank India Development
Update and IMF Article IV
Consultation Reports: National-level
deflators, export unit value indices,
and  structural quality
assessments used in the policy
environment composite index.

reform

Chow tests are applied to detect structural
breaks in the growth series at three candidate
dates: 2004 (the Andhra Pradesh
reorganization precursor), 2014 (state
bifurcation), and 2020 (COVID-19 shock).
Results confirm statistically significant
breaks at 2014 (F=12.34,p <0.01) and 2020
(F =8.71, p < 0.01), necessitating piecewise
regression approaches and dummy variable
augmentation in the OLS and Ridge models,
and explicit changepoint specification in the
Prophet model.

7. Statistical and Machine Learning
Methods

7.1 OLS Multivariate Regression
(Baseline)

A multivariate OLS model is estimated for
each sector's GVA growth rate as a function

of the predictor matrix described in Section
5.2.  Heteroskedasticity-robust  standard
errors (White, 1980) are reported. The 2014
bifurcation and 2020 pandemic are controlled
using additive dummy variables Dzois and
Daozo. An autoregressive term GVA_{t-1} is
included to capture growth persistence. The
Durbin-Watson statistic confirms the absence
of first-order serial correlation in residuals
after AR(1) correction (DW = 1.97 for the
Industry equation).

7.2 Ridge Regression

Ridge regression is applied as a regularized
alternative to OLS to address the
multicollinearity observed between GFCF
rate, export intensity, and digital density
predictors (p > 0.68 in the pairwise
correlation matrix). The L2 regularization
parameter A is selected by leave-one-out
cross-validation from a grid search over A €
[0.001, 100], minimizing the cross-validated
RMSE. Ridge's coefficient shrinkage
improves out-of-sample stability without
sacrificing interpretability, making it a useful
complement to the OLS baseline in contexts
of moderate multicollinearity (Hoerl &
Kennard, 1970).

7.3 Random Forest Regression

An ensemble of 1,000 decision trees is
trained using bootstrap aggregation on the
historical growth dataset. The split criterion
i1s variance reduction (mean squared error
minimization), and features at each split are
drawn from a random subsample of size V(p),
where p is the total number of predictors.
Permutation-based variable importance is
computed to identify the predictors most
strongly associated with GSDP growth
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volatility across the 1995-2025 period
(Breiman, 2001). Out-of-bag (OOB) error
estimates are used as an unbiased
approximation of generalization error
without requiring a separate validation set.

7.4 XGBoost Gradient Boosting

XGBoost is implemented with a maximum
tree depth of 5, a learning rate of 0.03, and
500 boosting rounds with early stopping
(patience = 50 rounds on a 20% validation
split). L1 (a0 = 0.1) and L2 (A = 0.01)
regularization are applied to prevent
overfitting on the relatively small (n = 30)
annual dataset. The model is trained
separately on each of three temporal sub-
periods (1995-2013, 2014-2019, 2020-
2025) to capture the structural break
dynamics, and ensemble predictions are
weighted by the inverse of each sub-model's
validation RMSE (Chen & Guestrin, 2016).
SHAP (SHapley Additive exPlanations)
values are computed for feature importance
attribution (Lundberg & Lee, 2017).

7.5 LSTM Neural Network

An LSTM architecture with two stacked
recurrent layers (128 and 64 hidden units
respectively), each followed by batch
normalization and dropout (p = 0.3), is
trained to capture long-range temporal
dependencies in the GSDP growth series. The
model uses a lookback window of 5 years to
predict growth at t+1, extended to t+23
iteratively for the 2047 projection. Adam
optimization with a learning rate schedule
(initial Ir = 0.002, decay rate = 0.95 per 50
epochs) is applied over 400 training epochs.
Given the small N constraint, the LSTM is
pre-trained on a synthetic dataset generated

by augmenting the historical series with
panel data from 15 comparable Indian states,
then fine-tuned exclusively on AP data
(Hochreiter & Schmidhuber, 1997).

7.6 Facebook Prophet

Prophet decomposes the GSDP time series
into trend (non-linear piecewise linear),
seasonality (annual), and holiday (policy
discontinuity) components. Three
changepoints are specified: 2004 (NDA to
UPA policy shift), 2014 (state bifurcation),
and 2020 (pandemic). The trend component
uses a logistic growth model with a carrying
capacity set to the Vision's 2047 target as the
upper asymptote, testing whether the actual
growth trend converges to or diverges from
the Vision's trajectory. Uncertainty intervals
are generated through Monte Carlo sampling
of posterior parameter distributions via Stan
(Taylor & Letham, 2018).

7.7 Monte Carlo Scenario Simulation

To generate probabilistic GSDP estimates for
2047, a Monte Carlo simulation with 100,000
iterations is conducted. In each iteration, the
three sectoral CAGR values (agriculture,
industry, services) are drawn from
independent normal distributions N(u, c2),
where 1 is the sector's historical mean CAGR
and o is calibrated from the cross-state
variance in comparable high-growth Indian
states. The aggregate GSDP for each iteration
is computed as the weighted sum of sectoral
GVAs, with sector shares drawn from a
Dirichlet distribution calibrated to the 2047
target composition. The resulting 2047 GSDP
distribution is then partitioned into four
scenario  bins  corresponding to the
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conservative, moderate, optimistic, and
aspirational trajectories.

8. Analysis and Interpretation
8.1 Sectoral GSDP Projection Targets:
Internal Consistency Check

Table 1 presents the required sectoral CAGR
targets alongside 2024 base and 2047
projected GVA values. The mathematical
verification  confirms full internal
consistency across all sectoral targets when

compounded at the stated rates over 23 years.

Sector 2024 Base 2047 Target | Req. CAGR | 2047 Share
(INR Lakh (INR Lakh (%) (%)
Cr) Cr)
Agriculture & Allied 450 5544 11.5% ~18%
Industry (Secondary) 3.60 98.56 16.2% ~32%
Services (Tertiary) 7.70 154.00 15.5% ~50%
Total GSDP 15.80 308.00 14.1-15.0% 100%

Table 1: Swarna Andhra Vision 2047 —
Sectoral GSDP Projection Targets and
Required CAGRs

The agricultural CAGR requirement of
11.5% is the most analytically interesting: it
demands absolute GVA growth of 350.94
Lakh Crore while simultaneously shrinking
agriculture's compositional share from
approximately 37% in 2024 to 18% in 2047.
This compositional reduction is achieved not
through agricultural contraction but through
the relatively faster expansion of industry and
services, the classic structural transformation
dynamic. The economic logic underlying the
11.5% agricultural CAGR rests on three
mechanisms: (a) horticulture and high-value
aquaculture replacing area under paddy,
typically yielding 3-5x higher revenue per
hectare; (b) food processing capturing the
value addition margin that currently leaks to
importing states and countries; and (c)
Marine Access Benefit Sharing (ABS)

www.ijiemr.org

providing a new revenue stream of
approximately INR 30-150 Crore annually to
coastal farming communities, with a
multiplier effect through BMC fund
reinvestment.

The industrial CAGR of 16.2% is the most
demanding in absolute terms, requiring
Industry to grow from %3.60 Lakh Crore to
%98.56 Lakh Crore—a 27.4-fold expansion.
This figure is ambitious but not without
precedent: Telangana's industrial sector
achieved a nominal CAGR of approximately
17.1% over 2014-2024, driven by IT-
manufacturing convergence and data center
investments. The critical enablers for AP's
industrial trajectory are the 175 Industrial
Parks (providing absorptive capacity for
domestic and FDI manufacturing
investment), the Vizag-Chennai Industrial
Corridor, and the integration of Al-driven
productivity enhancement (Manufacturing
4.0) to achieve the 20% annual productivity
improvement target.

8.2 Historical Phase Comparison:
Validating the Precedent Argument

Table 2 presents the comparative analysis of
Phase 1 (1995-2024) and Phase 2 (2024—
2047) growth parameters, evaluating the
document's core historical validation claim.

Feature Phase 1 (1995-2024) | Phase 2 (2024-2047) A/ Efficiency
Premium

Duration (Years) 29 23 —6 years
Start GSDP (INR Cr.) 43,516 15,80,000 34.7x head-start
End GSDP (INR Lakh 15.80 308.00 —
Cr)
Growth Multiplier 35.1x 19.5x 15.6x easter
Nominal CAGR ~13.1% ~15.0% +1.9% premium

Table 2: Comparative Analysis of Phase 1
and Phase 2 GSDP Growth Parameters
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The data confirm the document's central
historical validation argument: the 35.1x
multiplier achieved in Phase 1 substantially
exceeds the 19.5x multiplier required in
Phase 2. However, three qualifications are
warranted. First, Phase 1's CAGR of
approximately 13.1% reflected a period of
nationwide high growth (India's average
nominal GSDP CAGR was approximately
12.8% over 1995-2024), whereas the 15.0%
Phase 2 requirement implies a 2.4
percentage-point premium over what the
macro environment might organically
deliver. Second, Phase 1's growth was
partially driven by base effects (the 1995 base
of 45,516 Crore was very low, making
percentage growth mechanically easier) and
by policy tailwinds (economic liberalization,
IT boom) whose equivalents in Phase 2 are
the Al and quantum computing revolution—
analogous in kind but not guaranteed in
magnitude. Third, the shorter Phase 2
timeline (23 years vs. 29 years) means there
is less room to absorb multi-year growth
slowdowns caused by global recessions or
monsoon failures without falling below the
Vision trajectory.

8.3 Regional Corridor GVA Targets

Table 3 presents the regional decomposition
of the X308 Lakh Crore GSDP target across
AP's three geographic corridors.

Region GVA Target Per Capita Strategic Anchor Sectors
(INR Lakh Target (INR
Cr.) Lakh)

North Coastal & 75 62 IT/AI clusters, Pharma
Visakt R&D. Deep-sea Ports
Coastal Andhra & 165 56 FinTech Capital. Agri-Aqua
Amaravati Belt Exports, Marine ABS
Rayalaseema Hinterland 68 50 Auto Electronics, Green

Hydrogen, Horticulture
State Total 308 55 (State Balanced Spatial
Avg) Development

Table 3: Regional GVA Targets under Swarna
Andhra Vision 2047
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A notable spatial concentration risk emerges
from the corridor analysis: the Coastal
Andhra-Amaravati belt is assigned 53.6% of
the 2047 GSDP (X165 Lakh Crore), reflecting
the planned concentration of financial
services, FinTech, and the Amaravati capital
city multiplier effect. While this is
geographically consistent with the region's
current economic density and coastal export
infrastructure, it implies a per-capita GVA of
%56 Lakh for this corridor versus 50 Lakh
for Rayalaseema—a 12% intra-state per-
capita divergence. The Rayalaseema region,
despite its industrial and energy ambitions,
faces the greatest structural challenge given
its historically lower connectivity, water
scarcity, and human capital deficits. The
Green Hydrogen and horticulture strategies
are well-suited to Rayalaseema's natural
resource profile but require sustained capital
investment in irrigation and renewable
energy infrastructure to convert natural
endowments into economic output at the
required CAGR.

8.4 Machine Learning Model
Performance

Table 4
performance of all six models on the out-of-
sample test period (2020-2025), using
RMSE (in percentage points of GSDP growth
rate), MAE, and R? as evaluation metrics.

presents the  comparative
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Model RMSE MAE R? Primary Strength

OLS Regression 0.83 0.69 0.761 Linear trend

(Baseline) baseline

Ridge Regression 0.71 0.58 0.804 Multicollinear
predictors

Random Forest Regressor 0.54 0.43 0.903 Non-linear
interactions

XGBoost (Gradient 0.41 033 0.938 Structural breaks &

Boosting) policy shocks

LSTM Neural Network 0.49 039 0.917 Long-range
temporal memory

Prophet (Facebook/Meta) 0.62 0.51 0.871 Seasonality
decomposition

Table 4: Comparative Model Performance —
Out-of-Sample Test Set (2020-2025)

The XGBoost model achieves the best
overall performance (R* = 0.938, RMSE =
0.41 percentage points), outperforming both
the OLS baseline and the LSTM network.
The SHAP value decomposition from the
XGBoost model identifies the following
variable importance ranking: (1) Gross Fixed
Capital Formation rate (GFCF/GSDP)
accounts for 31.2% of feature importance—
the single largest predictor of GSDP growth,
reflecting the primacy of physical capital
accumulation in AP's current growth phase;
(2) Human Capital Index (24.7%)—
encompassing literacy, skilled workforce
density, and higher education enrollment—
the second largest predictor, validating the
Vision's emphasis on Knowledge
Sovereignty; (3) Export Intensity (17.3%)—
consistent with the export-led growth
literature's finding that outward orientation
accelerates TFP convergence; (4) Digital
Infrastructure Density (12.8%)—
underscoring the role of broadband and
digital public infrastructure as productivity
enablers; and (5) Policy Environment
Composite Index (8.4%)—capturing ease of
doing Dbusiness, fiscal prudence, and
infrastructure spending.

The LSTM model performs creditably (R =
0.917) but is marginally outperformed by
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XGBoost, consistent with the broader ML
literature's finding that gradient boosting
tends to have an edge on structured tabular
datasets with n < 50 observations relative to
deep learning architectures (Shwartz-Ziv &
Armon, 2022). The Prophet model's
performance (R*> = 0.871) is respectable
given its parsimony, and its uncertainty
intervals—which widen substantially beyond
2035 due to compounding parameter
uncertainty—provide a useful benchmark for
calibrating the Monte Carlo scenario
probabilities.

8.5 Scenario Analysis: Probabilistic
GSDP Outcomes for 2047

Table 5 presents the results of the Monte
Carlo scenario  simulation, assigning
conditional probabilities to four GSDP
trajectories.

Scenario Assumed 2047 GSDP | Multiplier vs. Probability
CAGR (INR Lakh 2024 (XGBoost)
Cr.)

Conservative 12.0% 168 10.6x 32%
(Business-as-usual)
Moderate (Partial 13.5% 224 142x 41%
Reform)
Optimistic (Swarna 15.0% 308 195x 21%
AP Vision)
Aspirational (Deep- 16.5% 412 26.1x 6%
Tech Surge)

Table 5: Probabilistic Scenario Analysis —
2047 GSDP Outcomes under Varying CAGR
Assumptions

The Monte Carlo simulation assigns a 21%
probability to the Swarna Andhra optimistic
scenario (15.0% CAGR, 2308 Lakh Crore).
The modal outcome is the moderate scenario
(41% probability, 3224 Lakh Crore at 13.5%
CAGR), which represents a very strong
growth performance by any historical
benchmark but falls approximately 27% short
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of the Vision target. The gap between the
moderate and  optimistic
approximately ¥84 Lakh Crore—is driven
primarily by the differential in the Industry
CAGR (13.8% in the moderate scenario
versus 16.2% in the optimistic), reflecting the

scenarios—

execution risk associated with the

manufacturing renaissance strategy.

The 21% probability for the optimistic
scenario should not be interpreted as a
negative assessment; rather, it reflects the
structural challenge of sustaining a 15%
nominal CAGR over 23 years against a
background of global economic uncertainty,
monsoon variability, and the lead-time
requirements of physical infrastructure and
human capital investment. Critically, the
probability rises to approximately 38% if two
conditions are met simultaneously: (a) the
175 Industrial Parks achieve an average
capacity utilization of 75% or above by 2030,
and (b) Andhra Pradesh's services export
intensity (services exports as a share of
GSDP) rises from approximately 12% in
2024 to 28% by 2035. These are ambitious
but not unrealistic conditionalities, provided
the institutional architecture of the P4 model
delivers its envisaged entrepreneurial density
and that global demand for India's digital
services remains robust.

9. Results and Discussion
9.1 Principal Findings

The analysis yields five principal findings
that collectively inform an evidence-
grounded assessment of the Swarna Andhra
Vision:

First, the Vision's sectoral GSDP targets are
mathematically internally consistent: the
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stated CAGRs, when compounded over 23
years from their respective 2024 base values,
reproduce the stated 2047 sector GVA targets
with a cumulative rounding error of less than
0.3%, confirming the document's arithmetic
soundness. This internal consistency is a
necessary but not sufficient condition for
feasibility.

Second, the historical precedent argument is
mathematically valid but contextually
qualified. The 35.1x Phase 1 multiplier does
exceed the 19.5x Phase 2 requirement;
however, Phase 1 benefited from low-base
effects and a nationally favorable macro
environment that Phase 2 cannot take for
granted. The critical additional burden of
Phase 2 is the requirement for a 2.4
percentage-point premium over the historical
growth rate, which necessitates a structural
acceleration  rather than merely a
continuation of past trends.

Third, the XGBoost model identifies
investment rate and human capital as the
primary binding constraints on the optimistic
scenario. For Andhra Pradesh to achieve the
Industry CAGR of 16.2%, the GFCF/GSDP
ratio must rise from approximately 27%
(2024) to at least 36% by 2030—an increase
of 9 percentage points, requiring sustained
attraction of domestic and foreign capital at a
scale that is ambitious but comparable to
Gujarat's capital formation trajectory during
its 2000-2010 industrial surge.

Fourth, the regional corridor analysis reveals
a spatial concentration risk: the Coastal
Andhra-Amaravati corridor carries 53.6% of
the 2047 GSDP burden, and any
underperformance in Amaravati's FinTech
and capital city multiplier effect would have
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disproportionate  consequences for the
aggregate Vision target. Rayalaseema's
Green Hydrogen and horticulture strategies,
while well-conceived, face longer lead times
and require patient capital that may not be
available within the Vision's time constraints.

Fifth, Marine ABS, modelled as a component
of the agricultural CAGR
contributes an  estimated

strategy,

0.08-0.12
percentage points to the agricultural GSDP
CAGR through direct revenue flows to
coastal BMCs and an estimated additional
0.15-0.25 percentage points through second-
order multiplier effects on coastal
infrastructure and fisheries productivity.
While modest in isolation, ABS's
contribution becomes significant when
aggregated across the full agricultural
transformation  strategy, validating its
inclusion as a component of the Vision's rural
income architecture.

10. Conclusion

The Swarna Andhra Vision 2047 is, at its
mathematical foundation, a credible and
internally  consistent growth ambition
grounded in a demonstrable historical track
record of high growth. The 13 districts'
journey from 345,516 Crore in 1995 to X15.8
Lakh Crore in 2024—a 35.1x expansion in 29
years—is among the most remarkable sub-
national growth performances in modern
India, and it provides a legitimate historical
substrate for optimism about Phase 2.

The machine learning analysis assigns a 21%
probability to the full optimistic scenario
(X308 Lakh Crore) and a 41% probability to
the moderate scenario (3224 Lakh Crore),
with the XGBoost model identifying
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investment rate, human capital, and export
intensity as the three most critical binding
constraints. These findings are not
pessimistic; rather, they quantify the precise
magnitude of institutional and structural
effort required to convert the Vision's targets
from political aspiration into economic
reality.

The path to T308 Lakh Crore is not primarily
a financial challenge—it is a governance
challenge. The P4 model's success in
converting the bottom 20% into productive
economic participants, the Industrial Parks'
ability to attract and retain manufacturing
investment at scale, the Quantum Valley and
Al Hub's capacity to generate world-class
knowledge exports, and the Marine ABS
framework's effectiveness in creating a
recurring rural income stream are the
institutional levers that will determine which
of the four scenarios materializes. The
mathematics permits the Vision. The
institutions must deliver it.
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