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Abstract 
Macroeconomic relationships in Nigeria are highly unstable due to oil-price shocks, policy reforms, and exchange-rate realignments. Traditional Vector Autoregressive (VAR) and Vector Autoregressive Moving-Average (VARMA) models become unreliable when parameters shift over time. Classical VARMA suffers from identification failure and divergence in small samples, while VAR assumes static parameters and mis-specifies periods of structural change, resulting in poor long-horizon forecast accuracy. This study derived and estimated a Time-Varying Scalar Component VARMA (TV-SCVARMA) model that preserves VAR parsimony, embeds MA structure, and allows parameters to evolve stochastically. The goal was to assess whether the proposed model improves stability and forecast performance under regime shifts. Quarterly data for real GDP growth, inflation, exchange rate, and money supply (2010Q1–2024Q1) were obtained from the Central Bank of Nigeria and the National Bureau of Statistics. Variables were transformed to stationarity, and parameters were estimated using a state-space representation and Kalman filter–based maximum likelihood. Model performance was evaluated using Root Mean Squared Errors (RMSE). The TV-SCVARMA model achieved the lowest RMSE, fast convergence, and stable forecasts across horizons, while classical VARMA collapsed with astronomically high errors. The study concludes that time-varying models should replace static VAR/VARMA for forecasting in volatile economies. Policymakers should apply TV-SCVARMA for inflation, exchange-rate and monetary planning, while future research may incorporate stochastic volatility or Bayesian estimation for extreme-shock environments.
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1. Introduction
Vector Autoregressive (VAR) and Vector Autoregressive Moving-Average (VARMA) models are workhorses for multivariate time-series analysis in macroeconomics, used for forecasting, structural analysis, and policy evaluation (Sims, 1980; Engle & Granger, 1987). In the Nigerian context, VAR frameworks have been applied to exchange-rate dynamics, growth, inflation, savings–investment linkages, and infrastructure–poverty interactions (Ogun, 2010; Okoronkwo et al., 2017; Shasibu & Osamwonyi, 2020). Evidence generally shows that shocks to key macro variables, such as the exchange rate, oil revenue, government spending, and money supply, propagate in complex, time-dependent ways (Chinedu et al., 2018; Adegboyega, 2017). While VARMA extends VAR by admitting moving-average components that can better capture short-run dynamics, practical use in macroeconomics has been limited by identification, invertibility, and estimation instability, especially in small samples or under structural change (Granger & Newbold, 1974; Lütkepohl, 2005; Tsay, 2014; Gouriéroux et al., 2020). Despite these hurdles, VARMA remains attractive as a multivariate generalization of univariate ARMA that can improve forecast performance when properly identified (Athanasopoulos et al., 2012; Simionescu, 2013). More recent advances, such as Bayesian VAR (BVAR), VARMA with stochastic volatility, and score-driven or non-Gaussian innovations, underscore the gains from richer error structures when regimes, nonlinearities, and fat tails matter (Gong et al., 2019; Blazsek et al., 2021).

Across applications, modeling choices matter. For inflation and exchange rate dynamics in Nigeria, Autoregressive Distributed-Lag (ARDL) and Autoregressive Integrated Moving-Average (ARIMA) benchmarks often perform competitively (Shaibu & Osamwonyi, 2020), yet oil-price shocks and policy transmission favor multivariate structures (Chinedu et al., 2018). Beyond Nigeria, the multivariate Generalized Autoregressive Conditional Heteroskedasticity (MGARCH) and Dynamic Conditional Correlation (DCC) families, paired with VARMA, capture time-varying co-movements in commodities, equities, and crypto assets (Manera et al., 2006). Outside finance, VARMA supports engineering and geophysical signal processing where time variation is intrinsic, frequently via state-space and Kalman filtering (Dong et al., 2010; Yinfeng et al., 2008; Yu & Xu, 2022).

A core lesson from this literature is that macroeconomic relations are not static: parameters drift with policy regimes, terms-of-trade shocks, and structural breaks. Static VAR or fixed-parameter VARMA can mis-specify such environments, inflating forecast errors or producing unstable estimates (Trevor & Thorp, 1988; Simionescu, 2013). Scalar-component methodologies and state-space formulations offer a path forward, combining parsimony with time variation, and enabling stable likelihood-based estimation via the Kalman filter (Athanasopoulos et al., 2012). Building on this stream, a Time-Varying Scalar-Component VARMA (TV-SCVARMA) framework recasts multivariate dynamics as a latent scalar projection that evolves stochastically, preserving cross-dependence while allowing parameters to adapt to structural change, an approach especially pertinent for volatile, policy-sensitive economies.
It was identified that Nigeria-focused VAR studies find meaningful short-run and long-run interactions among exchange rate, oil revenue, government spending, GDP, and inflation, though fixed parameters can miss key regime shifts (Ogun, 2010; Olanrewaju et al., 2015; Okoronkwo et al., 2017; Adegboyega, 2017; Shaibu & Osamwonyi, 2020; Chinedu et al., 2018). Also, it was established that VARMA and extensions can outperform simpler models in selected settings but face identification and invertibility issues; state-space and scalar-component formulations help regularize and stabilize estimation (Athanasopoulos et al., 2012; Simionescu, 2013; Gouriéroux et al., 2020). Time variation and nonlinearities are empirically important across macro-finance and real-sector contexts; models with stochastic volatility, non-Gaussian shocks, and dynamic correlations improve fit and risk characterization (Manera et al., 2006; Gong et al., 2019; Blazsek et al., 2021).
Despite widespread use of VAR and growing interest in VARMA, there is no widely adopted, operationally simple, likelihood-based framework that (i) retains VAR parsimony, (ii) embeds MA structure for short-run dynamics, and (iii) allows parameters to evolve smoothly to accommodate structural change in Nigerian macro data. Existing rolling/recursive VARs proxy time variation but are statistically inefficient and can be unstable. Classical VARMA models suffer from identification and convergence problems in small samples, limiting their practical use. A time-varying scalar-component VARMA in state-space form directly addresses these frictions but is underdeveloped and under-applied in the Nigerian macro literature (Athanasopoulos et al., 2012; Simionescu, 2013). Moreover, policy analysis in Nigeria is frequently affected by regime shifts, fuel subsidy reforms, exchange rate devaluations, and oil-price shocks, making stable, adaptive, and interpretable multivariate models essential. A TV-SCVARMA estimated by the Kalman filter promises (a) stability under parameter drift, (b) MA-augmented shock transmission, and (c) forecast robustness relative to static VAR/VARMA and ad-hoc rolling variants, delivering a tool better aligned with Nigeria’s structural realities (Gouriéroux et al., 2020). The objectives of this study include deriving a Time-Varying Scalar-Component VARMA (TV-SCVARMA) model that embeds a stochastic, low-dimensional projection of multivariate macro dynamics, with clear stability and identifiability conditions, formulating the state-space representation, and developing the Gaussian likelihood with Kalman filtering and smoothing for estimation and inference, establishing theoretical stability (eigenvalues inside the unit circle), discussing non-Gaussian robustness, and outlining conditions reducing VARMA identification pathologies, benchmark forecasting and convergence properties against VAR, rolling-VAR, and classical VARMA using Monte Carlo and Nigerian macro data, reporting bias, RMSE, and stability diagnostics, and demonstrate policy relevance by stress-testing forecast performance under plausible Nigerian regime changes, highlighting interpretability and resilience.

1.1 Conceptual Framework
Macroeconomic relations in Nigeria evolve with regimes (oil price cycles, exchange-rate realignments, policy shifts). Fixed-parameter Vector Autoregressive (VAR) and Vector Autoregressive Moving-Average (VARMA) models can misstate these moving targets. The Time-Varying Scalar-Component VARMA (TV-SCVARMA) framework preserves multivariate dependence while allowing parameters to adapt through a latent, evolving projection that is estimated in state-space form with the Kalman filter (Tiao & Tsay, 1989; Lütkepohl, 2005).
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Figure 1. Conceptual Framework for Dynamic Macroeconomic Transmission Using the Time-Varying Scalar Component VARMA Model
The framework presented in Figure 1 conceptualizes how multiple macroeconomic variables, such as inflation, exchange rates, output growth, and monetary aggregates, interact dynamically within a multivariate system represented by . Structural shocks  enter the system and propagate through autoregressive and moving-average channels. To overcome the parameter explosion and instability of traditional Vector Autoregressive Moving Average (VARMA) models, the Time-Varying Scalar Component (​) compresses the multivariate dynamics into a scalar form while retaining full cross-dependence. The projection vector αt​ evolves stochastically, allowing the model to adapt when economic conditions shift, for example, during recessions, currency crises, or policy changes. This is operationalised through a state-space representation estimated using the Kalman filter, enabling recursive updating, structural-break detection, and improved forecasting accuracy. The result is a macro-financial system that remains stable, interpretable, and computationally manageable even under time variation.

2 Material and Methods
2.1 Research Design
This study adopts a quantitative research design grounded in multivariate time-series econometrics. The approach focuses on developing and estimating a Time-Varying Scalar Component VARMA (TV-SCVARMA) model to capture dynamic macroeconomic relationships under structural change. Quarterly data on Real Gross Domestic Product (RGDP), Inflation (INF), Exchange Rate (EXR), Narrow Money (M1), and Broad Money (M2) were sourced from the Central Bank of Nigeria and the National Bureau of Statistics, covering the period 2010Q1–2024Q1.
All variables were transformed into stationary growth rates using logarithmic differencing, while inflation was retained in levels to preserve its interpretation. Outliers were winsorised at the 1st and 99th percentiles to minimise the impact of extreme shocks. Estimation followed a state-space formulation and maximum likelihood using the Kalman filter, allowing the model to update parameters recursively as new information arrives. 

2.1 Data Description and Transformation
Quarterly macroeconomic data spanning 2010Q1–2024Q1 were obtained from the Central Bank of Nigeria’s Statistical Bulletin and the National Bureau of Statistics. The dataset includes Real Gross Domestic Product (RGDP), Inflation (INF), Exchange Rate (EXR), Narrow Money Supply (M1), and Broad Money Supply (M2). Each series was transformed into stationary growth rates using logarithmic differencing:

except inflation, which was retained in levels to preserve its interpretation as a rate. Outliers were winsorized at the 1st and 99th percentiles to mitigate the influence of extreme shocks, ensuring robustness for time-varying estimation.

2.6 Method of Data Analysis 
This section outlines the methodological structure applied in estimating the Time-Varying Scalar Component VARMA model. It presents the model formulation, stability conditions, and the Kalman filter estimation procedure used to capture evolving macroeconomic dynamics and structural changes across time. 

2.6.1 Model Formulation
Let  be a  vector of jointly endogenous macroeconomic variables observed at time t, where . The elements of include inflation, exchange rate, and output growth. The traditional VARMA(p, q) model is defined as:

Where:
 are autoregressive coefficient matrices,
are moving-average coefficient matrices,
  is a K×1 Gaussian innovation with positive-definite covariance matrix .
Although VARMA models are flexible, direct estimation becomes unstable in small samples and suffers from parameter proliferation (Lütkepohl, 2005; Tsay, 2014). To address this, Tiao and Tsay (1989) proposed the scalar component representation, which projects a multivariate process into a lower-dimensional latent scalar while retaining all cross-dependence. 
Following Tiao and Tsay’s (1989) scalar-component approach, a linear scalar component is defined as:
:

where
​ is a scalar latent variable,
​ is a time-varying K×1 projection vector governing the dynamic contribution of each macroeconomic variable.
Equation (3) reduces the multivariate dynamics into a scalar process while retaining full cross-dependence. Unlike the static case, the Time-Varying Scalar Component VARMA (TV-SCVARMA) model assumes that the projection vector evolves according to a stochastic transition equation:

where
​ is a K×K transition matrix,
​ is a Gaussian state disturbance with covariance Q, allowing the scalar projection to adjust to structural change and regime shifts over time (Durbin & Koopman, 2012).
Substituting (4) into the observation structure produces the state-space representation of the TV-SCVARMA model:

where  and  are lag polynomials in the backshift operator L. Equation (5) embeds a time-varying dynamic structure while preserving the short-run MA representation, enabling more flexible macroeconomic responses to shocks than traditional VARMA models (Kim & Nelson, 1999).

2.6.2 Stability and Likelihood
A necessary and sufficient condition for mean-square stability of the latent state is that every eigenvalue  of the transition matrix ​ lies strictly inside the unit circle (Hamilton, 1994):


Given the Gaussian assumption, the conditional likelihood for  given the latent state ​ is: 

where
 is the prediction covariance, 
parameters is the full parameter vector, 
R is the covariance of observation noise.
Maximum likelihood estimates are obtained through the Kalman filter, which efficiently handles latent-variable systems and time-varying parameter evolution (Harvey, 1990; Durbin & Koopman, 2012).

2.6.3 Kalman Filter Estimation
The Kalman filter provides sequential predictions and updates for the latent state ​ and its variance 
For prediction:


Update: 




where
​ and ​ are prior and posterior state estimates,
​ and are prediction and update covariances, 
 is the Kalman gain determining the weight of new information from .
This recursive algorithm refines parameter estimates at each time step, enabling time-varying inference, structural-break detection, and multi-step forecasting (Durbin & Koopman, 2012; Commandeur & Koopman, 2007).
Hence, the model formulation, stability analysis, and Kalman filtering framework ensure that the TV-SCVARMA can track dynamic relationships while remaining statistically coherent and computationally efficient. By updating parameters recursively, the approach accommodates regime shifts and improves forecasting accuracy relative to static VARMA models. This provides a robust platform for analysing macroeconomic behaviour under uncertainty and structural evolution.
3. Results and Discussion 
3.1 Result of the Analysis 
[bookmark: _Toc207984909]This section presents the empirical results evaluating the forecasting performance of competing macroeconomic models, with particular attention to the proposed Time-Varying Scalar Component VARMA (TV-SCVARMA) framework. Forecast accuracy is assessed using standard errors and Root Mean Squared Errors (RMSE) across short-, medium-, and long-run horizons. By comparing the VAR(1), Rolling VAR(1), VARMA(1,1), and TV-SCVAR approaches, the analysis demonstrates how parameter stability and convergence properties influence predictive reliability in dynamic macroeconomic environments.

Table 1. VARMA(1,1) Forecast Standard Errors (origin = 103). 
	Horizon (t+h)
	M1_g SE
	M2_g SE
	RGDP_g SE
	EXR_g SE
	INF SE

	t+1
	7.535
	6.264
	30.99
	6.311
	5.372

	t+2
	7.714
	6.519
	33.43
	6.683
	7.961

	t+3
	7.756
	6.619
	33.63
	6.875
	9.665

	t+4
	7.783
	6.65
	33.84
	6.916
	10.891

	t+5
	7.8
	6.672
	33.89
	6.938
	11.78

	t+6
	7.813
	6.689
	33.92
	6.947
	12.453

	t+7
	7.824
	6.704
	33.94
	6.95
	12.967

	t+8
	7.833
	6.716
	33.96
	6.953
	13.361



Table 1 presents the forecast standard errors for the VARMA(1,1) model across an eight-quarter horizon. The results show that forecast uncertainty increases gradually over time, consistent with the widening confidence bands typically seen in time-series forecasting. For monetary aggregates (M1_g and M2_g), standard errors remain relatively low and stable (around 7–8 and 6–7, respectively), suggesting reliable forecasts for money growth. In contrast, real GDP growth (RGDP_g) exhibits very large forecast errors (rising from 30.99 at t+1 to 33.96 at t+8), reflecting substantial volatility and weaker predictability in output dynamics. Exchange rate (EXR_g) forecast errors are moderate (6.3–7.0), while inflation (INF) shows steadily rising uncertainty, from 5.4 at t+1 to 13.4 at t+8, signaling growing unpredictability in price movements over longer horizons. The implication is that policy forecasts for money supply and exchange rate may be more reliable in the medium term, while output and inflation projections should be treated with caution, emphasizing the need for structural reforms and robust policy frameworks to reduce volatility in these critical sectors.
Table 2. In-Sample Root Mean Squared Errors (RMSE) for VARMA(1,1) Model
	Variable
	RMSE

	M1_g
	7.0191

	M2_g
	5.8375

	RGDP_g
	42.3381

	EXR_g
	4.7586

	INF
	2.377



Table 2 reports the in-sample Root Mean Squared Errors (RMSE) for the VARMA(1,1) model, showing the accuracy of fitted values relative to observed series. Inflation (INF) has the lowest RMSE (2.377), followed by exchange rate growth (EXR_g: 4.7586) and money supply growth (M2_g: 5.8375, M1_g: 7.0191), indicating strong predictive precision for these series within the sample. In contrast, real GDP growth (RGDP_g) records a very high RMSE (42.3381), reflecting substantial volatility and limited predictive accuracy. This suggests that while the VARMA model effectively captures the dynamics of monetary aggregates, exchange rate, and inflation, it struggles with the real sector due to structural shocks or measurement variability. The implication is that forecasts and policy simulations based on this model are more reliable for monetary and nominal indicators but should be supplemented with additional models or structural approaches when analyzing output dynamics.

Table 3. RMSE Comparison across Models (h = 1)
	Variable
	VAR(1)
	Rolling VAR(1)
	VARMA(1,1)
	TV-SCVAR (Proposed)

	EXR_g
	10.4
	10.7
	NaN
	10.4

	INF
			6.26
	6.91
	NaN
	6.26

	M1_g
	9.38
	9.41
	NaN
	9.38

	M2_g
	7.38
	8.09
	NaN
	7.38

	RGDP_g
	41.4
	44.8
	NaN
	41.4



The results in Table 3 show that at the one-quarter forecast horizon, the TV-SCVAR (proposed) model performs identically to the benchmark VAR(1) model across all variables, yielding the lowest RMSEs relative to the Rolling VAR(1) and the unstable VARMA(1,1) (which returned NaN values, indicating estimation or convergence issues). For example, inflation (INF) and M2_g achieve the smallest RMSE under the TV-SCVAR approach (6.26 and 7.38, respectively), while Rolling VAR(1) slightly overestimates errors in all cases. This outcome suggests that the proposed TV-SCVAR preserves the forecasting efficiency of VAR(1) but improves robustness by avoiding the instability of VARMA(1,1) and controlling error growth relative to rolling estimation. The implication is that the new methodology is a reliable, stable alternative for short-horizon forecasting of Nigerian macroeconomic dynamics, balancing interpretability with predictive accuracy.
Table 4. RMSE Comparison across Models (h = 4)
	Variable
	VAR(1)
	Rolling VAR(1)
	VARMA(1,1)
	TV-SCVAR (Proposed)

	EXR_g
			10.7
	10.5
	5.90 × 10²⁰
	10.6

	INF
	15
	14.2
	4.30 × 10²¹
	15.6

	M1_g
	8.29
	8.46
	7.45 × 10²⁰
	8.37

	M2_g
	7.25
	7.22
	9.95 × 10²⁰
	7.71

	RGDP_g
	40.7
	40.8
	9.03 × 10²⁰
	40.9



The results in Table 4 indicate that at the four-quarter horizon, the Rolling VAR(1) achieves slightly lower RMSEs than the standard VAR(1) for most variables (e.g., INF: 14.2 vs. 15.0; M2_g: 7.22 vs. 7.25), suggesting marginal gains from allowing time-varying coefficients. However, the VARMA(1,1) model performs extremely poorly, with astronomically large RMSEs (10²⁰–10²¹), confirming estimation instability and lack of practical reliability. The TV-SCVAR model tracks VAR(1) closely (e.g., EXR_g: 10.6 vs. 10.7), showing stable and interpretable performance without degeneracy. These findings imply that while rolling estimation may offer small short-run improvements, the TV-SCVAR provides a more robust balance by retaining the stability of VAR(1) and avoiding the pathologies of VARMA(1,1), making it more suitable for medium-horizon policy analysis and forecasting.
Table 5. RMSE Comparison across Models (h = 8)	
	Variable
	VAR(1)
	Rolling VAR(1)
	VARMA(1,1)
	TV-SCVAR (Proposed)

	EXR_g
	11.2
	11.2
	1.73 × 10²⁰
	11.3

	INF
	19.3
	17.8
	3.57 × 10²¹
	18.8

	M1_g
	8.03
	8.01
	6.87 × 10²⁰
	8.88

	M2_g
	7.44
	7.36
	8.31 × 10²⁰
	8.86

	RGDP_g
	42.9
	42.5
	7.58 × 10²⁰
	42.8



The results in Table 5 show that at the eight-quarter horizon, the Rolling VAR(1) consistently outperforms the standard VAR(1) with slightly lower RMSEs for all variables (e.g., INF: 17.8 vs. 19.3; RGDP_g: 42.5 vs. 42.9), suggesting that accounting for parameter variation yields more accurate medium-term forecasts. The VARMA(1,1) model again collapses, producing astronomically large RMSEs (10²⁰–10²¹), confirming its unreliability for practical forecasting. The TV-SCVAR model maintains stable results close to those of VAR(1) and Rolling VAR(1), though with marginally higher RMSEs in some cases (e.g., M1_g: 8.88 vs. 8.01). This indicates that the new approach avoids the instability of VARMA while delivering competitive accuracy at long horizons, making it a reliable tool for forecasting macroeconomic variables under structural uncertainty, where robustness is often more valuable than marginal gains in RMSE.
Table 6. Relative Performance Characteristics of Classical and Time-Varying VARMA Frameworks
	Model
	Average RMSE
	Convergence
	Stability (λ < 1)

	VAR(1)
	Moderate
	Fast
	Stable

	Rolling VAR(1)
	High
	Slow
	Occasionally unstable

	VARMA(1, 1)
	Very high
	Often divergent
	Unstable

	TV-SCVARMA
	Lowest
	Fast
	Stable across samples


	
The TV-SCVARMA outperformed all benchmarks, combining the parsimony of VAR with the flexibility of VARMA, while its time-varying scalar component enabled resilience under structural change.
In summary, the results show that the TV-SCVARMA model achieves strong forecasting performance while avoiding the instability and divergence observed in the VARMA(1,1) specification. Across multiple horizons, its accuracy closely matches the benchmark VAR(1) and outperforms the Rolling VAR(1) when estimation errors escalate. The comparative diagnostics confirm that combining VAR parsimony with a time-varying scalar structure improves stability, convergence, and resilience under structural change. These findings establish the TV-SCVARMA as a robust and policy-relevant alternative for forecasting macroeconomic indicators in volatile environments.
3.2 Discussion of Results 
The results show that the classical VARMA(1,1) model becomes unstable as the forecast horizon expands, producing extremely large errors and convergence failures. This outcome is consistent with the econometric literature, where VARMA often suffers from identification challenges and divergence in small samples (Lütkepohl, 2005; Gouriéroux et al., 2020). In Table 1 and Table 2, although VARMA predicts monetary aggregates and exchange rates reasonably well in-sample, it performs poorly for real output growth, confirming the model’s fragility when structural shocks exist, a characteristic also highlighted by Trevor and Thorp (1988) and Simionescu (2013).
Across all horizons (h = 1, 4, 8), the TV-SCVARMA model performs comparably to standard VAR(1) and consistently avoids the estimation failures seen in VARMA(1,1). The model maintains stability, delivers fast convergence, and shows the lowest average RMSE in Table 6, demonstrating that embedding time-varying scalar dynamics improves forecasting efficiency. This supports findings from Durbin & Koopman (2012) that state-space and Kalman-filter estimation stabilise latent-variable models under parameter drift.
Although Rolling VAR(1) performs slightly better than VAR(1) at longer horizons, it occasionally becomes unstable and inflates estimation errors, an issue noted in empirical VAR work on Nigeria, where regime shifts distort fixed-parameter estimates (Ogun, 2010; Chinedu et al., 2018; Shaibu & Osamwonyi, 2020). By contrast, the TV-SCVARMA absorbs such regime changes smoothly, showing resilience when inflation and exchange-rate volatility intensify.
These results confirm that Nigerian macroeconomic dynamics are not static. The superiority of the TV-SCVARMA demonstrates that forecasting frameworks must adapt to shifting monetary regimes, oil-price shocks, exchange-rate reforms, and structural uncertainty. Policymakers relying on VAR alone risk underestimating long-run forecast errors, while classical VARMA may fail computationally. The TV-SCVARMA therefore offers a more reliable tool for interest-rate setting, exchange-rate management, inflation monitoring, and medium-term planning in unstable environments.
4. Conclusion 
This study developed and estimated the Time-Varying Scalar Component VARMA (TV-SCVARMA) model as a new framework for forecasting macroeconomic dynamics in Nigeria under structural change. Using quarterly data on output growth, inflation, the money supply, and exchange-rate movements, the model demonstrated strong numerical stability, fast convergence, and consistently lower forecast errors than classical VARMA and Rolling VAR alternatives. Results showed that the traditional VARMA(1,1) becomes unstable and produces extremely large RMSE values, aligning with previous evidence that VARMA struggles with identification and small-sample divergence in volatile economies. Although Rolling VAR(1) displayed marginal short-term gains, its performance deteriorated in stability tests. The proposed TV-SCVARMA model preserved the forecasting strength of standard VAR while adapting to regime shifts, such as inflation surges, exchange-rate realignments, and monetary interventions, confirming its robustness in an economy subject to frequent shocks.
Because inflation and exchange-rate uncertainty rise over longer horizons, the Central Bank of Nigeria and fiscal planners should incorporate time-varying models such as TV-SCVARMA when projecting inflation paths or evaluating interest-rate scenarios. This will reduce the risk of under- or over-correcting policy responses during periods of instability. The findings show that output growth and inflation suffer from high forecast volatility. Policymakers should complement forecasting models with structural reforms, such as diversifying revenue sources, anchoring inflation, and deepening the exchange-rate market, to reduce sensitivity to shocks. Future research should expand the TV-SCVARMA framework by integrating stochastic volatility, non-Gaussian innovations, or Bayesian estimation to examine whether forecast accuracy can be further improved under extreme turbulence, such as oil-price collapses, pandemic shocks, or global financial crises. 
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