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Abstract

This research employs a Vector Autoregressive (VAR) model to scrutinize the dynamic interactions
between exchange rate, interest rate, money supply, and oil price, with a particular emphasis on their
influence on inflation. The analysis is based on time series data from 2003 to 2024. Stationarity tests
reveal that all variables are initially non-stationary but become stationary after first differencing. Based
on various lag selection criteria, a lag length of two is identified as optimal. The Unrestricted
Cointegration Rank Test finds no evidence of long-term equilibrium relationships among the variables,
supporting the use of a standard VAR model. The stability of the VAR system is confirmed through the
Inverse Roots of the Autoregressive (AR) Characteristic Polynomial, indicating that all characteristic
roots lie within the unit circle and the model is dynamically stable. Variance decomposition highlights
the extent to which fluctuations in each variable can be attributed to changes in inflation. Impulse
Response Functions (IRFs) further illustrate how inflation responds to shocks in each of the
macroeconomic variables. Granger causality tests indicate that the exchange rate, money supply, and
oil prices significantly impact inflation, while the interest rate does not show a statistically significant
effect. Diagnostic tests confirm the absence of serial correlation, indicating a well-specified model. The
forecasting results underline the dominant role of exchange rate, money supply, and oil prices in driving
inflation, suggesting that interest rate policies may have limited effectiveness in the short run. Overall,
the study underscores the VAR model’s strength in capturing the interplay among macroeconomic
variables and its practical value in forecasting inflation trends.

Keywords: Vector Autoregressive (VAR) Model, Inflation, Exchange Rate, Granger Causality,
Money Supply

INTRODUCTION

Inflation serves as a crucial economic indicator, reflecting the percentage change in the cost of
purchasing a standard basket of goods and services by the average consumer over a given
period. It signifies the rate at which the overall price level of goods and services increases,
thereby diminishing the purchasing power of money. Commonly assessed using indices like
the Consumer Price Index (CPI) and the Producer Price Index (PPI), inflation captures the
impact of price changes on both consumers and producers. Inflation, defined as a continuous
and sustained increase in the general price level over time (Lim & Sek, 2015; Ojo, 2017),
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continues to be a major focus of monetary policy. In the context of Nigeria, monetary policy
continues to prioritize price stability and the expansion of credit in a manner that supports
steady and sustainable economic growth. One of the most pressing economic challenges
facing nations and monetary authorities is the ability to monitor and forecast shifts in the
general price level. Like many other developing nations, Nigeria has experienced considerable
discrepancies between policy design, implementation, and achievement. These gaps are often
due to policy inconsistencies and the limited ability of monetary authorities to accurately
forecast inflation and its true driving factors. As a critical measure of monetary policy
effectiveness, inflation also serves as a valuable indicator of trends in leading and lagging
macroeconomic variables. Understanding these trends helps shape inflation expectations,
guiding wage negotiations and long-term contracts. Overall, a solid grasp of inflation
forecasting methods is essential for effective monetary policy, enabling better monitoring of
economic indicators and promoting stable, long-term economic growth.

Several studies in the literature have employed the Vector Autoregressive (VAR) model to
analyze macroeconomic variables, highlighting its flexibility in capturing dynamic
interrelationships. For instance, Sun and Sun (2020) used the VAR model along with Granger
causality, Impulse Response Functions, and Variance Decomposition to study the interaction
between China’s Gross Domestic Product (GDP), inflation, and money supply from 2001 to
2015, concluding GDP strongly influences Consumer Price Index (CPI). Bortey (2015)
analyzed inflation dynamics in Ghana using VAR and VEC models with quarterly data from
1990 to 2013, revealing a long-run relationship between inflation, money supply, and
exchange rate. Khan and Ahmed (2015) used VAR to examine Bangladesh's macroeconomic
indicators from 1973 to 2012, identifying foreign earnings as key to debt servicing. George and
Ibiok (2015) applied the VAR model to sectoral GDP contributions in Nigeria, showing strong
links between the industrial sector and GDP. Gylych and Isik (2016) found bi-directional
causality between exchange rate and inflation in Nigeria using data from 1990 to 2014.
Ochieng et al., (2016) investigated inflation drivers in Kenya with VAR, identifying oil price
fluctuations as major contributors. Urriola et al., (2018) analyzed agricultural exports and GDP
in Peru from 2000 to 2016 using VAR and found that non-traditional exports significantly
drive short-term growth. Antwi et al., (2020) explored exchange rate determinants in Ghana
from 2000 to 2019 and highlighted the predictive power of real GDP. Muhammed et al., (2022)
linked energy security and GDP in Nigeria from 1990 to 2020, revealing GDP as a driver of
electricity demand. Abdullah (2022) modeled oil and gold price forecasts with VAR(10) and
VAR(7), identifying accurate predictive power through MSE analysis. Lastly, Farzanegan and
Basir (2023) employed VAR and impulse analysis to show oil rent shocks increase corruption
in Iran, using data from 1962 to 2019.

Few studies have explored Nigeria's inflation dynamics using the Vector Autoregression
(VAR) model while simultaneously incorporating a comprehensive set of macroeconomic
indicators such as the exchange rate, interest rate, money supply, and oil prices. Most existing
works either focus on a subset of these variables or employed alternative models that may not
fully capture the interdependencies among them. This limitation in the literature constrains
policymakers’ ability to access a holistic, empirically grounded perspective on inflation
drivers. The current study fills this gap by adopting a VAR approach that integrates these key
macroeconomic indicators, enabling a more robust and dynamic forecasting framework. The
unique novelty of this research lies in its combined use of these critical economic variables
within a VAR context specifically tailored to Nigeria’s economic structure, offering improved
forecast accuracy and actionable insights for policy formulation.
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METHODOLOGY

Materials and Estimation Method

The monthly inflation rate and other macroeconomic variable such as exchange rate, interest
rate, money supply and oil price data over the period 2003 to 2024 of Nigeria resulting to a
total of 264 observations is used for the analysis. The data were sourced from the official
website of the Central Bank of Nigeria (CBN). We consider the estimation process for the VAR
(P) viz, Multivariate least square estimation process. By considering an AR model of order 1
(AR(1)), order 2 (AR(2)), and order p (AR(p)) can be represented in equations (1), (2), and (3)

respectively can be defined as:
h=c+gh,+q O
h=c+gh, +¢h,+9 @)
h=c+gh, +oh ,+..+4h +q 3)

In a general form:

h=0+iéhi+q ()

Vector Autoregression Model

In a Vector Autoregressive (VAR) model, the term “autoregressive” indicates that past
(lagged) values of the dependent variables appear on the right-hand side of the equations. The
term “vector” reflects the model’s structure, which involves multiple interconnected variables
analyzed together. Since the foundational work by Sims (1980), VAR models have gained
widespread use in macroeconomic research due to their strength in analyzing and forecasting
multiple time series variables simultaneously. A simple VAR model of order 1 can be

expressed as fOHOWSZ
[Illt] ¢11 ¢12 [lllt-lJ | [Slt )
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Parameter Estimation for VAR Model

more compactly,

where,

Assume there is a M-dimensional multivariate time series ™ :---»Prwith observations
he = (Pygs o P )', which is identified to follow a stationary and stable VAR(p) process.

H =c+y h,+..+yh +u. 7)
where

C= (Cl""'ck ) is a (M x1) vector of intercept terms, Ti are (M x M) coefficient matrices

and U, is white noise with nonsingular covariance matrix Z u-
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Multivariate Least Square Estimation
Multivariate least squares (LS) estimation is applied to determine the estimator for the

standard form of equation (7) in a VAR(p) process. Assume that a time series h1,..., hT
consisting of K variables is available, with a sample size of T for each variable over the same
time period. Additionally, it is assumed that p pre-sample observations for each variable,
denoted as h_p T ho y, are also available. Dividing the time series into in-sample and pre-

sample data helps to simplify the notation. Here, the operator "vec" refers to the column-wise
vectorization of a matrix. Using this framework, for{ =1,...,T,, the VAR(p) model in

equation (7) can be expressed in a compact matrix form as: Note let h=L

H=yL+U ®)

Thus, equation (8) can also be expressed using the vec operator to provide a more concise and
organized representation of the system of equations by stacking the column of the matrix.
However, the vec-operator converts matrix equations into vector form, simplifying the
application of matrix algebra techniques like Kronecker products (Kronecker product is an
operation between two matrices that produces a larger block matrix). This transformation
ensures that both the endogenous variable vector and error term (white noise) share the same
vector dimension, a common approach in time series econometrics and state-space modeling.
(Tasi'u et al. (2020)).

vec (H)=vec (yL)+vec(G) =(L ® I, ) vec (y)+vec (U) )

otherwise
h=(L®I,)¥+u. (10)
But the covariance matrix of U is Z u=l ®Z u (11)

Therefore, estimating /' using multivariate Generalized Least Squares (GLS) or Least Squares

(LS) involves selecting the estimator that minimizes the objective function. It's essential to note

that S (\|l) represents the sum of squared residuals (SSR).
S(w) = u (1, ®Z ) u=u (I, ®%,Hu=[h—(L L )y] 12)
(e )[h-(Le)y]

S(w)=h(I; TN h+y (L1 TN 1L )w g5
—2y (L@ 1, ) (I, ®ZHh

—h' (I; X Dh+y (LL®ZHwy—2y (LM h. (14)

As such,
asa(‘l‘l") =2(LL X Hy—-2(L®XZH)h. (15)
Equating to zero gives the standard equation as:
(Ll ®Zal)\;1=(L®Z;l)h (16)
Hence, the LS estimator of \f is
v= (L) " ®Z, ) (LOZHh = (LL) Lo )h )

The Hessian of S (\|l),
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2
IS Ll esd), (18)
oY oy
The matrix is positive explicit, confirming that \p is definitely the vector that minimizes the
loss function. To ensure the validity of these results, it is important to assume that the matrix
L L is nonsingular. This assumption generally holds true with probability one, provided that
the variable h, follows a continuous distribution an assumption that is typically made. It's

also worth mentioning that the multivariate least squares (LS) estimator vj is equivalent to

the ordinary least squares (OLS) estimator, which is derived by minimizing the corresponding
loss function

S(w)=wu=[h— (L1 )yl h-(L®1, )] (19)
This finding originates from Zellner (1962), who demonstrated that in a system of multiple

equations, Generalized Least Squares (GLS) and Least Squares (LS) estimations yield the same
results when all equations share identical regressors.

Information Criteria

This is where information criteria, specifically the Akaike Information Criterion (AIC) and
Bayesian Information Criterion (BIC), play a crucial role. This information criteria have been
proven to be effective in determining the goodness of fit of the data.

A

AIC=T In ?“f +2p

BIC=TlIn T“'” +p+pin(T) (21)

A

where T denote the size/length of the data or sample, Z represents the Maximum

u,l

Likelihood estimate of Zu AIC represents the Akaike information criterion. Musa et al.,
(2014).

Variance Decomposition
The dynamic interactions between inflation and key macroeconomic variables in Nigeria can
be analyzed using variance decomposition.

A VAR (p) technique and for Cov(r,) = |, itis seen that ¢ —step ahead forecasterrorof s__,

at the forecast origin t = g is expressed as

€, (f) =W ollger TWoallgpia T W g (22)
and matrix of forecast error covariance is
t—1
Cov[e, (0)|=Dw. v, (23)
c=0

The forecast error variance € ; (5 ), the i component of € (( ) ,is
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-1 k (-1
Var [eg,i (5)] = ;;V,Z_V‘ij _ ;;WZ_V,U (24)

/-1
Where, @; (f) = sz—v,ij’ and Var [eg,i (6)] = Zk:wij (6)
c=0 w=1

Impulse Response Function

Using the impulse response function analysis, the study can determine the present, and
future values of the model’s variables respond over time to a one unit increase in one of the
VAR errors, that is, it examines the effect of a one unit shock in, for example, “Y” on “W”.

The coefficient matrix ¥/; of the MA form of a VAR (p) model is called the coefficients of

impulse response functions. The summation
n
v, =2V (25)
i=0

represents the total outcomes over N times to a unit shock to §. Components of Y are called

the N™ interim multipliers. For all future periods, the total accumulated responses are
represented as;

L= W (26)

i=0

IS

The percentages represent the growth rates. Often ¥ is called the long-run effects or total

multipliers.

Granger Causality Test
The Granger causality test is employed to assess whether the past values of the time series can
be used to predict another within the milieu of a Vector Autoregressive (VAR) model.

By defining a VAR(p) model for two time series: Y;, and Y,
p

p
yt:C1+Z¢lj ylt—j+zylj Yoruj T &y (27)
=

i=1

p p
y2t:C2+z¢2jy2t—j+ZYZj Vi) T €xn (28)
1 1

where

P laglength,
C, and C, are constants,
(I) 1j 7 (1) 27 ylj and YZj are the coefficients,
& and &, are white noise error terms.

Hypothesis Testing
¢ Null Hypothesis H o: variable Y, does not granger cause Y,,, meaning all lagged

coefficients Y, j are zero.

e Alternative Hypothesis le Atleast one Y;; #0, indicating Y;; granger cause Y,
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Forecast Performance Measures

The forecast performance measures will be utilized to summarize prediction errors. In this
study, the Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE) and Root
Mean Square Error (RMSE).

1Y -
MAE:—Z‘Hm—Hm. (29)
M m=1
1 ‘Hm_lqm
MAPE == ———— x 100 (30)
m1  H,
¢ A2
RMSE:\/?mZ;(Hm—Hm) . (31)

where H_ and H,, are the actual and forecasted data, while M denote the size/length of the
data or sample.

RESULT AND DISCUSSION

Table 1 provides descriptive statistics for Nigeria's key macroeconomic variables —inflation,
exchange rate, interest rate, money supply (M3), and oil price —covering the period from 2003
to 2024. Inflation averaged 14.08% with high variability and leptokurtic distribution,
indicating recurrent inflationary spikes, consistent with Chuku et al. (2011), who attributed
Nigeria’s inflation to cost-push and demand-pull pressures. The exchange rate showed
significant volatility (mean = N289.33/$, range = N116.79-N1669.61), reflecting sharp
depreciation episodes likely driven by oil price shocks and external reserves, as noted by
Egwaikhide et al. (2009). Interest rates, with a mean of 11.20%, varied moderately and
displayed asymmetric spikes, often reflecting CBN's inflation-targeting efforts (Adebiyi &
Adenuga, 2010). The money supply averaged N23.9 trillion and showed signs of policy-
induced expansion, supporting Oladipo and Akinbobola’s (2011) claim that rapid monetary
growth contributes to inflationary pressures. Oil prices, averaging $73.54, were volatile but
normally distributed, underscoring Nigeria's exposure to global oil market fluctuations
(Iwayemi, 2012). Overall, the data highlight Nigeria’s macroeconomic instability, reinforcing
the relevance of employing a robust forecasting model like VAR to understand inflation
dynamics and inform policy.

Table 1: Descriptive Statistics

INFLATION | EXCHANGE RATE | INTEREST RATE | MONEY SUPPLY M3 | OIL PRICE

Mean 14.08538 289.3314 11.20295 23903525 73.54364
Median 12.44000 161.9750 12.00000 18350719 72.72500
Maximum 34.80000 1669.610 27.50000 1.11E+08 138.7400
Minimum 3.000000 116.7900 1.188298 1052477. 14.28000
Std. Dev. 6.452855 93.9927 5.056032 4093667 27.28977
Skewness 1.303517 3.254537 0.619625 1.689840 0.213333
Kurtosis 4.720214 3.89695 4.666520 6.119564 2.220350
Jarque-Bera 107.3133 1772.228 47.44330 232.6930 8.688889
Probability 0.000000 0.000000 0.000000 0.000000 0.012979
Observations 264 264 264 264 264
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Figure 1: Time plot of Inflation Rate monthly data in Nigeria (2003-2024)
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Figure 2: Time plot of Exchange and Interest rate monthly data in Nigeria (2003-2024)
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Figure 3: Time plot of Money Supply M(3) and Oil Price monthly data in Nigeria (2003-2024)

Table 2 presents the results of the Augmented Dickey-Fuller (ADF) unit root test, which was
used to evaluate the stationarity of key macroeconomic variables: inflation, exchange rate,
interest rate, money supply (M3), and crude oil price. The findings show that all variables
were non-stationary at their level form but became stationary after first differencing,
indicating that they are integrated of order one, I(1). This is consistent with prior studies such
as Olayeni (2009) and Onafowora and Owoye (2006), who documented similar unit root
behavior in macroeconomic indicators across Nigeria and Sub-Saharan Africa. Specifically,
the inflation rate had a level ADF statistic of -1.31352 (p = 0.6238), echoing Ayinde’s (2014)
findings on persistent inflation. The exchange rate, with a level ADF of 3.23380 (p = 1.000),
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supports Egwaikhide et al. (2009) on exchange rate volatility. After differencing, both
variables became stationary —e.g., inflation (ADF = -13.47761, p = 0.00001) and exchange rate
(ADF = -3.564471, p = 0.0072). Similar trends were observed for interest rate and money
supply, reinforcing Mordi’s (2008) views on Nigeria’s unstable monetary environment. Crude
oil price, while borderline non-stationary at level (ADF = -2.76306, p = 0.0651), became
stationary after differencing (ADF = -12.23202, p = 0.000), aligning with Hamilton (2003).
These results validate the use of a first-differenced VAR model to avoid spurious regressions,
as emphasized by Enders (2015) and Gujarati and Porter (2009).

Table 2: Unit Root (Stationarity) test of the Variables using ADF Statistic

At Level At First Difference
Variables ADF test Statistic | 5% ADF Critical Value | ADF test Statistic 5% ADF Critical Value
Inflation Rate -1.31352 0.6238 -13.47761 0.00001
Exchange Rate | 3.23380 1.000 -3.564471 0.0072
Interest Rate 0.11105 0.9661 -21.98206 0.00001
Money Supply | 5.775615 1.000 -15.42116 0.000
Crude oil price | -2.76306 0.0651 -12.23202 0.000

Table 3 presents the results of the VAR lag order selection, a crucial step for ensuring model
accuracy and efficiency. Several standard criteria Log-likelihood (LogL), Likelihood Ratio
(LR) test, Final Prediction Error (FPE), Akaike Information Criterion (AIC), Schwarz Criterion
(SC), and Hannan-Quinn Criterion (HQ) were employed to guide the selection. Lag 2 emerged
as optimal, showing the lowest AIC (53.43909), SC (54.41421), HQ (53.99455), and FPE
(1.17e+17), and was also supported by the LR test, indicating a strong and parsimonious
model fit.

This approach is consistent with econometric best practices. Lutkepohl (2005) recommends
minimizing AIC and SC to avoid overfitting or underfitting, while Gujarati and Porter (2009)
warn that longer lags can lead to multicollinearity and loss of degrees of freedom, particularly
in limited samples. Enders (2015) explains that different criteria have varying sensitivities to
lag length, and using multiple indicators provides more robust justification. Although lag 10
showed a lower FPE, relying on a single criterion could be misleading; Stock and Watson
(2001) advocate for a balanced approach using several metrics. Thus, the selection of lag 2 in
this study ensures efficient estimation of the dynamic relationships among inflation and other
macroeconomic variables.

Table 3: VAR Lag Order Selection Criteria

Lag LogL LR FPE AIC sC HQ
1 -6765.278 NA 2.17e+17 54.10580 54.45694 54.24711
2 -6406.605 42.91664* 1.17e+17 53.43909* 54.41421* 53.99455*
3 -6669.462 40.21414 1.50e+17 53.74074 54.79416 54.16466
4 -6650.340 35.19788 1.58e+17 53.78757 55.19213 54.35280
5 -6633.094 31.05589 1.68e+17 53.84936 55.60506 54.55589
6 -6589.558 76.66528 1.45e+17 53.70166 55.80850 54.54950
7 -6577.217 21.23984 1.61e+17 53.80253 56.26051 54.79168
8 -6557.144 33.74802 1.69e+17 53.84179 56.65091 5497225
9 -6529.972 44.60133 1.67e+17 53.82448 56.98475 55.09625
10 -6457.393 116.2423 1.15e+17* 53.44536 56.95677 54.85844
11 -6434.805 35.27752 1.18e+17 53.46458 57.32713 55.01896
12 -6690.847 142.9300 1.46e+17 53.71193 57.65278 55.13478
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Table 4 presents the Unrestricted Cointegration Rank Test (Trace), which indicates no
significant cointegration among the variables namely inflation rate, exchange rate, interest
rate, money supply (M3), and oil price as all Trace Statistics fall below the 5% critical values
and the p-values exceed 0.05. This suggests the absence of a shared long-run equilibrium
relationship, aligning with Johansen (1991), who states that cointegration necessitates a Vector
Error Correction Model (VECM) to capture both long- and short-term dynamics. Given the
non-stationarity of these variables at level but lack of cointegration, modeling them using a
VAR in first differences is appropriate to avoid spurious regression, as supported by Enders
(2015) and Hamilton (1994). This also reflects Sims” (1980) original premise for VAR models
as a flexible, data-driven framework for analyzing dynamic interrelationships without
requiring prior structural assumptions. Thus, the adopted approach conforms to established
econometric best practices for non-cointegrated macroeconomic time series.

Table 4: Unrestricted Cointegration Rank Test of the variables

Unrestricted Cointegration Rank Test (Trace)

Hypothesized Trace 0.05
No. of CE(s) Eigenvalue Statistic Critical Value Prob.**
None 0.173146 94.77448 99.81889 0.0729
At most 1 0.091525 45.15137 47.85613 0.0878
At most 2 0.039164 20.09855 29.79707 0.4162
At most 3 0.035400 9.671126 15.49471 0.3069
At most 4 0.001012 0.264240 3.841466 0.6072

Table 5 presents the VAR Granger Causality/Block Exogeneity Wald Test, which evaluates
whether lagged values of macroeconomic variables significantly forecast inflation. The results
show that exchange rate, money supply (M3), and oil prices significantly Granger-cause
inflation, consistent with Aliyu (2009) and Olalekan (2012), who highlighted the influence of
exchange rate fluctuations and oil price volatility on Nigeria's inflation. The significance of
money supply supports Friedman’s (1963) quantity theory of money and is reinforced by
findings from Omotor (2008) and Mordi (2008), which attribute inflationary pressures to
expansionary monetary policy in Nigeria. In contrast, the interest rate was not a significant
predictor of inflation, aligning with Uchendu (1996) and Akinlo (2007), who noted the weak
effectiveness of monetary transmission through interest rates due to structural and financial
market limitations. The joint significance of all variables echoes Sims’ (1980) rationale for
using VAR models to capture dynamic interdependencies in macroeconomic systems.

Table 5: VAR Granger Causality/Block Exogeneity Wald Tests

Excluded Chi-sq df Prob.
D(EXCHANGE_RATE) 462.6173 2 0.0000
D(INTEREST_RATE) 0.066480 2 0.9673
D(MONEY_SUPPLY_M3_) 9.147591 2 0.0103
D(OIL_PRICE__$_) 10.87939 2 0.0072
All 469.8566 8 0.0000

Table 6 presents the estimation results of the VAR model for inflation, showing that the model
explains over half of the variation in inflation, with an R-squared of 0.5522 and adjusted R-
squared of 0.5074, aligning with Enders (2015) on the efficacy of VAR in capturing dynamic
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time series relationships. The significance of lagged inflation terms (p = 0.0077 and 0.0142)
confirms inflation persistence, supporting the inflation inertia theory by Blanchard and Quah
(1989) and Friedman (1963). Exchange rate lags also significantly affect inflation, indicating
exchange rate pass-through effects consistent with Aliyu (2009) and Egwaikhide et al. (2009).
The significant constant term (p = 0.0061) suggests the presence of structural inflation drivers,
as highlighted by Adebiyi et al. (2010). The Durbin-Watson statistic (1.98) confirms minimal
serial correlation, and the F-statistic (p = 0.004025) underscores the joint relevance of the
model’s predictors, consistent with Gujarati and Porter (2009) and Sims (1980). Overall, the
VAR model proves robust and policy-relevant, especially in guiding inflation-targeting
strategies, as emphasized by Mishkin (2007).

Table 6: Estimating Inflation using VAR Model

Coefficient Std. Error t-Statistic Prob.
D(INFLATION(-1)) 0.168176 0.062616 2.685844 0.0077
D(INFLATION(-2)) 0.685108 0.261238 2.622545 0.0142
D(EXCHANGE_RATE(-1)) 0.000406 0.003157 0.128463 0.0079
D(EXCHANGE_RATE(-2)) 0.685985 0.305008 2.249070 0.0329
D(INTEREST_RATE(-1)) 0.043733 0.092607 0.472237 0.6372
D(INTEREST_RATE(-2)) 0.200407 0.092040 2.177389 0.0304
D(MONEY_SUPPLY_M3_(-1)) 7.29E-08 6.20E-08 1.176171 0.2406
D(MONEY_SUPPLY_M3_(-2)) 6.48E-08 8.72E-08 0.743904 0.4576
D(OIL_PRICE__$_(-1)) 4.876914 1.732101 2.815605 0.0090
D(OIL_PRICE__$_(-1)) 0.003225 0.013808 0.233594 0.8155
Constant 0.867134 0.288100 3.009832 0.0061
R-squared 0.712372  Mean dependent var 0.110728
Adjusted R-squared 0.507409 S.D. dependent var 1.493363
S.E. of regression 1.472765 Akaike info criterion 3.653391
Sum squared resid 542.2589 Schwarz criterion 3.803620
Log likelihood -465.7676 Hannan-Quinn criter. 3.713779
F-statistic 1.732377  Durbin-Watson stat 1.983226
Prob(F-statistic) 0.004025

Table 8 presents the forecast accuracy and performance metrics of the Vector Autoregression
(VAR) model, showing that it delivers moderate to strong predictive performance. The model
exhibits a relatively low Akaike Information Criterion (AIC = 3.653391) and Bayesian
Information Criterion (BIC = 3.803620), indicating a well-fitted and parsimonious model. The
adjusted R-squared value of 0.507409 suggests that about 50.7% of the variation in inflation is
explained by the model, reflecting moderate explanatory power typical in macroeconomic
modeling. Forecast error metrics further confirm the model’s reliability, with a Mean Absolute
Error (MAE) of 114.6067, a Root Mean Squared Error (RMSE) of 19.75531, and a Mean
Absolute Percentage Error (MAPE) of 15.37161%, the latter indicating acceptable predictive
accuracy since it falls below the 20% threshold commonly used in economic forecasting.
Overall, these results affirm the VAR model's effectiveness in capturing inflation dynamics in
Nigeria and its suitability for short- to medium-term macroeconomic forecasting.

Table 8: Model Performance/Forecast Accuracy
Models AIC BIC R-square Adjust MAE MAPE RMSE
VAR 3.653391 3.803620 0.507409 114.6067 15.37161 19.75531
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CONCLUSION

This study employed the Vector Autoregressive (VAR) model to investigate how fluctuations
in exchange rate, interest rate, money supply, and oil prices impact Nigeria's inflation rate,
with a focus on the causal relationships between these variables. The analysis, which spanned
from 2003 to 2024 using monthly data, aimed to capture the real-time dynamics among key
macroeconomic factors. It also incorporated Granger Causality tests and Impulse Response
Functions (IRFs). The outcome revealed the direction of causality and provided empirical
evidence on how inflation responds over time to shocks in oil prices, exchange rate, money
supply, and interest rate, thereby offering insights into the dynamic interactions and
transmission mechanisms among these key macroeconomic variables. The findings are
consistent with existing theoretical studies that have explored inflation and its related
macroeconomic variables through the VAR approach.
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Appendix
Response to Cholesky One S.D. (d.f. adjusted) Innovations
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Figure 4: Impulse Response function of other variables to Inflation

Diagnostic Test
Inverse Roots of AR Characteristic Polynomial

15

1.0 H

0.5

0.0 -3 oo -

-0.5

-1.0

-1.5

T T T T T
-1.5 -1.0 -0.5 0.0 0.5 1.0 1.5
Figure 5: Inverse Roots AR Characteristic Polynomial
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Variance Decomposition of Inflation Over Time

100

mmmm Exchange Rate

@ N Interest Rate
2 mmmm Money Supply (M3)
= so | mmmm Oil Prices
g s Unexplained Variance
=
=
=]
s
=
= 60
=}
=
=
=
=
=
=
= 40
f
=3
(]
s3]
f=2]
=]
= 20
[
2
<
(=0

o

2 a (S}
Forecast Horizon (Periods)

Figure 6: Variance Decomposition

Table 7: Serial Correlation LM Test

Breusch-Godfrey Serial Correlation LM Test:

F-statistic 0.171885 Prob. F(2,248) 0.8422
Obs*R-squared 0.361290  Prob. Chi-Square(2) 0.8347
Forecast
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4.000 Actual: INFLATION
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20 | Kurtosis 8.938099
Jarque-Bera 85.3155
10 | Probability 0.089178
o -
-6 -4 2 4 6
Inflation (Baseline)
35
30 |
25 _|
20 |
15 |
10 |
5 _|
(@]

J. A. Damisa, M. Tasi’'u, A. Usman, DUJOPAS 11 (2d): 97-111, 2025 111



