International Journal of Accounting and Economics Studies, 12 (5) (2025) 248-263

International Journal of Accounting and Economics Studies

Website: www.sciencepubco.com/index.php/IJAES
https://doi.org/10.14419/f5vx8x77
PC Research paper

Macroeconomic Factors Affecting Petroleum Products
Export: Evidence From The Frequentist and
Bayesian Regression

Haris Noor !, Aneesur Rahman %, Dr. Sana Noor !, Mohd Kadir Ansari 2, Mohd Fateh 3,
Dr. Md. Firdos Ahmad 2, Mahazabi 4

! Department of West Asian & North African Studies, Aligarh Muslim University, Aligarh, India.
2 Department of Economics, Aligarh Muslim University, Aligarh, India.
3 Department of Agricultural Eco. & Business Mngt, Aligarh Muslim University, Aligarh, India.
4 Department of Applied Business Economics, Dayalbagh Educational Institute, Agra, India
*Corresponding author e-mail: aneesurrahman05@gmail.com

Received: July 15, 2025, Accepted: August 27, 2025, Published.: September 6, 2025

Abstract

This study delves into the intricacies of India's export of petroleum products within the dynamic landscape of the Gulf Cooperation Council
(GCC) countries by utilizing extensive export data. Besides this, some critical macroeconomic variables affecting India’s export of petro-
leum products, namely OPEC oil prices and India's economic size, which is epitomized by gross domestic product, are analyzed. The
empirical analysis time frame is from 2000 to 2023. To examine linkages between the variables with their coefficient signs, this study uses
autoregressive distributed lag bound testing to obtain short and long-run estimates with an error correction model and ordinary least squares.
Moreover, non-frequentist Bayesian linear regression is used for validity estimations. The findings reveal that both frequentist and non-
frequentist approaches justify that the OPEC oil prices and India's GDP significantly affect India’s export of petroleum products to GCC
countries. Lastly, diagnostic tests are applied to check stability and robustness in both frequentist and non-frequentist Bayesian regression.
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1. Introduction

India embarked upon liberalization and reforms of'its economy in 1991, extending reforms to the petroleum sector a few years later, directly
affecting petroleum product exports (Azhar, 2021). With the strong relationship between India and the GCC regions, the demand for oil
products increased for daily use in the Gulf region. Good economic ties and foreign investment among both regions enable Indian refineries
to increase their throughput (Noor & Noor, 2024), and finally, India emerges as a petroleum products exporter (Shalu et al., 2023). Petro-
leum products are crucial to India's economy and development, supplying raw materials, energy, gasoline, and lubricants across various
sectors. Known as mineral oil, petroleum stands as India's second-largest energy source after coal. Despite India's production of petroleum
products, 82% of its oil requirements are met through imports. To reduce dependence on imported oil, India aims to enhance its use of
domestic resources and position itself as an export hub for petroleum products in the near future. India's petroleum sector stands at the
crossroads of tradition and transformation, embodying the nation's journey from agrarian roots to becoming one of the world's fastest-
growing economies. There is a substantial amount of crude oil imports in our country, refined to produce various petroleum products like
gasoline, diesel, and other fuels. Petroleum products play a crucial role in both our imports and exports. Petroleum products are derived
from crude oil through refining processes in oil refineries. Most crude oil is transformed into these products, encompassing various fuel
categories such as diesel, LPG, coal, kerosene, gasoline, coke, etc. Petroleum products export up 3.10% from USD 6.42 billion in April
2023 to USD 6.62 billion in April 2024. After 2000, the exports of petroleum products from India rose sharply, reaching a peak in 2022,
and it became India's highest-traded commodity. The specific increasing trend of petroleum products export and combined growth in OPEC
oil prices and GDP is shown in Figures 1 and 2. The top regions where India exported its petroleum products in the FY 2022 are Asia,
Europe, the Middle East, and North Africa. In this study, six countries of the GCC are taken where India exports its highest-traded petro-
leum commodities, as shown in Figures 6 to 15 in the appendix, as per the availability of data.

As GCC is a cartel of petroleum-exporting countries, India is exporting vast amounts of petroleum products due to the large diaspora in
the Middle East and North African region, and rising consumption demand for petroleum and its products. In this scenario, for empirical
testing of India’s export of petroleum products and factors influencing these exports, crucial macroeconomic variables are taken, namely
OPEC oil prices and India's GDP, which directly affect India's export of Petroleum products, and for instance, the study takes the Gulf
Cooperation Council countries in total, where India exports petroleum products item HS-2710. This study aims to determine the deeper
association by explaining trends in India’s export of petroleum products to the GCC while analyzing its dynamic linkages with OPEC oil
prices and India’s GDP. As found by (Gupta & Goyal, 2015a), OPEC oil prices play a crucial role in determining the Indian economy and
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trade. (Roy, 2023) uses dynamic ARDL modelling to assess the linkages between oil price, trade, GDP, and remittances. Aidarova et al.
(2024) use the ARDL model to examine the relationship between oil exports and economic growth. This study uses the same approach of
ARDL and bound testing to examine the economic linkages between petroleum products export, OPEC oil prices, and India’s GDP, with
further enhancement of including OLS and non-frequentist Bayesian linear regression for validity estimates as used by (Nguyen et al.,
2019; Thach, 2023, 2025), where no prior studies follow this approach in the context of the petroleum products export, OPEC oil prices
and GDP of India.

Petroleum Exports, India GDP & OPEC Oil Prices (2000-2025)
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Fig 1: Combined graph of trends in India’s total petroleum products export to GCC, India's GDP, and OPEC oil prices. Source: Author’s
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Fig 2: Stylized growth and fluctuation in India’s total petroleum products export to GCC, India’s GDP, and OPEC oil prices from 2000 to 2025. Source:
Author’s

The OPEC oil prices persistently declined from 2015 to 2020 and again after 2021 to 2025, causing India’s exports of petroleum products
to rise and reducing the deficit. In 2022, the OPEC oil price was 100.8 $ per barrel, while this figure declined to 82.95 $ per barrel and
went down to 79.89 $ per barrel to 78.16 $ per barrel in the years 2024 to 2025. Besides these recent years, OPEC oil prices were still very
low in 2015 at 49.49 $ per barrel and dropped to 40.16 in 2016 (opec.org.in). The OPEC oil prices affect the petroleum products exported
from India because OPEC oil prices have a massive effect on India's petroleum industries and refineries. The decline in OPEC oil prices
will raise the country's exports and production of petroleum products. In addition, India’s economic growth and development, as depicted
by the GDP, play a vast role in the export of petroleum products from India. India's GDP growth directly affects economic revenue and
surplus, which stimulates more production in refineries due to consumption expansion and raises exports of petroleum products from
India’s refineries to other countries.

Studies based on oil prices and growth using all these frequentist regressions by (Gupta & Goyal, 2015; Latief et al., 2020; Negi, 2015;
Rahiman & Kodikal, 2019; Rao & Parikh, 1996; Sarkar & Mathew, 2018; Soundarapandiyan & Ganesh, 2017; Tiwari, 2015; Zavaleta et
al., 2015) are less empirical, and no particular study is on OPEC oil prices. OPEC oil prices and the economic size of India are affecting
the growth in petroleum exports by promoting refinery throughput as there is a decline in the oil prices of OPEC directly affecting petroleum
exports as India is getting more oil from different regions, and this will increase the production in the oil refineries and increase in export,
the economic size of India which is taken into account by the GDP as growth in GDP also promoting export, all the trend and fluctuation
in triangulation in OPEC prices, GDP of India, and Petroleum products export can be seen from the Figure 1 and 2. To execute the model,
the frequentist approach is used, which is ARDL regression Pesaran et al., 2001; Pesaran & Shin, 1995), Ordinary Least Squares, and a
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non-frequentist Bayesian regression approach for validity estimation, as used by to compare whether frequentist or non-frequentist ap-
proaches are compatible for this analysis with current variables. The studies of (Briggs, 2023; Dagar & Malik, 2023; Drachal & Pawlowski,
2024; Jiao et al., 2021; Kalia, 2024a; Lee & Huh, 2017; Mehrara et al., 2017; Nguyen et al., 2019; Periwal, 2023) used the non-frequentist
approach.

The main contribution of this study is to explore the more sophisticated integrated linkages between India’s Petroleum products exports,
OPEC oil prices, and the GDP growth of India, in the current literature. Bayesian linear regression has the advantage of using prior infor-
mation to get the posterior distribution and to check the validity and robustness of the Bayesian linear regression, and it works more
appropriately with small datasets and observations, unlike frequentist methods, where more observations are needed for probabilistic in-
ference. So, this study uses both frequentist and Bayesian linear approaches to test the compatibility and to determine how factors like
OPEC oil prices and the GDP of India affect petroleum products exports from India. Moreover, the convergence in the Bayesian model is
shown by MCMC convergence trace plots, which are derived to check the overall fit and convergence in the predictive model with selected
variables depicted in Figure 3. The convergence of the dependent variable, namely Lnexport (India’s petroleum product exports), with the
independent variables LNOPEC (OPEC oil prices) and LNGDP (GDP of India) shows the long-run economic linkages between them,
where India’s petroleum product exports are affected in the long run by OPEC oil prices and GDP growth of India.

2. Review of Literature

Some prior studies are critically analyzed in this study, with specific research gaps related to India’s petroleum products exports, oil prices,
and India’s GDP. Moreover, previously used empirical techniques are discussed in this study with their limitations. A few of the studies
done on India’s petroleum products exports are those by Kulkarni, Tikyani, and Singh (2023) explore the impact of COVID-19 on the
import and export of petroleum products and crude oil in India. It discusses the significant contribution of imports and exports to economies
of scale and industrialization, particularly in the oil and gas industry. This study also covers changes in petroleum products' consumption,
production, and exchange rates before and after the COVID-19 outbreak. The research focuses specifically on the impact of COVID-19 on
the import and export of petroleum products and crude oil in India, potentially overlooking broader economic factors. The study may only
consider some variables influencing the import-export dynamics of petroleum products, leading to a limited scope of analysis. Azhar (2021),
India’s Emergence as a Petroleum Products Exporter, analyzes the recent trend in Petroleum Products Export and Import by India. The
author analyzes the time series data from 2000 to 2017 on the Petroleum product trade in India. Meanwhile, the study provides vast
knowledge of petroleum products. Still, it does not include other Petroleum Products like Petroleum Jelly, Petroleum Coke, Pitch Coke,
Lubricating oil, and Petroleum Resins, and the study period does not include recent years. Bhattacharyya and Blake (2009) The research
paper analyzes the domestic demand for petroleum products in the Middle East and North African (MENA) countries from 1982 to 2005.
It focuses on the evolution of petroleum product demand in MENA and conducts an econometric analysis for gasoline, diesel, kerosene,
and fuel oil in seven countries. Results show rapid demand growth due to low fuel prices and rising incomes, with the gasoline demand
model performing the best. The study focuses on MENA countries only, potentially limiting the generalizability of findings beyond this
region. The analysis covers a specific period (1982-2005), which may not reflect current trends in petroleum product demand. The study
uses a simple log-linear specification for demand analysis, which may oversimplify the complex factors influencing demand. The study by
Rajan (2012) analyses the impact of globalization on India’s petroleum exports. The primary goal of introducing globalization in India was
to enhance economic growth and achieve other macroeconomic objectives. The current account in the balance of payments serves as a
reflection of a country's economic development. Balance of payments challenges in a country can arise due to factors such as weak domestic
financial systems, large and persistent fiscal deficits, high levels of external or public debt, exchange rates fixed at inappropriate levels,
natural disasters, armed conflicts, or sudden and sharp increases in the prices of essential commodities like food and fuel.

Studies done on OPEC oil prices and international oil prices that affect the trade and economy are by Olayungbo et al. (2023). The study
analyses oil production and price determination among OPEC and non-OPEC countries from 1965 to 2021. It identifies Saudi Arabia as
the leading oil producer and Russia as a key determinant of global oil prices, with the USA acting as a stabilizer. The findings suggest that
cooperation among these countries is essential for stabilizing oil prices and the global economy. The study's results are supported by low
in-sample forecast errors, indicating reliability. The study focuses on a specific time frame (1965-2021), which may not capture recent
developments or shifts in the oil market dynamics. The reliance on Bayesian graphical network causality and Granger causality tests may
introduce methodological biases, depending on the assumptions made in these models. The findings emphasize the roles of Saudi Arabia,
Russia, and the USA, potentially overlooking other influential factors or countries in the global oil market. The study's implications for
cooperation among oil-producing countries may not account for geopolitical tensions that could affect collaboration.

Montant (2024) studied how well OPEC+ coordination strategies worked from 2009 to 2023, finding that some strategies existed before
OPEC+ was formed but did not significantly affect oil prices until after 2016. It also shows that countries' timeframes for production
influence their compliance with production limits, and OPEC+ notably impacted oil prices from 2016 to 2022. However, the study's short
period may introduce biased results, and it does not report heteroscedasticity in the panel data, nor do some p-values appear insignificant
in the findings tables, nor has it applied several diagnostic tests to see stability in the model. Obadi & Korcek's (2024) analysis has
determined the short and long-term associations between geopolitical incidents and crude oil price changes across 2000-2023. The study
uses the Autoregressive Distributed Lag (ARDL) model to find cointegrating relationships between variables that work for data integration
levels. The model displays limitations regarding the ability to include other significant factors affecting oil prices through speculation,
primarily because the relevant dataset is unavailable. The growth of Indian GDP was removed from the model because it proved statistically
insignificant, thus reducing the analysis span. Table 3 shows ARDL results, which are insignificant and with no economic interpretation.
Abdelsalam's (2023) study examines the impact of crude oil price movements on economic growth in the MENA region and explains the
distinct results that oil exporters and importers receive. The research approach for monitoring different data distribution quantiles during
analysis adopts the Panel quantile regression methodology. According to the research outcomes, institutional quality is the controlling
variable. Research data collected from MENA countries lacks validity for predicting areas that do not engage in similar economic opera-
tions or oil-based industries. In their study, the GARCH model has an insignificant constant. In the linear model, the GMM results contain
insignificant variables, and the same problem is found in the pooled OLS, which is a significant hindrance to the study. P. Sharma &
Shrivastava (2024) examined how initial crude oil price modifications in the market repeatedly influenced significant economic factors,
including GDP performance, employment rates, industrial production, inflation rates, foreign exchange rates, and stock market valuation
in India. The research indicates that GDP creates positive effects on stock prices. The research evaluates the Indian economy without
considering economic patterns from other regions or the national level. Results from the 30-year study period might be influenced by
current economic changes and disruptive elements, leading to potential distortion in final research outcomes. The study has limitations
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because the long-run association with GDP does not exist. It is the central motive of the study, and the p-value is not highly significant.
Kathiravan et al., (2023) paper sought to find the relationship between the change in the price of crude oil and GDP per capita and the
change in the exchange rate. This paper showed a mutual and significant unidirectional Granger causality between Dubai crude oil prices
and exchange rates. In the OLS model, the dependent variable that captured the attention was the exchange rate, where Dubai crude oil
prices were significant, too. On the other hand, WTI crude oil prices were substantial in terms of GDP per capita and exchange rate. The
study covered the period 1990 to 2020, which would exclude certain advancements in the 2021 calendar year. In this process, the actual
influence of elements such as volatility and trends in ‘oil prices, GDP per capita, and exchange rates’ may not have been fully captured
due to the inherent limitations of the employed statistical tools. Al Humssi et al., (2022) study demonstrates that higher world oil prices
generate direct growth in the UAE's GDP. The study shows that the UAE needs to develop non-oil economic sectors to fight potential price
volatility because its petroleum-centered economy threatens future economic durability. The research analysis period from 2001 to 2020
fails to reflect contemporary economic changes and global events that affect oil prices and GDP, thus limiting the practical use of the
resulting conclusions. The use of ADF, OLS, ARDL, and Granger causality statistical approaches brings limitations despite the failure to
support model general assumptions and handle essential variables. The research fails to account for crucial economic factors that impact
the United Arab Emirates because it examines only oil prices and does not provide a complete comprehension of the economic trend.
Meanwhile, several variables' t-statistics with high standard errors are not significant, which may induce a lack of confidence in interpre-
tation. Salem et al. (2024) investigate the substantial effects of increasing petroleum prices on worldwide economies concerning national
production volumes and economic equilibrium maintenance. Governments should implement policy adjustments to handle alterations in
oil price movements. The study results exhibit heteroscedasticity, and the analysis of several countries shows that macroeconomic elements
of consumption and investment do not produce significant findings from their findings diagnostics table in the paper. Studies related to
India’s GDP growth, done using Bayesian regression, are by Pandey et al., (2023), which include export-import, inflation, and unemploy-
ment in their model, and the regression analysis estimates India’s GDP. Compared to OLS regression, SR improves the selection and
credibility of a model because it shows a decrease in DIC values. The linear regression model assumes a linear relationship between GDP
and covariates, which may not capture complex economic interactions effectively; the OLS variables' coefficients are mostly insignificant.
Moreover, the study does not include oil prices, which are important factors in determining GDP. One of the most crucial demerits of their
study is that in Tables 2 and 3 of OLS and Bayesian estimates, most of the p-values of parameters are insignificant, leading to biased results.

Prior literature, based on Bayesian regression such as Baumeister & Hamilton's (2021), applies Bayesian VARSs to analyze oil price shocks
and macroeconomic policy implications. It demonstrates how priors improve inference in small-sample macroeconomic data. However, its
focus is largely on policy interpretation in the U.S., which may limit direct application to emerging economies like India. Chan & Eisenstat
(2022) employ Bayesian model averaging in oil market analysis. This work shows how accounting for model uncertainty improves robust-
ness in estimating oil demand and supply elasticities. The limitation is its technical emphasis on model comparison rather than broader
trade implications. Petrovi¢ & Vukadinovié's (2022) paper uses Bayesian quantile regression to assess crude oil price volatility. It highlights
the advantage of Bayesian approaches in capturing asymmetric effects. Still, its narrow focus on volatility limits insights for broader
macroeconomic linkages like trade or GDP. Koop & Korobilis (2021) work on large Bayesian VARs with stochastic volatility underscores
the strength of shrinkage priors in handling high-dimensional data for forecasting trade and GDP. While methodologically rigorous, it may
be computationally demanding and less accessible for smaller applied studies. Karlsson's (2021) review chapter synthesizes Bayesian
methods in economic forecasting, emphasizing advantages over frequentist models in terms of flexibility and handling uncertainty. How-
ever, it is more conceptual than empirical, offering limited direct evidence on energy or trade contexts. Del Negro & Primiceri (2022)
develop time-varying structural VARs using Bayesian methods to study monetary policy shocks. Although highly influential for macroe-
conomic modeling, the application is central-bank oriented, with limited focus on trade flows or energy sectors. Rafiqul & Alam (2022)
study applies Bayesian hierarchical regression to CO- emissions and energy use in Asia. It provides evidence of Bayesian methods captur-
ing country-level heterogeneity effectively. Yet, it is more focused on environmental impacts than trade performance. Liu and Chen (2023)
used Bayesian structural equation modeling. This paper examines links between renewable energy, oil prices, and GDP in emerging econ-
omies. Its strength is capturing latent structures and complex causal pathways, though it does not directly analyze petroleum product exports.
Wang & Zhang (2021) introduce a Bayesian graphical regression approach to analyze global energy trade networks, showing how Bayesian
methods map interdependencies across countries. A drawback is its highly technical nature, making policy translation less straightforward.
Carriero, Clark, & Marcellino (2022) assess specification choices in Bayesian VARs and their effect on forecast accuracy. The study
illustrates Bayesian robustness in macroeconomic forecasting but is mainly methodological, not sector-specific. Hastie & Tibshirani (2022)
paper advances Bayesian shrinkage priors in regression, demonstrating efficiency gains in parameter estimation. While methodologically
important, its contribution is statistical rather than directly applied to energy trade or macroeconomics. Giannone, Lenza, & Primiceri
(2021) focus on prior specification for long-run Bayesian regressions. This work strengthens the credibility of Bayesian inference in mac-
roeconomics. However, its contribution is more theoretical, with limited immediate application to empirical petroleum trade studies. Pan-
dey et al. (2024) trade, rates of inflation, and levels of unemployment can all affect GDP. It is proposed to use a linear regression model to
accurately estimate India's GDP based on the information given by the World Bank. Using step-wise regression to study GDP leads to
clearer results than old methods by lowering the Deviance Information Criterion. The paper explores using a Bayesian approach for GDP
statistics, compared to frequentist methods. The model and the actual values from 2022 are closely in line: India’s GDP is estimated at
$3.38 trillion. While comparing OLS to Bayes, they look at mean absolute deviation, root mean square error, and mean absolute percent
error, but do not consider the other parameters’ signs and impact, because these are insignificant and may add some bias. The paper by
Parikh, Purohit, & Maitra (2007) discusses the relationship between energy consumption and economic growth in India, highlighting the
country's significant commercial consumption growth. It reviews various energy demand models, presents forecasts for petroleum products
and natural gas demand, and discusses policy implications. Assumptions about economic development, energy utilization rates, and inter-
fuel substitution possibilities may influence the study's projections. The log-linear specification for demand projections did not find signif-
icant relationships with critical variables like GDP per capita, population, and price.

No previous literature work used the Bayesian regression analysis in the context of finding the economic linkages between India’s export
in petroleum products, OPEC oil prices, and the GDP of India, in view of comparison with ARDL and OLS outcomes. This study fills the
previous gap with a more calibrated, diverse regression analysis to know the current scenario between the sophisticated regressors and how
they impact the export of petroleum products to the Gulf Cooperation Council.
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3. Data and Methodology

This study has included crucial variables, like petroleum product item HS-2710 export to Gulf Cooperation Council countries by India as
dependent variables, the GDP of India as a proxy variable for economic growth and development, and OPEC oil prices as independent
variables in a linear equation, and there is a two-sided log-log relationship. OPEC oil prices, dollar per barrel, are the combined average
spot prices total of 13 oil exporter countries of OPEC, namely “Algeria (Saharan Blend), Angola (Girassol), Congo (Djeno), Equatorial
Guinea (Zafiro), Gabon (Rabi Light), IR Iran (Iran Heavy), Iraq (Basrah Light), Kuwait (Kuwait Export), Libya (Ess Sider), Nigeria (Bonny
Light), Saudi Arabia (Arab Light), United Arab Emirates (Murban), Venezuela (Merey).” India’s Petroleum product HS-2710 export to
GCC taken from the export-import data bank, the Ministry of Commerce and Industry, from 2000 to 2023, and is used for empirical analysis.
The OPEC oil prices are taken from the Organization of the Petroleum Exporting Countries, and India’s GDP current USD is taken from
the World Development Indicators for the same time frame (WDI_DataBank.html). The availability of data on India’s petroleum product
(HS-2710) export to GCC from India is from 2000 to 2023; therefore, the time frame of this study is from 2000 to 2023. For the investigation
and data processing, we employed E-Views 12 and STATA 17. The empirical estimates of the relationship between India’s petroleum
product export, OPEC oil prices, and GDP are tested using the ARDL bound testing approach, ordinary least squares, and, lastly, the
Bayesian linear regression. First, the stationarity of the variables is checked through the unit root test, then the ARDL bound test is em-
ployed to determine the cointegration and long-run association, and then the ARDL short and long-run estimates are calculated with the
error correction model mechanism ECM to know the speed of adjustment toward the long-run equilibrium. Then, the ARDL results are
compared with OLS. The Bayesian linear regression is executed to determine whether there is any major difference from frequentist anal-
ysis, and the robustness of Bayesian estimates is checked through the MCMC convergence trace plots.

A) The following equation (1) can specify the ARDL model:
Dy = 0o+ 31 Bi Ayeoi + DIy 8 Axey + X, & Aze + My + A2 + A3z¢; + 1 (1)

Here, the variable being tested is yt, and A1, A2, and A3 are long-run coefficients, and i, di, and i are short-run dynamics coefficients where
a0 and pt are constants and error terms, respectively. In Table 2, the F-bounds test value is 57.11, confirming a long-run relationship among
the variables, which means they move together in the long run, though it leads to short-run departure. Equation (2) shows how short-term
and long-term changes are connected.

AInExp = o, + X, Bi AInGDP,_; + X}, 8; Aln OPEC,_; + A1InGDP,_; + A2InOPEC,_; + p, )

The bound testing approach reveals a long-run relationship among the variables, and the null hypothesis of no relationship among the
variables is rejected, and the alternative hypothesis is accepted. The least squares technique is employed by applying the error correction
model to ascertain the speed at which changes transit towards the long-run equilibrium depicted in Table 3 in ARDL short-run dynamics.
It measures the extent of flexibility of the dependent variable in responding to any form of disruption of the hypothesized equilibrium. It
shows how fast the system changes in response to short-term shocks and the size and signs of the changes. The error correction term also
helps us estimate the short-run relationship between the independent and dependent variables. Equation (3) presents the general model
describing the ECM. Where all coefficients refer to the short-term behavior of the variables moving towards a long-run equilibrium,
ECMt—1 is the error correction term, and § is the convergence speed following a short-term disturbance shown in Equation 3 and Table 3.

AInExp = o, + X5, Bi AInGDP_; + X}, 8; Aln OPEC,_; + 8ECM + 3)
3.1 Unit Root Examination for Stationarity

By conducting the Augmented Dickey-Fuller (ADF), Dickey-Fuller Generalized Least Squares (DF-GLS), and the Phillips-Perron (PP)
test, we get the stationarity at the first difference I (1), so the null hypothesis is rejected for all the tests, indicating that the time series data
has a unit root, indicating it is non-stationary. The results of the unit root test (ADF, DF-GLS, and PP) demonstrate that all of the variables
in Table 1, including LNEXPORT, LNGDP, and LNOPECOIL, are stationary at I (1) first difference and do not have a unit root. After
knowing stationarity of the variables, we use the ARDL bounds testing approach to determine whether co-integration exists for the long-
term relationship between the variables over 2000-2023.

Table 1: Unit Root Test

Variables AT D DF-GLS Phillips Perron
Fuller

t & p-value t-stats p-value t-value p-value t-value p-value
LNEXPORT -2.103 0.245 -0.594 0.558 -2.103 0.04
DLNEXPORT -3.724 0.011 -3.563 0.001 -3.724 0.001
LNGDP -1.71 0.001 -0.391 0.700 -1.710 0.101
DLNGDP -4.53 0.000 -4.445 0.002 -4.534 0.000
LNOPECOIL -1.830 0.081 -1.516 0.143 -1.830 0.081
DLNOPECOIL -4.145 0.000 -4.001 0.000 -4.154 0.000

Source: Author’s
3.2 Estimates of Bound Tests for the ARDL Model

Table 2 shows that even when the model meets all best-fit requirements, the “ARDL bound testing technique developed by Pesaran et al.
(2001); Pesaran & Shin (1995)” is used to assess whether there is a long-run correlation between the factors. Using AIC, we have deter-
mined that the maximum lag order for ARDL estimation is two, and the selected model's lag is (1, 0, 2). We did not find any trends after
running the model. The ARDL is measured using the AIC. As per Pesaran, “The computed F-statistics at the 1, 2.5, 5, and 10% significant
levels are 57.11, which is represented by I(1) > I(0). Bound testing, an extension of ARDL modelling, uses f and t-statistics to assess the
significance of lagged levels of variables in a univariate equilibrium correction system. It is utilized when it is uncertain whether the data-
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generating process of a time series is trend stationary or first difference stationary. This method helps determine the appropriate model to
use based on the stationarity properties of the data. We are given model lags by this ARDL bound test approach, which facilitates the
verification of the short-term and long-term links. In this computed model, the latency is (1, 2). The F-statistic is greater than the lower and
upper bounds, showing a long-run relation and cointegration among the variables at every critical value. The f-statistic is greater than the
lower and upper bounds, which shows the excellent effect of cointegration among the variables LNEXPORT of Petroleum Products HS-
2710, LNGDP of India, and LNOPEC oil prices, which is the combined oil reference basket of 13 oil exporter countries of OPEC, were
taken in this study as independent and dependent variables. This study finds a long-term co-integration relationship between the variables.
The next step is to find the long-term relationship of the variables in the model with the ECM mechanism to see the speed of adjustment
from the short to the long-run equilibrium, if there are any disturbances in the long term.

Table 2: Bound Test

K F-Statistic Critical Lower Bounds, I (0) Upper Bounds, I (1)
2 57.11 10 % 2.63 3.35
5% 3.1 3.87
2.5% 3.55 4.38
1% 4.13 5

Source: Author’s
3.3 Short and Long-Term Outcome of ARDL

Table 3 displays the long-run parameters. At the 1% level, if India's economic size (GDP) increases, it will affect the export of petroleum
products by 0.82% to rise proportionately. The exports depend on development within the petroleum sector in India, new refinery estab-
lishment and privatization, reforms in fuel technology, and an increase in the economic size, which affects the petroleum products exports
from India to other countries due to a hike in exports from India. Moreover, petroleum exports rise by 0.45% if there is a 1 unit per cent
fluctuation in the oil prices of OPEC oil. The increase in the value of petroleum exports is slight, which shows less dominance of OPEC
members on oil prices over India. In the long term, India will not be severely affected by OPEC oil prices due to the persistent decline in
OPEC oil prices. It will benefit India’s economy and refineries to export more petroleum products to the GCC. Nevertheless, in the short
run, it may act erratically. The next step is to run the short-term estimates with error-correction representations. The constant value in the
long-run forecast of the ARDL estimator is also statistically significant, which means the error term is evenly distributed in the population
sample. Now, after the f-bound test reveals a long-run relationship in the variables, we can go for the short-run estimates of the ARDL and
error correction interpretation in the model. Table 3, D denotes the difference in the variable. India's petroleum products export will de-
crease by 0.16% if OPEC's oil prices rise by 1%. An illustration of the short-run coefficient of the variables OPEC oil prices and petroleum
export shows that they act erratically in the short run for a short period, which affects the petroleum export. Meanwhile, over time, the
exports are not severely affected by OPEC oil prices and move toward long-term equilibrium. Long-term adjustment is depicted by the
ECM term in Table 3. The rate at which equilibrium is reached over the long term is represented by the ECMt-1 coefficient. ECMt-1 is -
0.75, meaning that for every year, there is a 75% shift from the short-run to the long-run of the period. This sign of error correction is
always negative and depicts the rate of adjustment by chance. If this term becomes positive, it represents that the model is not fit and
suitable for work, but in this study, the sign is negative and shows that the model is a good fit. The R2 value is 0.95, which shows that the
independent variable, OPEC oil prices, explains 95 percent of the variation in the dependent variable, India's petroleum products exports.
Economies adjust to the equilibrium growth rate faster with a higher error term. The Durbin-Watson term of 2.21 indicates that the variables
do not autocorrelate. Every statistical result (R2, Adj. R2, D-W) shows the model's strength and appropriateness. Over the time period from
2000 to 2023, there is stability and association between the dependent variable (LNEXPORT), petroleum products exports, and the inde-
pendent variables (LNGDP and LNOPEC), as seen from the CUSUM and CUSUMSAQ) tests.

Table 3: Results of ARDL, OLS, and Bayesian Linear Regression

ARDL Variables Coefficients Std. Error T-Value P-Value
T LNGDP 0.8218 0.0281 29.1743 0.0000%*%**
Estimates LNOPEC 0.4585 0.0323 14.1889 0.0000%***

Constant -1.3379 0.3589 -3.7269 0.0018%*%**
Variables Coefficients Std. Error T-Value P-Value
D(LNOPEC) 0.3871 0.0224 17.2214 0.000%***
ARDL Short-Run DLNOPEC -1 -0.1622 0.0227 -7.1331 0.000***
Estimates and ECM ECM -0.7593 0.0461 -16.4713 0.000***
R? Adjusted R? Durbin-Watson
0.95 0.95 2.21
Variable’s Coefficients Std. Error T-Value P-Value
LNGDP 0.91 0.028 31.989 0.000%**
OLS Regression LNOPEC 0.36 0.038 10.419 0.000***
Constant -2.441 0.3227 -7.56 0.000***
R? Adjusted R?
0.99 0.99
Variable’s Posterior Mean MCSE Equal-tailed [95% credible interval]
LNGDP 0.91 0.032 0.847 0.975
Bayesian Regression LNOPEC 0.39 0.044 0.307 0.484
Constant -2.44 0.357 -3.12 -1.71
Sigma2 0.005 0.001 0.003 0.01

Note: Calculated Coefficients is LNEXPORT, which is an explanatory variable (Petroleum Products Export). ARDL Short-run and Long-run estimates all
covariates of Equation (2) and (3), and OLS and Bayesian Linear regression estimate all covariates of Equation (4). P-Value * 10%, P-Value ** 5%, and
P-Value *** [% except for Bayesian regression. Bayesian linear regression is a non-frequentist approach with a credible interval and posterior mean as a
proxy for the confidence interval and variable coefficient. Source: Author’s

B) The following Equation (4) estimates the OLS and Bayesian Regression model:
Our Empirical Model is as follows:
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InExporty = a4 + B1 InGDP; + B, InOPEC; + €, “)

LNEXP = Log of Petroleum Products Export of India in (US$ million) at period (t).
LNGDP = Log of Gross Domestic Product at current (US$ million) at time (t).
LNOPEC = Log value of OPEC ORB spot prices in period (t).

t = show’s time from 2000 to 2023.

€ = shows the relevant parameters are errors represented by B1 and 2.

3.4 Outcomes of Ordinary Least Squares

The regression coefficient of ordinary least squares is statistically significant with the same impact sign as of ARDL long-run outcomes. It
shows India’s export of petroleum products is positively associated with India's GDP and the plunge in the OPEC oil prices. As the fre-
quentist approach deals with t and p values, as shown in Table 3, all are statistically significant. The R2 value for OLS is 0.99, which means
that 99 percent of the variation is explained by the independent variables, GDP and OPEC oil prices. Based on the statistical explanation,
we can say that with a unit per cent rise in India's GDP, the petroleum products export will rise by 0.91 per cent. Meanwhile, a unit
percentage rise and fluctuation in OPEC oil prices cause India's petroleum products export to rise by 0.36 per cent. Both ARDL and OLS
show the same sign of coefficients, while OLS is more robust, as noticed by (Dion, 2022; Kotsakis, 2023; Michaelides, 2025; Wooditch et
al., 2021). The reason that India’s petroleum products export positively correlates with GDP is due to economic development within country,
reforms and privatization in petroleum sector in India, the building of new refineries in India and new sources for clean fuel and energy
like EVs and blending of fuel like ethanol and bio-fuel and bio-diesel, Liquified natural gas as fuel source all new technological innovation
in fuel throughput increase the export of petroleum products from India. Conversely, OPEC members lost their dominance over oil prices
in the international market, and new sources of crude and petroleum products emerged from non-OPEC countries. OPEC members' su-
premacy over oil prices does not affect emerging economies like India. Another factor is the persistent decline in the OPEC oil prices over
the years, which increases the export potential of petroleum products as India gets oil at low prices. The OPEC oil prices persistently
declined from 2015 to 2020 and again from 2021 to 2025, causing India’s exports of petroleum products to rise. In 2022, the OPEC prices
were 100.8 $ per barrel, while this figure declined to 82.95 § per barrel and went down to 79.89 $ per barrel to 78.16 $ per barrel from
January 2024 to January 2025. See the green trend line in Figure 1. OPEC oil prices decline over time. Besides these recent years, prices
were still very low in 2015, at 49.49 $ per barrel; in 2016, it was 40.76. This persistent downfall in OPEC oil prices caused a rise in India’s
export of petroleum products. This is all about the frequentist approach to dealing with India’s petroleum products exports and how it is
affected by OPEC oil prices and GDP.

4. Bayesian Regression and Superiority over the Frequentist Approach

Bayesian analysis is a statistical approach that uses probability statements to answer research questions on uncertain characteristics in
statistical models. One of the most substantial criteria in Bayesian methods is using Bayes' rule to derive the posterior distribution of model
parameters. The Bayesian approach has some unique advantages over the traditional frequentist techniques of analysis (Thach, 2025). This
enables integrating prior beliefs or knowledge into the process, which increases the applicability and personalization of results using avail-
able information. The advantages of Bayesian analysis have led to its growing importance in social sciences, especially in economics
(Block & Wagner, 2014; Kalia, 2024; Tuan et al., 2019). According to Van Doorn et al. (2021), the Bayesian analysis in research consists
of four sequential stages. Planning, executing, interpreting, and reporting. The current study falls in the third stage of the analysis since it
involves interpretation and testing for the robustness of the estimates. Thus, this study employs the Bayesian linear regression random-
walk Metropolis-Hastening sampling for Markov Chain Monte Carlo (MCMC) simulation to check the convergence in the model, with an
MCMC sample size of 20000, with a 2500-burn-in simulation showing an acceptance rate of 0.37 percent and with minimum efficiency of
0.67 percent, average efficiency of 0.74 percent, and maximum efficiency of 0.82. The Bayesian analysis uses the credible interval, a
concept in Bayesian statistics. Its primary role is to report on and provide a measure of the level of uncertainty regarding the parameters.
In Table 3, in Bayesian regression, sigma2 represents the variance of the error term with a mean value between the credible interval,
indicating that the error term in the distribution and constant is an intercept in Bayesian linear regression, like a constant in the frequentist
approach and further it uses Monte-Carlo standard error which are more robust than normal standard error in the frequentist approach. The
posterior mean values of parameters are like the coefficients in the frequentist ARDL and OLS regression and lie between the credible
interval, which is different from the confidence interval because it is based on prior beliefs instead of probability. The posterior mean value
in the Bayesian analysis is more representative and robust than the coefficients in the frequentist ARDL and OLS estimates because Bayes-
ian linear regression is a more powerful technique, handling small data sets and limited variables, and observations (Fraza et al., 2021;
Georgiou, 2024) as compared to the frequentist model (Abbasi et al., 2022; Igbal et al., 2023) so the OPEC oil prices and India’s GDP are
more calibrated in Bayesian linear regression, while their impact signs of posterior mean for both regressors are approximately similar to
the frequentist approach. Overall, the non-frequentist Bayesian regression shows good working and convergence through MCMC trace
plots, shown in Figure 5.

To check the robustness, normal priors are used for all parameters in Bayesian estimates, which show similar coefficient signs of posterior
mean values of LNGDP, LNOPEC, constant, and sigma2, as OLS and ARDL means. The selected prior for each parameter is such that 1
GDP ~ Normal (0, 1), 2 OPEC ~ Normal (0, 1), and intercept o ~ Normal (0, 2), and error ¢ ~ (3, 1), This set of priors informative enough
to stabilize the fit with N=24, yet not so tight that it overrules the data. A crucial component of Bayesian linear regression is the specification
of prior distributions for the model parameters. Priors are not arbitrary but instead reflect informed expectations regarding the plausible
range of values for coefficients, while ensuring that the observed data retains a dominant role in shaping the posterior distribution. In this
study, priors were selected to balance two objectives: (i) providing enough informativeness to stabilize estimation given the relatively small
sample size (2000-2023, N = 24), and (ii) avoiding overly restrictive assumptions that could override the evidence contained in the data.
The prior for the GDP elasticity of exports is centered at zero with unit variance. This reflects the expectation that GDP growth in India
has a positive but bounded influence on petroleum product exports. While higher GDP facilitates greater refinery throughput and export
potential, part of the increase in output is absorbed domestically through rising consumption. Hence, the prior assumes an effect that is
economically significant yet realistically constrained below unit elasticity. This choice is consistent with historical studies showing GDP-
trade elasticities that are positive but rarely exceed unity.
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For OPEC oil prices, a similar Normal (0,1) prior was adopted. Oil prices affect India’s petroleum exports through two channels: (i) lower
input costs improve refinery margins and international competitiveness, while (ii) higher crude prices mechanically raise the nominal value
of exports. The net effect is therefore expected to be positive but modest, with considerable uncertainty. A symmetric prior centered at zero
but with variance equal to one ensures that both scenarios are feasible, while allowing the data to determine the dominant channel. The
intercept captures baseline structural drivers of petroleum exports, such as refinery capacity, trade agreements, and regulatory reforms.
Since these structural factors are less predictable ex ante, a looser prior with variance two was chosen. This specification acknowledges
the role of unobserved country and sector-specific influences without imposing strong restrictions on the baseline level of exports. Before
the variance of the error term follows a moderately informative specification, reflecting the inherent volatility of the petroleum trade.
Export flows are highly sensitive to global oil market fluctuations, geopolitical risks, and shipping costs. A prior mean of three with
variance one provides stability in estimation while still permitting substantial variability in the error process, thereby avoiding artificially
narrow posterior intervals. In this study, prior choices are guided not only by statistical considerations but also by economic reasoning
drawn from the literature on trade and energy markets. They ensure that posterior results reflect both empirical evidence and plausible
economic behavior: GDP growth exerts a strong but less than unitary impact, oil price effects are positive but limited, and structural
uncertainty remains embedded in the intercept and error terms. By grounding priors in economic rationale, the Bayesian approach enhances
interpretability, credibility, and transparency relative to purely frequentist estimation. Furthermore, with the selected priors, the conver-
gence is achieved as shown from the MCMC simulation trace plots.

5. Diagnostic Results

The Breusch-Godfrey Lagrange Multiplier test, shown in Table 4, demonstrates that the model lacks serial correlation; the p-value of the
test is more than the significance level, which is 0.6596. This illustrates that the serial correlation problem is not present in the dataset.
Moreover, the results of the Breusch-Pagan, Harvey, and Glejser tests point to the absence of autoregressive conditional heteroscedasticity,
as the probability value of the Breusch-Pagan-Godfrey test for heteroscedasticity is 0.9597, which is also greater than the significance level.
Hence, we accept the null hypothesis that there is no autoregressive conditional heteroscedasticity, so, like another test of the heterosce-
dasticity, like the Harvey test, the p-value is 0.9161, and the same for the GleiPser test is 0.9919; all the heteroscedasticity tests executed
in the model represent that there is no heteroscedasticity present in the model. The last diagnostic test conducted in the model is for
normality in the data set, which is the Jarque-Bera test for normality in the dataset. After looking into the p-value of the test, we know the
data are standard because the p-value is more than 0.82, and we need to accept the null hypothesis of normality in the data set. The p-value
of all the tests is greater than the significance level of 5%, which explains that there is ‘no serial correlation, or heteroscedasticity in the
model’. Meanwhile, all the probability values and matching F-statistics are shown in Table 4. After the diagnostic analysis, we concluded
that our test in the paper demonstrates the model's accuracy and suitability, and the model is far from severe econometric hurdles.

Table 4: Diagnostic Findings

Test Observe R* F-Stats P-Value*
Serial Correlation: LM Test
Breusch-Godfrey 120 2 D2
Breusch-Pagan-Godfrey 1.26 0.19 0.9597
Harvey 1.78 0.28 09161
Glejser 0.65 0.09 0.9910
Normality (Jarque-Bera) - - 0.82

Source: Authors
5.1 Stability Estimates

The cumulative sum test finds gradual changes in the regression coefficients over time. On the other hand, the cumulative sum of squares
test is employed to detect sudden deviations from the stability of the regression coefficients. These tests help identify systematic and abrupt
alterations in the regression coefficients, which are essential in analyzing data trends and patterns. This research utilized the CUSUM and
CUSUMSAQ tests to assess the model’s stability. The analysis determines whether the model is stable. Using the stability approach, the
ARDL-based F bound test, and the diagnostic test, the ECM demonstrates our model, and through both tests in Figures 3 and 4, respectively,
our model reveals the best fit. The red line, called the critical line of the value, represents the guides for the stability of the estimation
methods and was not crossed by any of the blue line plots. The blue line in the graph represents the model line that is being analyzed. The
upper and lower red dotted lines indicate the boundaries that the model is expected to fit. The blue line should fall between the upper and
lower bounds for the model to be accurate. This visual representation helps assess how well the model aligns with the expected range of
values. Both the CUSUM and CUSUMSQ tests explain the stability of the model. Over the long run, the blue line will not cross or be
tangent to the red upper and lower bounds line. The x-axis of the period is there, showing that the model is stable over the period. The
goodness of fit of this model is excellently stated. India would apply the concept to decision-making and policy consequences. The approach
also emphasizes that it produces reliable outcomes.
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5.2 Bayesian Diagnostics Trace Plots

The ‘Markov Chain Monte Carlo’ convergence is an essential issue in MCMC simulation. However, Bayesian inference is only valid when
the Markov chain converges. Figure 5 illustrates all variables through trace plots. A trace plot shows the estimated values of the parameter
with respect to the iteration number. When it is a mixture of properties in a parameter exhibition, the trace plots quickly cover the entire
posterior space while maintaining a stable mean and variance. The trace plots show convergence of LNEXPORT with GDP, OPEC oil
prices, constant, and sigma2, where the mean is evenly distributed as seen from the trace plot. There are no hikes and trends in the param-
eters within the trace plots, and this demonstrates the convergence in the Bayesian regression, and it validates and affirms the robustness
of the Bayesian linear regression. Equilibrium is a feature of Markov Chain Monte Carlo trace plots and is reached by building a Markov
chain whose stationary distribution is the target probability distribution in the limit. More specifically, once enough iterations (or burn-in
phase) have been performed, the samples output by the chain are independent and identically distributed according to the stationary distri-

bution, which is a representative sample of the target distribution.
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6. Conclusion

The case of management of the exportation of petroleum products and demand within the country poses a significant test to the Indian
government. The country must generate adequate petroleum products to support its booming economy and satisfy its citizens. At the same
time, India has evolved into a net exporter of petroleum products, central to the country’s economy. Presently, India ranks fourth in refining
capacity, and hence, to meet domestic needs at an affordable price, the government needs to invest more in this sector. India became a net
exporter of petroleum products from the fiscal year 2001-2002. It has broadened the geographical spread of its exports to Asia, Africa,
Europe, and North America. Trade has global political implications that are not merely commercial, as it positions India globally and gives
it more recognition. It would be appropriate to state that petroleum products are one of India's crucial parts of the export basket. Petroleum
products in HS-Code 2710 have remained the most significant single-category item in Indian exports from the period 2000 up to the current
year. Crucial reforms in the petroleum industry in India, like reform in refining and oil-blending biofuel, bio-diesel, and ethanol blending,
have therefore offered significant boosts to India's growth as a foremost exporter of petroleum products. Pivotal to these was the approval
of private and foreign investment, the formation of which facilitated the development of private-sector refining. Out of these, the Reliance
and Essar refineries occupy a one-third share of the total refining capability in India. Notably, private-sector refineries are prominent in
India’s exports of petroleum products and account for a staggering 90 per cent of the exports. This excess refining capacity and the admin-
istered petroleum products have been instrumental in India’s exports of this much-needed commodity. However, the current study's findings
show that efforts to enhance domestic demand and abolish the APM have destabilized exports of petroleum products and renewed refining
interest in the home market. To maintain and strengthen these positions in the long term and meet both domestic requirements and the
demand in the Indian market, India should increase its refining capacity. This can be done by venturing into establishing more refineries,
either as export-oriented units or in special economic zones, to gear their exports and domestic supplies more to support the country’s
strong economic growth. In international market settlement, India gives payment in the form of rupees for its crude purchases, which
increases the importance of local currency settlement for India and benefits India.

In this study, the autoregressive distributed lag and ordinary least squares model, which are frequentist methods based on t-value and
probability estimates, reveal a significant role of GDP and OPEC oil prices on petroleum product exports from India, and diagnostic tests
explain that there is no heteroscedasticity, autocorrelation, or multicollinearity problem in the model. The Cusum and Cusumsq test shows
the stability in the ARDL modelling. Meanwhile, the non-frequentist approach of Bayesian linear regression does not so far differ from
frequentist ARDL and OLS models and reveals the same association between the variables with the same impact signs. But the Bayesian
linear regression has an advantage over frequentist methods by using prior information to predict the posterior distribution and handling
small data sets. In this paper, to check the robustness of the Bayesian linear regression, MCMC convergence trace plots are derived, which
represent the good mixing of the MCMC simulation algorithm in the Bayesian linear regression. This convergence of MCMC simulation
through trace plots shows that over the time period, in the long run, the OPEC oil prices and GDP affect the petroleum products exports
from India to the GCC countries. This convergence is depicted from the trace plots, with all parameters showing the long-run equilibrium
condition where the selected regressors, OPEC oil prices and GDP of India, affect the petroleum products exports from India to GCC
countries. Equilibrium is a feature of MCMC (Markov Chain Monte Carlo) algorithms, and is reached by building a Markov chain whose
stationary distribution is the target probability distribution in the limit. More specifically, once enough iterations (or burn-in phase) have
been performed, the samples output by the chain are independent and identically distributed according to the stationary distribution, which
is a representative sample of the target distribution.

Despite India’s strengthening position as a petroleum products exporter, several potential challenges could disrupt this trajectory. Geopo-
litical risks in the Gulf region, disruptions in shipping lanes, or sanctions on key crude suppliers could directly affect supply stability and
trade flows. Moreover, increasingly stringent environmental regulations at the global level, such as carbon border adjustment mechanisms
in Europe or new IMO emission rules for shipping, pose constraints on petroleum-based trade. These factors could reduce India’s export
competitiveness unless refiners adapt to cleaner technologies and compliance strategies. Looking ahead, while domestic reforms (e.g.,
ethanol blending, LNG infrastructure, and refinery expansion) support India’s growth, the global energy transition presents both opportu-
nities and risks. Rising adoption of biofuels, electric vehicles (EVs), and hydrogen technologies may gradually reduce international demand
for traditional petroleum products. At the same time, India’s refining capacity and experience could be leveraged to pivot toward exporting
cleaner fuels, petrochemicals, and green hydrogen derivatives, positioning the country as a key player in the evolving global energy econ-
omy. Thus, India’s export strategy must align not only with short-term market dynamics but also with the long-term shift toward decar-
bonization and energy diversification worldwide.

The study's findings will encourage other researchers and policymakers to extend the analysis to include exchange rates, global demand
cycles, inflation, interest rates, and trade openness, which would provide a more holistic view of determinants influencing petroleum
exports. Futures work should explicitly model the effects of OPEC+ production policies, global price volatility, and geopolitical disruptions
in the Gulf region to assess India’s trade resilience under stress conditions. Bayesian methods could be applied beyond petroleum products,
for example, to natural gas, renewable energy, or coal exports, to test robustness and capture uncertainty in other segments of India’s energy
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trade. Extending the framework to compare India’s experience with other major petroleum exporters (e.g., China, Russia, or Brazil) could
help benchmark India’s global positioning. By embedding these extensions, future studies can generate deeper insights into India’s energy
trade under both stable and shock-driven global conditions.

The Bayesian framework adopted in this study strengthens transparency by making explicit the assumptions about how India’s petroleum
exports respond to macroeconomic drivers. Priors were calibrated to reflect both economic intuition and historical experience: GDP growth
is expected to boost exports but with less than one-for-one elasticity, oil prices have a positive but modest impact, and structural uncertain-
ties are captured through wider priors on the intercept and variance. Unlike frequentist estimates, these priors make the economic rationale
visible, allowing policymakers to see how prior beliefs shape the results. Moreover, the Bayesian approach readily incorporates the possi-
bility of external shocks, such as sudden changes in OPEC+ production policies, global price volatility, or geopolitical disruptions in the
Gulf. By embedding uncertainty explicitly in the priors, the model produces posterior estimates that remain credible even when global oil
market conditions shift. This ensures that India’s trade position in petroleum products can be assessed under both stable and shock scenarios,
making Bayesian methods particularly useful for forward-looking policy design in an era of heightened energy market volatility.
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Appendix:

India Coal-briquettes (HS-2701) Export to GCC and World (2000-2023)
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Fig 6: India’s Export of HS-2701 to GCC and World.
Source: Author’s
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Fig 7: India’s Export of HS-2702 to GCC and World.
Source: Author’s
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Fig 8: India’s Export of HS-2704 to GCC and World.
Source: Author’s
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Fig 9: India’s Export of HS-2707 to GCC and World.
Source: Author’s
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Fig 10: India’s Export of HS-2710 to GCC and World.
Source: Author’s
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Fig 11: India’s Export of HS-2711 to GCC and World.
Source: Author’s
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India’s Export in Petroleum Products (HS-2712) to GCC and World (2000-2023)
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Fig 12: India’s Export of HS-2712 to GCC and World.
Source: Author’s

India’s Export of Petroleum Coke and Bitumen (HS-2713) to GCC and World (2000-2023)
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Fig 13: India’s Export of HS-2713 to GCC and World.
Source: Author’s

India’s Export of Bitumen and Asphalt (HS-2714) to GCC and World (2000-2023)
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Fig 14: India’s Export of HS-2714 to GCC and World.

Source: Author’s
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India's Export in Bituminous Mixtures (HS-2715)
To GCC and World (2000-2023)
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Fig 15: India’s Export of HS-2715 to GCC and World.
Source: Author’s



