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ASSESSING NIGERIA’S RESILIENCE TO OIL-PRICE VOLATILITY: EVIDENCE FROM A VECTOR AUTOREGRESSION OF GDP DYNAMICS AND POLICY BUFFERS

ABSTRACT
Aim: This study constructs a first-difference Vector Autoregression (VAR) model to analyze the dynamic interplay between global oil-price shocks and Nigeria’s real GDP over the period 1990–2023. 
Methodology: This study began by subjecting annual series of Brent crude prices and the World Bank’s GDP index to Augmented Dickey-Fuller and Phillips-Perron tests, confirming their integration of order one and justifying modeling in first differences. Optimal lag length is determined via Akaike, Schwarz, Hannan-Quinn, and FPE criteria, leading to a VAR(3) specification. Orthogonalized impulse-response functions reveal that a one-standard-deviation oil-price innovation yields a modest, transitory GDP response-peaking at approximately +0.9% in the second year and dissipating by year five-with all 95% confidence bands encompassing zero. Forecast-error variance decomposition further shows that oil-price shocks explain no more than 13% of GDP forecast variance at horizon ten, while endogenous dynamics dominate. Conversely, GDP innovations account for roughly 30% of oil-price variance after four years, underscoring limited feedback.
Result: These findings corroborate rapid mean reversion documented in commodity-dependent economies and mirror evidence that oil revenues contribute marginally to output volatility. 
Conclusion:The paper concludes with policy prescriptions for rule-based stabilization funds, automatic fiscal triggers, and accelerated diversification into agriculture, manufacturing, and services to bolster macroeconomic resilience and sustain non-oil growth.
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1.0 INTRODUCTION
[bookmark: _Hlk204070231]Sharp oil‐price fluctuations have precipitated large fiscal deficits, exchange‐rate misalignments, and erratic output growth, undermining macroeconomic stability and long-term development goals. While multivariate techniques such as cointegration analyses, vector 
error‐correction models, and dynamic panel estimators have shed light on the oil-growth nexus in other settings, Nigeria’s particular combination of extreme hydrocarbon dependence, frequent policy regime shifts, and regional heterogeneity demands a dedicated, country-specific inquiry.
Oil‐price changes yield asymmetric macro‐responses expansions more than contractions (Gisser & Goodwin, 1986).  Ayadi, Chatterjee, and Obi (2000) apply vector autoregressive (VAR) model on 1975-1994 Nigeria data, revealing that oil‐export shocks “prime” movements in the exchange rate, industrial production, inflation, money supply, and interest rates. Their forecast‐error variance‐decompositions and impulse‐response analyses show a persistent cycle: oil revenue swings erode reserves, fuel currency depreciation, and drive inflation, yet fail to anchor long‐term GDP growth, echoing Aiyegoro’s (1997) critique of windfall spending on public projects.Alhassan and Kilishi (2016) demonstrate that asymmetric models outperform symmetric GARCH‐M in forecasting Nigerian GDP, exchange rates, and interest rates. Their findings reinforce that oil‐price variance is the dominant source of Nigerian macroeconomic volatility. Regression based approaches provide complementary insights. Awujola, Iyakwari, and Bot (2020) employ OLS with Dickey‐Fuller corrections, linking oil‐price shocks to GDP growth, investment, exchange‐rate revaluation, and inflation, and find that oil‐price movements are positively correlated with growth and currency strength: contrary to inflationary expectations.
This study employs a first-difference vector autoregression (VAR) framework to fill that gap. Drawing on annual data from 1990 to 2023, we pursue three core objectives: (1) to investigate the causal relationship between oil prices and real GDP using orthogonalized impulse-response functions (IRFs); (2) to determine Nigeria’s resilience to oil-price shocks via forecast-error variance decomposition (FEVD); and (3) to provide empirical justification for diversification strategies by quantifying the share of output variability attributable to oil volatility. By focusing on a transparent VAR specification, rigorously tested for stationarity and optimized for lag length, this paper offers robust, policy-relevant estimates of shock transmission and persistence.
The insights generated are vital for the Federal Government, the Central Bank of Nigeria, fiscal authorities, development partners, and private investors. Precise measures of how much and how long oil shocks affect output inform the design of stabilization funds, automatic fiscal rules, reserve-management strategies, and sectoral diversification programs.
The remainder of the paper is organized as follows. Section 2 reviews four empirical traditionscointegration and causality, error-correction and impulse responses, panel-data techniques, and stationarity/model-uncertainty toolsthat underpin our VAR approach. Section 3 details the data sources, unit-root diagnostics, VAR specification, IRF methodology, and FEVD computations. Section 4 presents the estimation results, interprets the dynamic responses and variance decompositions, and discusses their economic and statistical significance. Finally, Section 5 concludes with targeted policy recommendations and directions for future research.

2.0 LITERATURE REVIEW
To develop a Nuanced VAR for Nigeria’s Oil‐GDP Nexus, we draw on four core empirical traditions. Each has proven indispensable in tracing the dynamics of growth and commodity shocks, yet Nigeria’s extreme oil‐dependence and recurring policy shifts create an urgent need for a dedicated Vector Autoregression study:
Cointegration & Causality: Johansen’s co‐integration framework, paired with Granger causality tests, remains the gold standard for establishing long‐run relationships and lead–lag effects among GDP, oil prices, and macro‐controls. Studies such as Bhat (1995), Chandra (2003), Padhan (2004), Pandey (2006), and Pradhan (2010) confirm that export‐led dynamics in India only yield consistent policy lessons once cointegrating equilibria and causality directions are jointly tested. Kumari and Malhotra (2014) further show how sample period or variable choice can flip causality, underscoring the necessity of embedding Nigeria’s oil–GDP VAR in a rigorous co‐integration settingwhether Johansen or ARDLbefore drawing policy conclusions.
Error‐Correction & Impulse Responses: Vector Error‐Correction Models (VECMs) layer short‐run dynamics onto co‐integrated systems via the Error‐Correction Term, which quantifies the speed of return to equilibrium after an oil shock. Impulse Response Functions then trace GDP’s projected path following a one‐standard‐deviation move in oil or exchange‐rate variables. Das and Das (2020) adopt a PMG‐ARDL approach in African panels, extracting both ECTs and IRFs to contrast regional dynamics. For Nigeria, an unrestricted VAR in levelsif co‐integration holdswill yield comparable ECT estimates and IRFs that directly inform stabilization and diversification policy.
Panel & Dynamic Panel Techniques: System‐GMM (Blundell & Bond, 1998) corrects for endogeneity in lagged‐GDP and contemporaneous regressors, as shown by Akinlo (2016)across Sub‐Saharan panels. The Pooled Mean Group estimator (Pesaran, Shin, & Smith, 1999) blends common long‐run slopes with heterogeneous short‐run dynamics, a technique leveraged by Aladejare (2020) in ECOWAS/COMESA. While our focus is time‐series, Nigeria’s state‐level oil exposures and repeated fiscal regime shifts may mimic panel‐type heterogeneity, arguing for robustness checks against structural breaks.
Stationarity & Model Uncertainty: A full VAR demands pre‐testing stationarity with ADF, PP, LLC, Breitung, IPS, and Pesaran CD tests. To address lag‐order and variable‐set ambiguities, Bayesian Model Averaging (Sala‐i‐Martin et al., 2004; Fernandez, Ley, & Steel, 2001) and its panel extension, BAMLE (Moral‐Benito, 2009), flag predictors robust to specification choices. In Nigeria’s oil‐driven context, embedding Bayesian lag‐space or BMA within our VAR will ensure the oil‐price variable’s significance withstands alternative lag structures and conditioning sets.
The Nigeria‐Specific VAR is imperative because no cross‐country panel or foreign commodity study fully captures Nigeria’s fiscal volatility, exchange‐rate pass‐through, or asymmetric oil‐demand cycles. A bespoke VAR will quantify the speed of GDP adjustment after global oil‐price shocks, guiding stabilization fund design;Bidirectional Granger causality between oil revenues and GDP, testing whether oil drives growth or vice versa; Regional spillovers via variance decompositions, showing how foreign‐exchange and FDI inflows cushion or amplify oil‐GDP movements.
This VAR will fill a critical gap in Nigeria’s policy toolkittranslating global oil cycles into actionable models for fiscal, monetary, and diversification strategies.


3.0 MATERIALS AND METHODOLOGY
3.1 Data and Variables
This studyemploy annual series on Nigeria’s real GDP index and global oil prices covering 1990–2023. GDP data are drawn from the World Bank’s World Development Indicators: https://databank.worldbank.org/indicator/NY.GDP.MKTP.KD.ZG/1ff4a498/Popular-Indicators, while oil‐price observations (Brent, US$/barrel) are sourced from the https://www.macrotrends.net/2480/brent-crude-oil-prices-10-year-daily-chart. 

3.2 Stationarity Testing
To determine each series’ order of integration, the study  applied two complementary unit‐root tests:
Augmented Dickey–Fuller (ADF) tests with a constant and up to three lags selected via the Schwarz criterion.
Phillips–Perron (PP) tests employing Newey–West bandwidth selection.
Null hypotheses of non‐stationarity (unit root) are tested at the 5% significance level. Mixed test results prompt us to difference both series once (∆ln(GDP) and ∆ln(OilPrice)) to achieve covariance stationarity.
3.3 Vector Autoregression (VAR) Model
Given the absence of a robust long‐run cointegration relationship between ln(GDP) and ln(OilPrice), we specify a VAR model in first differences:
∆yₜ = A₁ ∆yₜ₋₁ + … + Aₚ ∆yₜ₋ₚ + c + εₜ,
where ∆yₜ = [∆ln(GDPₜ), ∆ln(OilPriceₜ)]′
Aᵢ are 2×2 coefficient matrices
c is a constant vector,
and εₜ denotes innovations
3.3.1 Lag‐Order Selection
The study evaluated competing lag lengths (p = 1…5) using four information criteriaAkaike (AIC), Schwarz (SC), Hannan–Quinn (HQ), and Final Prediction Error (FPE)and select p = 3 as the optimal trade‐off between fit and parsimony.
3.3.2 Parameter Estimation
Equation‐by‐equation OLS estimation yields consistent estimates of A₁…Aₚ and c. Standard errors are corrected for heteroskedasticity using the Newey–West procedure.
3.4 Impulse Response Analysis
The study derived orthogonalized impulse‐response functions (IRFs) by applying a Cholesky decomposition to the VAR covariance matrix, ordering ∆ln(OilPrice) before ∆ln(GDP). IRFs trace each variable’s response to a one‐standard‐deviation innovation in the other over a 10‐period horizon. Confidence bands are constructed via 100‐replication percentile bootstrapping.
3.5 Forecast Error Variance Decomposition
[bookmark: _Hlk204068859]Forecast error variance decomposition (FEVD) quantifies the share of each variable’s h‐step‐ahead forecast variance attributable to its own shocks versus those of the other series. The study computed FEVD from the moving‐average representation of the estimated VAR for horizons h = 1…10, thereby assessing the dynamic exogeneity of oil prices and their influence on GDP fluctuations.




4.1 TEST FOR STATIONARITY
null hypothesis: non stationary
alternative hypothesis: stationary
List 1: Unit‐Root Test Results for Oil Price and GDP
	Test Method
	Variable
	Statistic
	Lag/Truncation
	p‐Value
	Stationary?

	Augmented DF
	OilPrice
	–2.3106
	3
	0.4527
	No (unit root)

	Augmented DF
	GDP
	–1.6221
	3
	0.7194
	No (unit root)

	Phillips‐Perron
	OilPrice
	Z(α)= –9.8197
	3
	0.5007
	No (unit root)

	Phillips‐Perron
	GDP
	Z(α)= –21.964
	3
	0.0183
	Yes (stationary)


Source: Author

Both Augmented Dickey-Fuller tests fail to reject a unit root for OilPrice and GDP (p ≫ 0.05), indicating non‐stationarity in levels. Phillips-Perron also finds OilPrice non‐stationary, while GDP passes at p < 0.05. The mixed evidence suggests treating both series as I(1): we should model their first differences or test for cointegration before estimating a VAR.Pre‐estimation diagnostics reveal that neither OilPrice nor GDP is convincingly stationary in levels, only GDP under the PP test. To avoid spurious regressions and preserve valid inference, we will proceed with a VAR in first differences or incorporate an error‐correction framework after establishing cointegration.Since Nigeria’s oil revenues and GDP levels don’t revert to a steady state, fiscal and monetary forecasts must be based on growth rates (first differences) rather than raw levels. Stabilization mechanisms, such as an oil‐price smoothing fundshould target the volatility in year‐to-year changes, not the absolute price or GDP level.
From Table 1, all four lag‐selection criteria (AIC, HQ, SC, FPE) reach their minimum at three lags, so our VAR(3) best balances fit and parsimony.

Table 1: Lag‐Order Selection for Nigeria VAR
	Lag (n)
	AIC
	HQ
	SC
	FPE
	Selected

	1
	8.06923
	8.15650
	8.35470
	3199.92
	

	2
	7.91195
	8.05741
	8.38774
	2750.93
	

	3
	7.50446
	7.70810
	8.17056
	1855.88
	✓

	4
	7.60025
	7.86206
	8.45666
	2095.38
	

	5
	7.87929
	8.19929
	8.92602
	2888.69
	

	
	
	
	
	
	


Source: Authors

4.2 VECTOR AUTOREGRESSION (VAR) MODEL
From Table 2, in the Oil Price equation, the coefficient on Oil Priceₜ₋₁ (0.0804) indicates modest first-order persistence: about 8 percent of last period’s oil-price deviation carries over. Negative GDP lags at t–1 (–2.1512) and t–2 (–2.0716) imply that stronger GDP growth in the previous two years exerts a dampening effect on current oil prices. The positive Oil Priceₜ₋₃ (0.2880) and GDPₜ₋₃ (0.8990) terms suggest third-year momentum in both series. The constant (0.4128) captures a small upward drift. In the GDP equation, Oil Priceₜ₋₁ (0.0582) and Oil Priceₜ₋₂ (0.0733) confirm that a one-unit rise in lagged oil prices raises current GDP by roughly 0.06–0.07 units, though the effect decays after two years. Negative autoregressive coefficients on GDPₜ₋₁ (–0.5353), GDPₜ₋₂ (–0.2594), and GDPₜ₋₃ (–0.1772) reflect rapid mean reversion in output growth. The positive constant (0.5154) indicates an underlying growth trend.
Last year’s higher oil price gives Nigeria a small lift in economic output this year, but that boost fades quickly. Conversely, when the economy grew strongly in the past two years, oil prices tend to ease now, reflecting demand feedback. Both oil prices and GDP growth show short-lived swings that revert to their long-term averages within three years.These dynamics underscore the importance of fiscal smoothing. A stabilization fund calibrated to absorb temporary windfalls can shield the budget from short-run oil spikes. Automatic fiscal rules, saving on price peaks and releasing buffers during downturns, will help stabilize both revenue and output. Moreover, rapid mean reversion in growth highlights the need for structural diversification into non-oil sectors to sustain longer-term expansion beyond the transient effects of commodity fluctuations.


Table 2: VAR (3) Estimated Coefficients(OilPrice& GDP Equations)
	Variable
	OilPrice Equation
	GDP Equation

	OilPriceₜ₋₁
	0.08043626
	0.05820881

	GDPₜ₋₁
	–2.15115362
	–0.53530967

	OilPriceₜ₋₂
	–0.10299664
	0.07330706

	GDPₜ₋₂
	–2.07156566
	–0.25942468

	OilPriceₜ₋₃
	0.28797672
	0.05980332

	GDPₜ₋₃
	0.89901514
	–0.17722246

	Constant
	0.41283613
	0.51538814


Source: Authors


4.3 IMPULSE RESPONSE FUNCTIONS (IRFS)
From Table 3, the impulse‐response coefficients trace the impact of a one‐standard‐deviation positive oil‐price shock on real GDP over 11 future periods. The point estimate at horizon 1 (–0.14) suggests an initial slight contraction, followed by a peak expansion of 0.90 at year 2 and 0.67 at year 3. Thereafter, the response decays toward zero and oscillates modestly between –0.56 and +0.21 until horizon 11. However, all 95% confidence intervals straddle zero (e.g., [–0.074, 1.649] at year 2), indicating no statistically significant effect at the 5% level in any period. In sum, oil‐price shocks produce at best a transitory, economically small response in GDP that cannot be distinguished from zero with high confidence.A sudden rise in oil prices yields, at most, a 0.9% boost to Nigeria’s GDP two years later, but this impact quickly dissipates and remains statistically indistinguishable from zero. The absence of a persistent, significant impulse implies that oil‐price volatility plays a limited and fleeting role in driving aggregate output.
When oil prices jump, Nigeria’s economy might grow a little bit in the next couple of years, but that boost is tiny, and we can’t be sure it’s real. After a short while, the effect vanishes entirely.Because oil‐price swings have only a weak and short‐lived influence on GDP, fiscal and monetary authorities should avoid over-reliance on commodity windfalls. Instead, they ought to: Establish and maintain stabilization funds to smooth out budgetary revenues when prices spike or crash. Develop automatic spending rules that save excess revenue in boom times and deploy buffers in busts. Lastly, accelerate economic diversification into agriculture, manufacturing, and services so long-term growth does not depend on transient oil shocks. 

Table 3: Impulse Response of OilPrice to a One‐Standard‐Deviation GDP Shock (Horizons 1–11, with 95% Confidence Bands)
	Horizon
	IRF (OilPrice → GDP)
	Lower 95% CI
	Upper 95% CI

	1
	-0.1438
	-0.7896
	0.6673

	2
	0.8984
	-0.0742
	1.6490

	3
	0.6749
	-0.3468
	1.4255

	4
	0.2079
	-0.8669
	1.0541

	5
	-0.5635
	-1.0876
	0.1989

	6
	-0.0498
	-0.5506
	0.5438

	7
	0.1564
	-0.1818
	0.5521

	8
	0.1398
	-0.2803
	0.4998

	9
	-0.0039
	-0.3204
	0.2470

	10
	-0.0650
	-0.3779
	0.1807

	11
	-0.0694
	-0.3389
	0.2871


Source: Authors

Figure 1, traces how a one-standard-deviation positive oil-price shock affects Nigeria’s GDP over ten periods. The solid black line is the estimated percent-change in GDP at each horizon; the red dashed bands are 95% bootstrap confidence intervals (100 replications).Period 0 (contemporaneous) shows no immediate GDP response by construction. At period 1, GDP dips slightly (~–0.14%), then jumps to a peak of about +0.90% in period 2 and +0.67% in period 3. Thereafter, the response decayshovering near zero and oscillating between 0.56% and +0.21% through period 10. Crucially, the confidence bands at every horizon straddle zero, indicating the response is not statistically significant at the 5% level.
Oil-price shocks induce only a transient, economically small boost to GDP, peaking two years after the shock, before fading completely. Because the entire 95% interval overlaps zero, we cannot confidently attribute any persistent growth effect to commodity price movements. When oil prices spike, Nigeria’s economy might get a tiny lift over the next couple of years, but the boost is so small and uncertain that, statistically, it could just be noise.
Given this weak and short-lived linkage, policymakers should: rely on stabilization funds and automatic fiscal rules rather than banking on oil windfalls, and prioritize diversification into non-oil sectors, such as agriculture, manufacturing, and services, to secure sustainable, long-term growth.



[image: ]
Figure 1: Orthogonal Impulse Response from OilPrice
Source: Authors
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4.4 
4.5 FORECAST ERROR VARIANCE DECOMPOSITION (FEVD)
From Table 4, horizon 1 shows oil‐price forecast errors are entirely driven by its own shocks. Over time, the contribution of GDP innovations to oil‐price variance rises from 0% to about 30%, while own shocks decline to roughly 70% by period 10. This indicates moderate feedback from GDP on oil‐price dynamics but strong persistence from past oil‐price movements.Nigeria’s oil‐price fluctuations remain largely self‐contained, with global market forces (captured by past oil‐price shocks) explaining around 70% of forecast variance even ten years out. Domestic GDP shocks account for at most 30%, underscoring the exogeneity of oil prices to Nigeria’s output.
Most of the ups and downs in oil prices come from oil-price changes themselves, not from how Nigeria’s economy is doing. After ten years, only about one-third of price swings can be linked to the country’s GDP. Since oil prices are driven primarily by global supply‐and‐demand factors rather than domestic economic performance, Nigerian policymakers should: (i) Maintain a sovereign wealth or stabilization fund to absorb external price shocks; (ii). Hedge against global volatility using futures or options markets; (iii). Focus on downstream capacity (local refining) and diversification so that government revenues depend less on unpredictable international oil prices.






Table 4: Forecast Error Variance Decomposition (FEVD)fortheOilPrice Equation
	Horizon
	Own OilPrice Shock
	GDP Shock

	1
	100.00%
	0.00%

	2
	84.64%
	15.36%

	3
	82.05%
	17.95%

	4
	70.10%
	29.90%

	5
	70.06%
	29.94%

	6
	69.49%
	30.51%

	7
	69.74%
	30.26%

	8
	69.77%
	30.23%

	9
	69.81%
	30.19%

	10
	69.64%
	30.36%


Source: Authors

From Table 5,initially, almost all of GDP’s forecast error variance (99.74%) is driven by its own innovations, with only 0.26% attributable to oil‐price shocks. Over time, oil‐price innovations gradually explain a larger share, rising to about 13.4% by year ten, while endogenous GDP dynamics still account for roughly 86–87% of output variability.Nigeria’s GDP fluctuations are overwhelmingly self‐generated in the short run, with oil‐price shocks playing an increasinglybut still moderaterole in the medium term. Even after ten years, endogenously driven growth dynamics remain the dominant source of forecast uncertainty.
Most of the ups and downs in Nigeria’s economic growth come from factors within the economy itself. Oil‐price changes only explain a small slice, about one in eight pointsof those ups and downs, even after ten years.Nigerian policymakers should: (i) Stabilization Funds & Buffers: Design fiscal rules that save windfalls when oil prices surge, then draw on those reserves when prices drop, targeting the 10-15% of GDP volatility linked to oil; (ii) Economic Diversification: Since 85-90% of GDP swings are home‐grown, strengthen non‐oil sectorsagriculture, manufacturing, servicesto build resilient, self‐sustaining growth; (iii) Integrated Policy Response: Combine monetary, exchange‐rate, and structural policies to manage domestic demand and mitigate the moderate but persistent influence of oil‐price shocks on output.









Table 5: Forecast Error Variance Decomposition(FEVD) for the GDP Equation
	Horizon
	OilPrice (%)
	GDP (%)

	1
	0.26
	99.74

	2
	7.54
	92.46

	3
	11.15
	88.85

	4
	11.15
	88.85

	5
	13.24
	86.76

	6
	13.20
	86.80

	7
	13.35
	86.65

	8
	13.35
	86.65

	9
	13.35
	86.65

	10
	13.38
	86.62


Source: Authors

From Figure 2, the FEVD bar charts show the share of forecast error variance attributed to own-dynamics (dark gray) versus cross-variable shocks (light gray) across eight horizons. For OilPrice, near 100% of its forecast variance at all horizons stems from its own shocks, with GDP contributing almost zero. Conversely, GDP’s forecast variance is driven almost entirely by its own innovations, with OilPrice’s share negligible.
The minimal cross-variable contributions indicate that in the estimated VAR, oil-price and GDP forecast errors evolve largely independently. Shocks to oil prices have virtually no predictive power for GDP variance, and vice versa, over an eight-period span.These charts tell us that surprises in oil prices mostly explain themselves and don’t meaningfully predict changes in Nigeria’s economy. Likewise, surprises in the economy don’t predict oil-price changes. They behave like separate stories. Given this decoupling: (i) Fiscal buffers and stabilization funds can focus on smoothing oil revenue without expecting large spillovers onto GDP forecasts; (ii) Economic diversification efforts should proceed independently, as stabilizing GDP requires non-oil interventions; (iii) Monetary policy can target domestic demand without undue concern for oil-price shock transmissions.
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Figure 2: Forecast Error Variance Decomposition (FEVD)
Source: Authors


5.0 CONCLUSIONS AND RECOMMENDATIONS
5.1 CONCLUSIONS 
Orthogonal IRFs show that a one-standard-deviation oil‐price shock yields, at best, a 0.9 percent boost to GDP in period 2 and 0.67 percent in period 3, before decaying to zero. All 95 percent confidence intervals straddle zero, confirming the absence of statistically significant causal effects. Likewise, GDP shocks have no detectable feedback on oil‐price growth.
[bookmark: _Hlk204075508][bookmark: _Hlk204075223]Forecast‐error variance decomposition reveals that oil‐price shocks account for only about 13 percent of GDP forecast variance by horizon 10, while over 87 percent remains driven by endogenous output dynamics. Conversely, oil prices remain largely self‐driven, own shocks explain roughly 70 percent of forecast variance after ten periods. These results echo Ayadi, Chatterjee, and Obi (2000) and Gisser and Goodwin (1986), who documented rapid mean reversion in commodity-dependent economies.
The limited magnitude, persistence, and statistical insignificance of oil-induced GDP fluctuations mirrors Alhassan and Kilishi’s (2016) and Awujola et al.’s (2020) evidence that oil revenues contribute only marginally to output variability.
5.2 POLICY RECOMMENDATIONS
Fiscal Stabilization and Automatic Buffers: Establish a rule-based “oil stabilisation fund” that accumulates surpluses during price booms and disburses during busts, calibrated to absorb the 10-15 percent share of GDP volatility tied to oil shocks. Embed automatic fiscal triggers, saving when Brent exceeds a benchmark and deploying reserves when it falls below, to reduce ad hoc budget adjustments.
Economic Diversification: Accelerate structural reforms in agriculture, manufacturing, and digital services to shift the 87-99 percent of GDP variance away from petroleum.Incentivize private-sector investment through tax breaks, streamlined regulations, and industry-specific infrastructure.
Monetary and Exchange-Rate Policy Integration: Incorporate VAR‐based scenario analysis into Central Bank decision‐making, using IRFs and variance‐decompositions for stress tests. Augment foreign exchange reserves and develop hedging instruments (futures/options) to manage short-run currency swings induced by both global oil and domestic output shocks.
Continuous Model Enhancement and Research: Update the VAR annually and extend to a VECM or ARIMA-X framework if cointegration emerges. Conduct subnational and sectoral VAR analyses to capture regional heterogeneity and inform tailored policy interventions.
By anchoring fiscal and monetary frameworks in transparent, empirically validated VAR estimatesand by broadening the economic base, Nigeria can mitigate the volatility of oil-price cycles, strengthen macroeconomic resilience, and unlock sustainable, non-oil growth.
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