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ABSTRACT
The paper explored the impact of Agriculture, export earnings and inflation on gross domestic
product (GDP). Time series data were obtained from the central bank of Nigeria statistical bulletin from
1981 to 2018. Each series consist of 38 observations. Evidence from our study showed that the predictor
variables (Agriculture, export earnings and inflation) were significantly joint predictors of Gross
Domestic Product. The predictor variables jointly explained 68.958% of GDP. Result of the analysis
also revealed that both agriculture and export earnings have a positive impact on gross domestic product
reaffirming the importance of the sectors to economic growth while inflation has a negative impact on
gross domestic product. With evidence that agriculture has the potential to cause economic growth, spur
industrialization as well as to enhance the living condition of the nation’s majority, there should be
increased investment in the development of the sector. This study also revealed that inflation is
detrimental to sustainable economic growth in Nigeria. The result has important policy implications for
both domestic policy makers and development partners. It also implies that controlling inflation is a
necessary condition for promoting economic growth. Thus, policy makers should focus on maintaining
inflation at a low rate probably single digit.
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1. INTRODUCTION
Classical regression model seeks to determine the relationship between the dependent
variable and the independent variables. This regression model could be simple (consisting of
one dependent and one independent variable) or multiple (consisting of one dependent and two
or more independent variables). However, in the linear regression model, certain assumptions
are made on how a dataset will be produced by an underlying data-generating process [1].
Ordinary Least Squares (OLS) is the most common estimation method for linear models—and
that’s true for a good reason. As long as your model satisfies the OLS assumptions for linear
regression, you can rest easy knowing that you’re getting the best possible estimates. According
to [2] some of the assumptions are: (1) No heteroscedasticity, here the variance of the errors
should be consistent for all observations. In other words, the variance does not change for each
observation or for a range of observations. This preferred condition is known as
homoscedasticity. If the variance changes, we refer to that as heteroscedasticity. (2) The
regression model is linear in the coefficients and the error term. This assumption addresses the
functional form of the model. In statistics, a regression model is linear when all terms in the
model are either the constant or a parameter multiplied by an independent variable.(3)
Observations of the error term are uncorrelated with each other. One observation of the error
term should not predict the next observation. For instance, if the error for one observation is
positive and that systematically increases the probability that the following error is positive,
that is a positive correlation. If the subsequent error is more likely to have the opposite sign,
that is a negative correlation. This problem is known both as serial correlation and
autocorrelation. (4) The error term is normally distributed. This assumption ensures that the
error term is normally distributed.
When a linear regression model satisfies the OLS assumptions, the procedure generates
unbiased coefficient estimates that tend to be relatively close to the true population values
(minimum variance). However, in problems concerning time series data, it is often the case that
there are disturbances, in fact, correlate. The most serious implication of auto correlated
disturbances is not the resulting inefficiency of OLS, but the misleading inference when
standard tests are used. The auto correlated nature of disturbances is accounted for in the
generalized least squares (GLS). The superiority of GLS over OLS is due to the fact that GLS
has a smaller variance. According to the Generalized Gauss Markov Theorem, the GLS
estimator provides the Best Linear Unbiased Estimator (BLUE) of 𝛽 [3-7].
In an attempt to overcome the weaknesses of ordinary least squares estimation method in
the presence of autocorrelation, this study seeks to apply the generalized least squares
estimation method since the ordinary least squares estimation method does not make use of the
information of the unexplained variance as captured by the error terms in the dependent
variable, whereas the generalized least squares (GLS) takes such information, the unexplained
variance into account explicitly.
This study was motivated by the fact that some previous studies have failed to use GLS
to explore the additional information embedded in the error terms of Ordinary Least Squares
(OLS) estimated regression model involving Gross Domestic Product, agriculture production,
export earnings and inflation in Nigeria. For example, [8] investigate the contribution of
agriculture to economic growth from 1960 to 2011; their result revealed that agriculture sector
has contributed positively and consistently to economic growth in Nigeria, reaffirming the
sector’s importance in the economy.

-327-

World Scientific News 134(2) (2019) 326-334

2. MATERIALS AND METHODS
2. 1. Method of Ordinary Least Square for Simple Linear Regression
The least squares estimation procedure uses the criterion that the solution must give the
smallest possible sum of squared deviations of the observed 𝑌𝑡 from the estimates of their true
means provided by the solution [1]. Let 𝛽̂0 and 𝛽̂1 be numerical estimates of 𝛽0 and 𝛽1
respectively and let
𝑌̂𝑡 = 𝛽̂0 + 𝛽̂1 𝑋𝑡

(1)

Be the estimate of 𝑌𝑡 for each𝑋𝑡 , t = 1,…,n (see 9, 10, 11)
The least square principle choses 𝛽̂0 and 𝛽̂1 that minimises the sum of squares residuals,
SSE.
SSE = ∑𝑛𝑡=1(𝑌𝑡 − 𝑌̂𝑡 )2 = ∑𝑛𝑡=1 𝜀𝑡2

(2)

where 𝜀𝑡 = (𝑌𝑡 − 𝑌̂𝑡 ) is the observed residual for the observation
Also we can express 𝜀𝑖 in terms of 𝑌𝑡 , 𝑋𝑡 , and 𝛽𝑜 and 𝛽1. Hence, we have
𝜀𝑡 = 𝑌𝑡 − 𝛽0 − 𝛽1 𝑋𝑡

(3)

Equation (3) becomes
𝑆𝑆𝐸 = ∑𝑛𝑡=1(𝑌𝑡 − 𝛽0 − 𝛽1 𝑋𝑡 )2

(4)

The partial derivative of SSE with respect to the regression constant 𝛽̂0 that is
𝜎𝑆𝑆𝐸
𝜎𝛽0

𝜎

= 𝜎𝛽 [∑𝑛𝑡=1 (𝑌𝑡 − 𝛽0 − 𝛽1 𝑋𝑡 )2 ]

(5)

0

With some subsequent rearrangement, the estimate of 𝛽0 is obtained as
𝑛

𝑛

∑
∑
𝑌𝑡
𝑋𝑡
𝛽̂0 = [ 𝑡=1
] − 𝛽1 [ 𝑡=1
]
𝑛
𝑛

(6)

The partial derivative of SSE with respect to the regression coefficient 𝛽1. That is
𝜎𝑆𝑆𝐸
𝜎𝛽1

𝜎

= 𝜎𝛽 [∑𝑛𝑡=1 (𝑌𝑡 − 𝛽0 − 𝛽1 𝑋𝑡 )2 ]

(7)

1

Rearranging equation (7), we obtained the estimate of 𝛽1.
𝑛

𝛽̂1 =

𝑛

∑𝑡=1 𝑌𝑡 ∑𝑡=1 𝑋𝑡
∑𝑛
𝑡=1 𝑌𝑡 𝑋𝑡
𝑛
(∑𝑛
𝑋𝑡 )2
𝑛
𝑡=1
2
∑𝑡=1 𝑋𝑡 −
𝑛

(8)
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2. 2. Method of Generalized Least Squares
Most at times we have situations where the following OLS assumptions are not satisfied
 Errors are uncorrelated
 The error variance are homoscedastic
 Errors are normally distributed
When these assumptions are not satisfied, the OLS estimation will be efficient and the
OLS standard errors be biased. But 𝛽̂𝑂𝐿𝑆 will continue to be unbiased and also consistent.
In situations where the homoscedasticity assumption is met we have Var (𝜖) = 𝜎 2 I. when
the homoscedasticity assumption is violated then we have unequal variance for the error terms
and it is denoted by Var (𝜖) = 𝜎 2 ∑, where ∑ is any matrix, not necessary diagonal.
The basic ideal behind GLS is to transform the observation matrix (Y, X) such that the
variance of the error terms in the transformed model is I or 𝜎 2 I.
As an alternative to OLS is the GLS
𝛽̂𝐺𝐿𝑆 = (𝑋 ′ ∑−1 𝑋)−1 (𝑋 ′ ∑−1 𝑌)

(9)

where 𝛽̂𝐺𝐿𝑆 is the estimator of regression parameters
Suppose that ∑ has the eigen values, 𝜆1 , 𝜆1 , … , 𝜆 𝑇 , then by Cholesky decomposition we
obtain.
∑ = 𝑆𝛬𝑆 ′

(10)

where, 𝛬 is a diagonal matrix with the diagonal elements 𝜆1 , 𝜆1 , … , 𝜆 𝑇 and S is an orthogonal
matrix. Thus,
∑−1 = 𝑆 −1 𝛬−1 𝑆′−1

(11)

∑−1 = 𝑆 −1 𝛬−1/2 𝛬′−1/2 𝑆′−1

(12)

∑−1 = 𝜌𝜌′

(13)

where, 𝜌 = 𝑆 −1 𝛬−1/2 and 𝛬−1/2 is a diagonal matrix with the diagonal elements, √𝜆1,…√𝜆 𝑇
It is then straight forward to prove that 𝜌∑𝜌′ = 𝐼𝑟 . Now multiply both sides of the linear
model 𝑌 = 𝑋𝛽 + 𝜀 by 𝜌
𝜌𝑌 = 𝜌𝑋𝛽 + 𝜌𝜀

(14)

𝑌0 = 𝑋0𝛽 + 𝜀 0

(15)

where, 𝑌 0 = 𝜌𝑌, 𝑋 0 = 𝜌𝑋 and 𝜀 0 = 𝜌𝜀. In this transformed model, we have E[𝜀 0 ] = 0 and
Var (𝜀 0 ) = E(𝜀 0 𝜀 0′ ) = 𝜎 2 𝜌∑𝜌′ = 𝜎 2 𝐼

(16)

The OLS estimate of 𝛽 are given by
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𝛽̂𝐺𝐿𝑆 = (𝑋0′ 𝑋0 )−1 𝑋𝑜 𝑌0

(17)

𝛽̂𝐺𝐿𝑆 = (𝑋 ′ 𝜌𝜌′ 𝑋)−1 𝑋 ′ 𝜌𝜌′ 𝑌

(18)

𝛽̂𝐺𝐿𝑆 = (𝑋 ′ ∑−1 𝑋)−1 (𝑋 ′ ∑−1 𝑌)

(19)

Equation (19) is defined as GLS estimator.
The variance of GLS estimator is given in equation (20) below
Var (𝛽̂𝐺𝐿𝑆 ) = 𝜎 2 (𝑋 ′ ∑−1 𝑋)−1

(20)

2. 3. Detecting Autocorrelation in the Error Term
We apply the ACF and PACF of the residual and the Breusch– Godfrey (BG) test to detect
the presence of autocorrelation in the residuals of a fitted regression model. Consider equation
(21) below
𝑌 = 𝑋𝛽 + 𝜀𝑡

(21)

Assume that the error term 𝜀𝑡 follows a pth order autoregressive process
𝜀𝑡 = 𝜌1 𝜀𝑡−1 + 𝜌2 𝜀𝑡−2 + ⋯ + 𝜌𝑝 𝜀𝑡−𝑝 + 𝑉𝑡

(22)

where, 𝑉𝑡 ~ N (0, 𝜎 2 )
The null hypothesis 𝐻0 to tested is that
𝐻0 : 𝜌1 = 𝜌2 = ⋯ = 𝜌𝑝 = 0
Then, the test statistics is (n-p)𝑅 2 ~𝑋𝑝2 .
The decision rule is that if the calculated value of the BG test statistic exceeds the critical
𝑥 2 value 5% level of significance (also, if the p-value corresponding to the BG test statistic is
less than 0.05 level of significance), the hypothesis of no autocorrelation can be rejected;
otherwise not rejected ( see [1, 4, 12, 13]).

3. RESULTS AND DISCUSSION
In this study we consider Gross Domestic Product as dependent variable while
Agricultural sector, Export earnings and inflation as independent variables. The data were
obtained from the central bank of Nigeria statistical bulletin form 1981 to 2018. Each series
consist of 38 observations. Gretl was used for statistical analysis.
3. 1. Test for Relationship among the Dependent and Independent Variables
The aim of the study is to address the weakness of the ordinary least square by applying
the generalised least square method. We begin by applying OLS to modelled the relationship
between the dependent and the independent variables. The estimates are presented in the table
below.
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Table 1. Estimates of OLS model.
Variable

Coefficient

S.e

t-ratio

p-value

Constant

-9.48305e+011

2.89867e+011

-3272

0.7456

Agriculture

0.00675734

0.0431624

0.1573

0.00365

Export

12.3562

6.69348

1.546

0.00457

Inflation
R-square
F-statistic
P-value

-3.2149e+09
0.68958
3.55439
0.024547

5.50102e+09

-0.5844

0.00267

The result from the OLS model in table 1 showed that the predictor variables (Agriculture,
export earnings and inflation) were significantly joint predictors of Gross Domestic Product.
The predictor variables jointly explained 68.958% of GDP, while the remaining 31.042% could
be due to other factors that affect GDP.
The model is specify in equation (23) below
𝐺𝐷𝑃 = −9.48305𝑒 10 + 0.00675734Agric + 12.3562Exports − 3.2149𝑒 9 𝑖𝑛𝑓𝑙

(23)

3. 2. Model Diagnosis
To diagnose the fitted regression model in equation (23), we plot the autocorrelation
function (ACF) and partial autocorrelation function (PACF) of the residual of equation (23). If
the lags of the ACF and PACF of the residuals of the fitted model are zero, the there is no serial
correlation and hence no additional information in the residual and as such the model can be
used for inference. Conversely, if the coefficient of the terms of both ACF and PACF are
significant, then there is additional information in the residual series [1]. Assessing the
correlogram in Figure 1, we observed that lags 1 and lag 5 of the ACF and lags 1, 2 and 4 of
the PACF are significant. This indicates that there is additional information in the residual series
and such information can be modelled by GLS.
Having confirmed the presence of autocorrelation in the residuals of the model, we move
to apply the GLS model to capture the additional information in the auto correlated errors.
Table 2. Output of GLS model
Variable

Coefficient

S.e

t-ratio

p-value

Constant

-1.08e+11

2.94e+11

1.64e-05

<0.0001

Agriculture

0.004543

0.002490

0.18824

0.0000

Export

12.03782

6.053944

2.0410

0.0000

Inflation

-2.72e+09

5.43e+09

-0.500993

<0.0001
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From Table 2, we observed that the independent variables are (agriculture, export
earnings and inflation) are significant with their corresponding p-value less than 5%
significance level. The coefficient of agriculture is 0.004543, it has a positive relationship with
GDP (t = 0.18824, P<.005) showing that a unit increase in agriculture will increase GDP by
0.004543. The coefficient of export earnings is 12.03782, it has a positive relationship with
GDP (t = 2.0410, P<.005) showing that a unit increase in industry will increase GDP by
12.03782. Also, the coefficient of inflation is -2.72e+09, it has a negative relationship with
GDP (t = -0.500993, P< 0.05) showing that a unit increase in inflation will decrease GDP by 2.72e+09. Comparing the estimates of OLS model and GLS model showed that the OLS and
the GLS produce almost the same values for the coefficients. The major difference is in the
standard error and calculations based on the estimated variance of the coefficient probability
distribution. The standard error are smaller when accounting for autocorrelation; that is in GLS
regression, the standard error, t-statistic and p-value are reasonably different from those of OLS
[1]. The implication is that GLS regression gives better estimates than OLS regression.
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Figure 1. Correlogram of the Residual of Regression model
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4. CONCLUSIONS
The study modelled the impact of Agriculture, export earnings and inflation on GDP
using the generalized least square approach. The relationship between the dependent variable
(GDP) and the independent variables (agriculture, Export earnings and inflation) was
determined using the OLS approach. The result of the analysis revealed that the predictor
variables (Agriculture, export earnings and inflation) were significantly joint predictors of
Gross Domestic Product. The predictor variables jointly explained 68.958% of GDP, while the
remaining 31.042% could be as a result of other factors that contribute to gross domestic
product. Agriculture and export earnings have a positive impact on GDP while inflation has a
negative impact on GDP. Evidence from the correlogram revealed that the errors derived from
the regression model were auto correlated, thereby violating some assumptions (uncorrelated
errors, homoscedacity, and normally distributed errors) of OLS model. To address the effect of
autocorrelation in the OLS model, we apply the GLS approach and the result of the analysis
revealed that the estimates from the GLS model were better compared to estimates from OLS
model. The result of our work is tandem with studies of [14, 15] that agriculture and export
earnings have positive impact on GDP while inflation has negative impact on GDP
Recommendations
 Based on the evidence from this study, we also recommend that the linkages between
agriculture and other sectors be strengthened to increase the effect of agriculture growth
on growth across the sectors. This can be achieved through increased productivity and
the development of agriculture value chain.
 Government needs to take proper steps for improving exports to increase our economic
growth.
 This study found out that inflation is detrimental to sustainable economic growth in
Nigeria. These results have important policy implications for both domestic policy
makers and development partners, implying that controlling inflation is a necessary
condition for promoting economic growth. Thus, policy makers should focus on
maintaining inflation at a low rate probably single digit.
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