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Abstract 

Background: Saving and investment has been regarded as the two prominent variables in 

achieving sustainable economic growth. In one country’s economic progress saving and 

investment play a crucial role. Thereby, this study aimed to examine the saving, investment and 

economic growth nexus in Ethiopia using the annual time series data observed from 1974 to 

2017. Principally, the study planned to investigate the causal linkage and the impact of the 

saving-investment relationship on economic growth rate in Ethiopia. 

Method: To achieve the underlying objectives, the study employed vector autoregressive and 

error correction models as well as cointegration analysis using the Johansen multivariate 

procedure. Pairwise Granger causality, impulse response functions and forecast error variance 

decompositions were also used. 

Results: The Augmented Dickey Fuller and Phillips Perrron unit root test indicated that all series 

are integrated of order one, i(1). That is, all series are stationary after first difference. The 

Johansen cointegration test revealed the existence of a long-run relationship among saving, 

investment and economic growth with one cointegrating equation. The causality result showed 

economic growth granger causes saving. It was also found bidirectional causality between saving 

and investment as well as investment (GCF) and economic growth rate. VAR (1) model result 

showed economic growth rate is significantly explained by one period lagged values of itself, 

saving and investment. Furthermore, the result indicated investment (GCF) is affected by 

economic growth rate and amount of saving in Ethiopia. For a 1% increase in gross domestic 

saving and gross capital formation leads to the economic growth rate increased by 2.845% and 

4.768% in natural logarithm respectively in the long run on average, ceteris paribus. In addition, 

52.6% of long run economic growth departure is adjusted (back to) equilibrium within each year. 

Conclusion: From the long run model saving and investment have a positive significant effect on 

the economic growth rate of Ethiopia both in the short run and long run. Based on the results 

obtained it is recommended that the government and stakeholder work together to create 

investment opportunity and initiate investors to raise saving and economic growth. 

 

Key Words: Cointegration, Economic growth, Granger Causality, Vector Autoregression 

(VAR), Vector Error Correction Model (VECM), and Forecasting. 
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CHAPTER ONE 

1. INTRODUCTION 

1.1 . Background of the Study 

The Role of saving and investment in promoting economic growth has been given 

paramount importance among Economists. Those have been considered as the two 

critical macroeconomic variables with microeconomic foundations for achieving price 

stability and promoting employment opportunities thereby contributing to sustainable 

growth (Mishra et al., 2010). 

Saving in an economy is a prerequisite for raising investment funds, which in turn leads 

to economic growth. It constitutes an essential tool for economic growth and aids to 

capital formation by raising the stock of capital. As a result, investment contributes to 

growth in aggregate wealth. A serious constraint to sustainable economic growth can be 

caused by a low saving rate. Thus, real development or growth of a country requires 

investment, which is a function of savings (Hishongwa, 2015). 

According to the theory of marginal propensity to save (Keynes, 1936), the savings 

increases with the increase in the income and economic growth. The government offers a 

number of saving scheme in the country. By investing, an individual pay a considerable 

amount of tax, in return the government invest thus earned capital in various development 

projects and infrastructures of the country that help to build a better economy. Even 

though savings is a much older process than investment in modern times, investments are 

preferred by the people. Thereby, the market situations are changing and only savings 

cannot provide the required financial security (Daniman, 2012). 

Sometimes nations avoid an excess of investment over savings that can create 

inflationary pressures or balance of payments (Bop) disequilibrium. Moreover, typical of 

many developing countries in particular (Itoe, 2015). Macroeconomic theory reveals that 

gross domestic savings rate boosts investment rate and influences economic gro wth. 

Pickson and other authors highlighted the role of savings in capital accumulation 

(investment) in realizing growth in output per capital (Pickson et al., 2017). 
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Since saving and investment has been regarded as the two prominent variables in 

achieving economic growth, the need to have an in-depth knowledge of the dynamic 

interaction between savings, investment and economic growth is necessary as it will aid 

policy makers in designing and employing appropriate economic policies in order to 

attain macroeconomic goals and objectives. In economic circulation, the implicit 

assumption is that each country’s extra saving is necessarily translated into domestic 

investment (Omoregie and Ikpesu, 2017). 

According to the World Bank Statistics report Global economic growth rate is grow up 

from 2.9% in 2016 to 3.2% in 2017. On the other hand, the world’s gross domestic saving 

is raised from 24.88% in 2016 to 25.34% in 2017. Similarly, the average gross capital 

formation to the ratio of GDP showed a slight increasing trend that is; it grows from 

24.03% in 2016 to 24.20% in 2017 (World Bank, 2017). 

Ethiopia is among the low-income sub-Sahara African countries which needs fast and 

sustainable economic growth. However, low domestic saving rate is consistently cited as 

one of the most serious constraints to sustainable economic growth. Currently, Ethiopia 

has adopted policy reforms of the five year Growth and Transformation Plan (GTP) for 

the period between 2015/16 to 2019/20 to sustain rapid and broad-based economic 

growth and eventually end poverty (Mohanty, 2018). 

The Ethiopia’s economy, which is on the way of fast growing rate as announced by 

annual reports and publications, has faced a shortage of local saving to finance domestic 

investment like, other developing country economies. The average gross domestic saving 

(GDS) to GDP ratio in real terms for Ethiopia had been 9.7% in the 1990s and 6.4% for 

the period 2000-2008 which is lower than the corresponding average GDS to GDP ratio 

value for Sub-Saharan Africa (Kebede, 2016). 

The Ethiopian government aims to the country to reach lower-middle- income status by 

2025. The Country economy which had exhibited 9.9% average annual growth during 

2012/13-2016/17, registered 10.9% growth in 2016/17. The registered growth rate in real 

GDP was 0.2, which was significantly higher than 2.6% average growth estimated for 

Sub-Saharan Africa (SSA). In 2016/17 gross domestic saving to GDP ratio rose to 24.1% 
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from 22.4% in 2015/16, slightly higher than 23.8% second phase growth and 

transformation plan (GTP-II) target for the fiscal year. (NBE, 2016/17). 

GTP II aims to continue expanding physical infrastructure through public investments 

and to transform the country into a manufacturing hub. GTP II targets an average of 11% 

GDP growth annually. However, the overall trend of investment both the total number of 

projects and capital investment had shown slight increase (Commission, 2014). The 

higher amount of saving means that nations have large funds available for investment 

opportunities which can enhance the economic growth a country. The share of gross 

capital formation to GDP for Ethiopia was 38.5% in 2015/16 (Mohanty, 2017). 

Countries that are capable of accumulating high level of capital tend to achieve faster 

rates of economic growth and development as investigated by (Odey et al., 2017) in 

Nigeria. This implies that, to finance adequate investment required for proper economic 

growth, a country needs to accumulate enough amount of saving. But, whether savings 

and investment causes economic growth or get caused by economic growth has been a 

serious theoretical as well as empirical debate among researchers (Nwanne, 2014).  . 

Most empirical studies in Ethiopia focused on saving-economic growth and investment-

economic growth linkage separately. Unlike those, this study aimed to assess the dynamic 

relationship among gross domestic saving, gross capital formation and economic growth 

nexus using vector autoregressive (VAR) and vector error correction which captured 

causal relationship of the study variables in Ethiopia. The study used the yearly time 

series data observed from 1974 to 2017. 

1.2 . Statement of the Problem 

Savings and investment, those have been considered as two vital macroeconomic 

variables, are responsible for achieving sustainable economic growth and development. 

Domestic saving plays a very important role in economic growth. Low level of saving is 

one of the most series obstacles for achieving higher and sustainable economic growth. 

For that reason saving is the source for capital stock which leads to the accumulation of 

capital formation (investment) and output (Taye, 2017). 
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According to 18th century free market economist Adam Smith's theory growth is 

functionally related to the rate of investment. The rate of investment which is an 

important determinant of Economic growth is determined by the rate of savings in an 

economy (Smith, 1937). The linkage between savings, investments and economic growth 

is noticeable since investment is a catalyst for economic growth. In classical theory, an 

increase in savings and investment will lead to an increase in the Economic growth or 

potential output (Mankiw, 2014). Therefore, economic growth of any country requires  

investment which can be financed through domestic saving. 

The notion of saving, investment and economic growth in by all means is not new but 

their implications on economic growth has had mixed results in both developing and  

developed countries. One of the most controversial issues in macroeconomics is because 

of divergent opinions in theories and mixed empirical results among various literatures 

concerning the direction of causality (Bolarinwa and Obembe, 2017). An empirical study 

by (Temiz and Gökmen, 2014) pointed out that knowing the correlation between 

domestic saving and investment provides information for the amount of domestic 

resources and development. Even though, the interaction among saving, investment and 

Economic growth has quite different implications for causality from various studies. 

Although the above stylized facts about the interdependence of saving, investment and 

economic growth was proved by various scholars [E.g.: (Odey et al., 2017, Temiz and 

Gökmen, 2014, Sekantsi and Kalebe, 2015)] in the world at different time period. Little 

empirical attention is given to the subject area in Ethiopia. Principally, by considering 

those three key macroeconomic variables to investigate their dynamic connection and 

causal relationship in the case of a country’s economic progress. Most empirical 

literatures in Ethiopia focused on savings - growth and investment-growth nexus. Among 

them: (Mohanty, 2018, Zelalem, 2018, Getnet, 2017, Taye, 2017), while few studies only 

investigated the  association between savings, investment, and growth (Hundie, 2014) and 

(Gebeyehu, 2010) but none has critically examined the dynamic interaction between 

those variables by totally accounting for the feedback effect among the variables. In 

addition, the variable of interest is different; in this study real GDP growth rate is used as 
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a proxy for economic growth which is adjusted for inflation and gross capital formation 

as share of real GDP as proxy variable for investment. 

Those researchers employed Autoregressive distributed lag (ARDL) for cointegration 

test, in which it is more effective and have better performance for small sample size 

(Nkoro and Uko, 2016). Particularly, ARDL is applied in the case of mixed integrated 

time series variables i.e. for I (0) and I (1) but not I (2) and above (Pesaran et al., 2015). 

Johansen cointegration test procedure is used for this study which is a superior test (Sjö, 

2011). It allows testing and determining the number of cointegrating relationship(s) 

between the nonstationary variables in the system using a maximum likelihood in single 

step (Pickson et al., 2017). The period is also updated from 1974 to 2017 based on the 

availability of data. 

Hence, this study aimed to assess gross domestic saving, gross capital formation 

(investment) and economic growth nexus in Ethiopia using multivariate time series 

analysis; in order to inspect how they are interrelated and direction of causality. In 

addition to this, the study tried to fill those gaps and the uniqueness of this paper is the 

methodology adopted with the detail analysis of Vector Autoregressive (VAR) and Error 

Correction modeling approach through impulse response Function (IRF) and the variance 

decomposition as the behavior of the macroeconomic variables entailed under 

consideration. The utilized proxy variables are gross domestic saving, gross capital 

formation and real GDP growth rate respectively. A country’s domestic saving is the sum 

of private and government (public) saving but exclude foreign savings (Mankiw, 2014) 

Finally, this study would answer the following research questions. 

 What kind of relationship exists among saving, investment and economic growth 

in Ethiopia? 

 What is the direction of causality between saving, investment and economic  

growth for the case of Ethiopia? 

 Which multivariate time series model is better to describe the relationship among 

the study variables and can be used for forecasting? 

 Do savings and investment affects economic growth of Ethiopia in the short run? 
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 Does the long-run equilibrium exist among saving, investment and economic  

growth in Ethiopia? 

1.3 . Objectives of the Study 

1.3.1. General Objective 

The general objective of this study was to fit a multivariate time series model among 

saving, investment and Economic growth in Ethiopia from 1974 to 2017. 

1.3.2. Specific Objectives 

Specifically, the study aimed: 

 To analyze the dynamic relationship between saving, investment and economic 

growth in Ethiopia.  

 To examine the direction of causality between savings, investment and economic 

growth in Ethiopia. 

 To identify a multivariate time series model, which describe the relationship of 

the study variables and forecasting purpose. 

 To investigate the effect of saving and investment on the economic growth of 

Ethiopia in the short run. 

 To examine the existence of long-run relationship among saving, investment and 

economic growth of Ethiopia. 

1.4 . Significance of the Study 

The study contributes to the literature on the relationship between saving, investment and 

economic growth in Ethiopia, which is obviously limited in Ethiopia. It provides 

information that is useful for policymakers to understand the effect of saving and 

investment on economic growth, which in turn would definitely enhance the policy 

making process. It would enrich our understanding of the relationship between savings, 

investment and economic growth.  

Therefore, the outcome of the study would be helpful for the concerned body to find what 

steps or measures could be taken in order to boost economic growth of the country by 

paying attention on these macroeconomic variables. It also provide information to work 
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within the formulation of financial policies and used as a basis for further studies in the 

same area or other related fields of study. 

1.5 . Limitation of the Study 

This study examined the relationship among saving, investment and economic growth in 

Ethiopia using annual data from 1974 to 2017. The study was limited to the Ethiopian 

economy to see whether these variables meaningfully influence one another. This study 

did not cover earlier periods because of the absence of complete available dataset for 

gross domestic saving (GDS) and gross capital formation (GCF). 

1.6 . Organization of the Study 

This study consisted of five chapters. Chapter one provided the background to the study 

with the problem statement. This chapter also presented the research questions and the 

guiding objectives of this study. Chapter two contains the literature review including both 

the overview of the relationship among saving, investment and economic growth as well 

as the results of empirical studies that have investigated and their relationship in various 

countries. The methodology employed in this study to answer the research questions is 

described in chapter three and chapter four presents the results from the empirical 

analysis and discussed it with the existing literatures. The conclusion of the study is 

presented in chapter five along with recommendations from the findings of the study. 

References and Appendixes are placed at the end of the paper. 
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CHAPTER TWO 

2. LITERATURE REVIEW 

This chapter presented the literature related to the relationship between savings, 

investment and economic growth. The chapter is divided into two parts, these are: 

theoretical or general overview and empirical literature reviews. 

2.1. The Overview of Savings, Investment and Economic Growth 

2.1.1. Definition of Economic Growth 

Economic growth is an increase in the production of goods and services over a specific 

period of time (fiscal year). It is primarily driven by improvements in productivity, also 

called economic efficiency. Increased productivity means producing more goods and 

services with the same inputs of labor, capital, energy and materials. Economic growth 

creates more profit for businesses sectors that gives company’s capital to invest and hire 

more employees. Savings rate is also linked to the living standard of peoples of a nation. 

Higher saving in the long run leads to a permanently higher amount of output (income) 

per capital as capital accumulation thereby individual’s income also increase. Thus, 

economic growth is usually calculated in real terms (Kuznets and Murphy, 1966). 

Economic Growth can be measured as the percentage change in gross domestic product 

(GDP), specifically the percentage change of the real GDP where increments are adjusted 

for the effects of inflation. Real GDP provides a more realistic assessment of economic 

growth than nominal GDP (unadjusted for inflation), because nominal GDP includes both 

price and economic growth. The ratio of nominal GDP to GDP deflator is the value of 

real GDP (Snowdon and Vane, 2005). 

2.1.2. The Concept of Saving and Investment 

According to Keynesian Economics, savings is defined as the amount left over when the 

cost of a person's consumer expenditure is subtracted from the amount of disposable 

income that he or she earns in a given period of time. Savings is also the portion of 

disposable income not spent on consumption of goods and services but accumulated or 

invested directly in capital equipment, providing irrigation facilities. It is in fact 

investment expenditure or indirectly through purchase of securities. An investment is the 
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purchase of goods that are not consumed today but are used in the future to create wealth. 

When an individual makes investment expenditure he is deemed to spend his saved 

income on investment (Mankiw, 2014). 

In Economics, income that is not consumed by immediately for buying goods and 

services is saved (Keynes, 1936). Personal saving is disposable income minus personal 

consumption expenditure in a given period of time. Whereas, government savings is the 

amount of budget surplus. The government often runs public deficits, so that they rather 

exposed to dissaving (excess amount of spent than income). Domestic savings is thus, the 

sum of personal and government (public) savings. However, the size of government 

savings lead to the conclusion that personal savings are the largest and the most important 

part of domestic savings (Ogoe, 2009). 

Domestic Saving in macroeconomic theory is the combination of public and personal 

saving rates of a nation. It is one of the most determinant factors for achieving higher and 

sustainable economic growth. Positive change in domestic saving promotes the economic 

growth rate. In a country’s economic progress, saving is the source for capital stock 

which in turn leads to increase investment and output (Taye, 2017). 

Investment spending, which is the flow of expenditure that adds to the physical stock of 

capital, is a central topic in macroeconomics for two reasons. First, fluctuations in 

investment account for much of the movement in GDP in the business cycle. Second, 

investment spending determines the rate at which the economy adds to its stock of 

capital, and thus helps to determine economy’s long-run growth and productivity 

performance (McConnell et al., 2009). 

2.1.3. Saving, Investment and Economic Growth 

Economic growth is determined by many macroeconomic variables. Amongst gross 

domestic savings and physical capital investments are the most important determinant 

factors. By all means, in an economy a remarkable reduction in growth performance 

associated with low savings and investments rates. There is a general agreement that the 

process of economic growth and investment or capital formation is closely interconnected 

(Acemoglu, 2008). 
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According to (Keynes, 1936) the multiplier effect of increasing in investment affects 

economic growth positively. In addition, the empirical study by Daniman investigated a 

positive dynamic effects of saving and investments on economic growth (Daniman, 2012) 

in Turkey. However, the ability to save is constricted by the amount of income an 

individual (companies) earn. 

The increased availability of savings in every economy would boost investment and 

hence economic growth. The absence of adequate saving facilities has affected 

mobilization of domestic savings to investment. This has reduced the amount of loanable 

funds for investment. If investment is low, economic growth would also be low. Using 

the simple open macroeconomic model, the GDP of a country is the addition to a nation’s 

consumption, investment, government expenditure and net export. This shows that 

investment is very important in every economic transactions (Heijdra, 2017). 

2.2. Empirical Literature Review 

A study conducted by (Mohanty, 2018) investigated the interaction between Gross 

Domestic Savings and Economic Growth in Ethiopia. The author used the annual time 

series data from the period 1976 to 2017. The study employed autoregressive distributed 

lag (ARDL) approach to cointegration test and the augmented Granger causality test 

approach. Finally, the result showed Savings and economic growths are cointegrated, 

therefore it holds a long run relationship which exists between them. Error correction 

model also identified a short run relationship. Granger causality test revealed that 

causality runs from economic growth to savings. Finally, the study recommended 

government and policy makers should focus on more income policies that would 

accelerate economic growth in order to increase savings. 

However, in one year earlier in 2017 (Mohanty, 2017) employed Johansen cointegration 

test to explore the long-run relationship between gross domestic saving and economic 

growth in Ethiopia using the annual time series data from 1975 to 2016. The 

cointegration test result showed the existence of long run relationship between the study 

variables during the sample period. Furthermore, the granger causality test revealed a 

bidirectional causal relationship between gross domestic saving and economic growth 

both in the short run and the long run. 
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A study conducted by (Verma, 2007) investigated the relationship between savings, 

investment and economic growth in India from 1951 to 2004 using Autoregressive 

Distributed Lag (ARDL) Bounds Testing technique to test for Cointegration. The result 

of ARDL Cointegration revealed that GDP, GDS and GDI have long-run relationship 

except when GDP is the dependent variable. The study also examined the long-run and 

short-run elasticity of the correlation between GDS, GDI and GDP growth. The result 

revealed that savings do not cause growth, but growth causes savings, savings drive 

investment both in the short-run and in long-run investment is the driver of economic 

growth in India during the period under review. 

According to (Omoregie and Ikpesu, 2017) investigation on the dynamic interaction 

between savings, investment and Economic growth in Nigeria within the period 1981 to 

2014: after the authors employed a vector autoregressive (VAR) modeling approach 

through impulse response function (IRF) and the variance decomposition, the result 

showed that there is a positive influence between the variables. But, the causality test 

revealed that a uni-directional relationship from GDP to GDS only exists. Generally, the 

outcomes of their study concluded GDP significantly influence the GDS in the Nigerian 

economy while GDS did not granger cause investment (GDI). 

A study by (Daniman, 2012) investigated the effects of domestic savings and investments 

on economic growth in Turkey using the annual time series data from 1975-2001. The 

Author employed Johansen cointegration test and Vector error correction model (VECM) 

for the analysis. The result showed that there is a significant effect of saving and 

investment on economic growth in the long run. But, in the short run neither saving nor 

investment affects economic growth as expected. Another study by (OLANREWAJU et 

al., 2015) Assessed an application of vector autoregressive model on investments and 

savings in Nigeria. The authors utilized the annual time data from the period 1960-2008. 

The Granger Causality test revealed a bi-directional relationship between investment and 

saving, which means savings granger causes investment and investment granger causes 

savings. In their study, the impulse response function (IRF) graph showed that saving is 

sensitive to investment, and investment in turn sensitive to savings in Nigerian economy. 
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Cointegration Analysis and Error correction model were also employed by (Odey et al., 

2017) to analyzed the impact of savings and investment on the growth of the Nigerian 

Economy within the period 1970 to 2015. The result was found that factors such as Gross 

Domestic Savings (GDS), Gross Fixed Capital Formation (GFCF), Labor Force (LAF) 

and Savings Facility (SF) are the main drivers of economic growth in Nigeria. 

Furthermore, evidence from the investment model showed that Real Gross Domestic 

Product (RGDP) and Gross Domestic Savings (GDS) are the two drivers of investment in 

Nigeria. 

The researchers (Mishra et al., 2010) employed vector autoregressive (VAR) to examined 

the long-run dynamic relationship between savings and investment in India for the period 

1950-51 to 2008-09 using annual time series data, the study revealed the existence of 

cointegration between savings and investment as well as a bidirectional causality among 

them. A cointegration test result provided an evidence of long-run equilibrium 

relationship between savings and investment. But, the time series plot of both the 

variables over the study period infer the fact that investment remained greater than the 

savings in India. 

According to (Sekantsi and Kalebe, 2015) Empirical analysis of Savings, investment and 

economic growth in Lesotho during the period from 1970-2012. After the authors 

employed Vector autoregressive distributed lags bounds testing approach to 

cointegration, vector error correction model (VECM) and Granger causality test: the 

result showed that the existence of cointegration among the variables and short run causal 

flow from economic growth to saving. However, in the long run, they provided evidence 

of Granger causality from saving to economic growth as well as from investment to 

economic growth. Furthermore, the result indicated the existence of short term and long 

term Granger causality from saving to investment in Lesotho. In addition, there was an 

empirical evidence for investment- led growth. Therefore, increased capital accumulation 

is likely to contribute for enhancing sustainable economic growth. 
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As we observed from the above empirical literature, the study on savings, investment and 

Economic growth nexus was done by different scholars in the world at different time 

period; either in bivariate case or Multivariate framework. Generally, from the outcome 

nearly all are agreed with the existence of a causal relationship among these variables and 

the impact of saving and investment on economic growth, but there was a contradicted 

result regarding to the direction of causality as well as the short-run and long-run effect 

of saving and investment on economic growth. 

Researcher (Verma, 2007, Omoregie and Ikpesu, 2017, Odey et al., 2017, Sekantsi and 

Kalebe, 2015, Mohanty, 2018) supported the existence of the causal relationship between 

saving, investment and economic growth, specifically a causal flow from economic 

growth to saving. According to these scholars the effect of saving and investment on 

economic growth is investigated. On the other hand, scholars (Mishra et al., 2010, 

OLANREWAJU et al., 2015) have found the existence of bidirectional causal 

relationship between saving and investment in addition, (Mohanty, 2017) also showed 

bidirectional causality between saving and economic growth. 

When we come to the case of Ethiopia, little empirical attention is given on the area and 

many studies was based on saving-economic growth nexus (Mohanty, 2018, Mohanty, 

2017, Getnet, 2017, Zelalem, 2018) and others, while few scholars (Gebeyehu, 2010, 

Hundie, 2014) conducted on the relationship between saving, investment and economic 

growth, although the variables of interest and the methodology that would be employed 

and the time period for this study is different from those researchers. Therefore the study 

fitted the multivariate time series model to investigate the linkage between saving, 

investment and economic growth in Ethiopia, the variables in which this study considered 

are: gross domestic saving, gross capital formation and real GDP growth rate. 
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CHAPTER THREE 

3. DATA AND METHODOLOGY 

This chapter discussed about the sources of data, variables considered in this 

study, and the method that employed to examine the relationship between gross 

domestic saving, investment (gross capital formation) and economic growth (Real 

GDP) in Ethiopia. 

3.1. Sources of Data 

The data employed in the study were obtained from the National Bank of Ethiopia 

(NBE), Ministry of Finance and Economic Development (MoFED) and World 

Development Indicators (WDI). This study used the annual time series data observed 

from 1974 to 2017 where the data is complete for all the variables. 

3.2. Study Variables and their Description 

Based on the availability of data and the main target of the study, the variables were: 

gross domestic saving (% of GDP), investment or gross capital formation (% of GDP) 

and economic growth (Real GDP growth rate) taken as study (dependent) variables; time 

and the lagged values of dependent variables are on the side of independent variables. 

Table 3.1: The Study Variables and their Descriptions 

Variables Measurement 

Savings Gross domestic Savings (% GDP) 

Investment Gross Capital Formation (% GDP) 

Economic Growth Real GDP growth rate (%) 

 

Real GDP: gross domestic product (GDP) is defined as the monetary value of the final 

goods and services produced in a country for a given period of time. Or similarly, it can 

be defined as the value added by all actors involved in production activities within a 

country (Mankiw, 2014). An increase in real GDP calculated as the percentage rate is a 

measure of economic growth and hence it is used for this purpose in this study. 
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Gross domestic saving (GDS): it is defined as national income minus final consumption 

expenditure (Pickson et al., 2017) This represents the aggregate saving level in the 

economy. 

Gross Capital Formation (GCF): GCF is the addition to the physical capital stock of a 

country (Yanovsky, 1965) while the (World Bank, 2017) defined gross capital formation 

as the share of investment in total production. 

3.3. Statistical Method for Time Series Data 

3.3.1. Multivariate Time Series Analysis 

Multivariate Time Series models describe the relationships among a vector of k-time 

series variables                 . Multivariate processes arise when several 

related time series are observed simultaneously over time instead of observing just a 

single series as in the case of univariate time series analysis. In the study of multivariate 

processes, a framework is needed for describing not only the properties of the individual 

series but also the possible cross relationships among the variables. The purposes of 

analyzing and modeling the series jointly is to understand the dynamic relationships over 

time among the series and to improve the accuracy of forecasts for individual series by 

utilizing the additional information available from the related series in the forecasts for 

each series (Huang, 2010). 

3.3.2. Stationarity of Time Series 

Time series stationarity is an important point and preliminary condition to be described in 

the analysis. It is the statistical characteristics of a series such as its mean, variance and 

autocovariance over time. When those are constant over time, the series is said to be 

stationary (i.e.it is not a random walk/has no unit root), otherwise, the series is described 

as a nonstationary process (i.e. a random walk/has unit root). 

For stationary series the values of the covariance between the two time periods depends 

only on the distance or lag between them and not the actual time at which the covariance 

is computed. In time series such a stochastic process is known as a weak stationary or 

covariance stationary (Gujarati and Porter, 2003)  
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A stochastic process (vector) *  +  can be broadly classified as weak (covariance) 

stationary and strong (strict) stationary process. *  + is said to be weakly (covariance) 

stationary if the first and second moments are time invariant, i.e., stochastic process 

(vector) *  + has: 

 A mean vector that is independent of time,  

 (  )   (  )                                                                                            (   ) 

 Covariance    (       )      (         )                                         (   ) 

Which are independent of time. This is, the covariance matrices do not depend on the  

magnitude of time t and time s, instead it depend on the distance between t and s. 

Strong stationary process is one for which the whole distribution of the variable(s) does 

(do) not depend on time. Formally *  + is strictly stationary if the probabilistic behavior 

of every collection of values {   
    

         
} is identical to that of the time shifted 

set 2     
      

          
3 which means: 

 [                          ]   0     
         

              
   1 

                                 (            )                                                                      (   ) 

If a time series is strictly stationary, then all of the multivariate distribution functions for 

subsets of variables must agree with their counterparts in the shifted set for all values of 

the shift parameter. 

3.3.3. Testing for Stationarity 

The condition of stationarity is somewhat unrealistic situation in most macroeconomic 

variables. Trivially, a nonstationary process arises when one of the properties for 

stationarity does not hold. 

The nonstationarity of a time series influence the behavior of the series and inferences 

made unless it is detected (with standard unit root tests) and properly handled. In these 

processes, the effect of a shock never dies away and it leads to spurious regressions (i.e.,  

one can regress completely unrelated series as a result; it would get inflated t-ratio which 

suggests whether a coefficient of one variable is significant or not to explain the other and 

high R
2

 which indicates how good one term is at predicting another) and forged results of 
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standard tests. In order to ensure the condition of stationarity, a series must be integrated 

with order of zero, I (0). 

There are different techniques so as to test for stationarity in time series analysis. Among 

them the most popular procedures are: Time plot (visual inspections) and Unit root tests: 

such as Augmented Dickey-fuller (ADF) and Phillips-Perron (PP) test. 

3.3.3.1. Time Plot 

When presented with a time series, the first step in the analysis is usually plot the data 

and obtains simple descriptive measure of the main properties of the series. A time plot 

will typically suggest whether any differencing is needed to make the series stationary. 

Before performing formal tests, it is always advisable to plot the time series under study. 

Such a plot gives an initial clue  about the likely nature of the time series. For instance, if 

a line-graph of a time series shows an upward trend, then this suggests perhaps that the 

mean of the data has been not constant or it’s changing. Thus, the series does not fulfilled 

the condition of stationarity (Chatfield, 2016). 

3.3.3.2. Unit Root Tests 

The development of unit root theory, initially proposed by Dickey and fuller in 1979 

(Dickey and Fuller, 1979). This theory is the cornerstone for the methodology used in 

testing the stationarity or nonstationarity of a time series. Nowadays, many of the 

procedures are standard offerings in econometric software packages like Eviews. 

This study will apply the most commonly used and powerful unit root tests: Augmented 

Dickey- Fuller (ADF) test due to (Dickey and Fuller, 1979) and the Phillip-Perron (PP) 

test due to Phillips and Perron (Phillips and Perron, 1988). These test procedures are 

developed for models with and without intercept as well as trend terms. 

Pre-tests for unit roots are often required in order to determine whether the series are 

stationary or not (Toda and Yamamoto, 1995). The following discussion outlines the 

basics features of unit root tests (Hamilton, 1994). 

Consider a simple AR (1) process: 

                                                                                                                            (   ) 
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Where {  }  are optional exogenous regressor’s which may consist of constant or a 

constant and trend,   and   are parameters to be estimated and    is assumed to be a 

white noise. 

If | |   ,   is a nonstationary series and the variance of   increases with time, and it 

approaches to infinity. On the other hand, if  | |    then X is a stationary series. Thus, 

the hypothesis of stationarity can be evaluated by testing whether the absolute value of   

is strictly less than one. The hypotheses are: 

H0: The series are not stationary (| |   ) versus 

H1: The series are stationary (| |   ). 

3.3.3.2.1. Augmented Dickey-Fuller (ADF) Unit Root Test 

The most widely used and well established test for stationarity in time series is the ADF 

test (Dickey and Fuller, 1981). It is an extension of the (Dickey and Fuller, 1979) with 

the exception that the autocorrelation in a time series is removed prior to the testing for a 

unit root by the addition of extra lags of the dependent variable. The Augmented Dickey-

Fuller (ADF) test depends on the standard Dickey-Fuller test and is conducted by 

estimating equation (3.4) after subtracting      from both side of the equation then the 

following is obtained: 

                                                                                                                          (   ) 

Where             ;        the null and alternative hypothesis may be written 

as: H0:     Vs. H1:     

This hypothesis can be evaluated by using the conventional t-ratio of   as    
 ̂

  ( ̂)
 , 

where  ̂ is the estimate of   and   ( ̂) is the standard error of the estimate. 

The simple Dickey-Fuller unit root test described above is valid only if the series is an 

AR (1) process. If the series is correlated at higher order lags, the assumption of white 

noise disturbances    is violated. 
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The Augmented Dickey-Fuller (ADF) test constructs a parametric correction for higher-

order correlation by assuming that the series follows an AR (p) process and adding 

lagged difference terms of the dependent variable X to the right-hand side of the test 

regression. 

                                                                           (   ) 

This augmented specification is then used to test for the presence of a unit root. An 

important result obtained by Fuller (Fuller, 1976) is that the asymptotic distribution of the 

t-ratio for   is independent of the number of lagged first differences included in the ADF 

regression. Moreover, while the assumption that    follows an autoregressive (AR) 

process may seem restrictive, (Said and Dickey, 1984) demonstrated the ADF test is 

asymptotically valid in the presence of a moving average (MA) component, provided that 

sufficient lagged difference terms are included in the test regression. 

3.3.3.2.2. The Phillips-Perron (PP) Unit Root Test 

An alternative (nonparametric) method for controlling serial correlation when testing a 

unit root was proposed by Phillips and Perron in 1988 (Phillips and Perron, 1988). The 

PP test estimates the non-augmented ADF test in equation (3.5) and establishes the t -

ratio of the   coefficient so that the serial correlation does not affect the asymptotic 

distribution of the test statistic. The PP test is based on the statistic: 

                      ̂     ( 
  
  

 *

 
 

 
 (     )   ( ̂)

   
 
   

                                                                 (   ) 

Where  ̂ is the estimate,   ( ̂) is the standard error of the estimate;    is the t-ratio for   

and s is the standard error of the test regression. In addition,    is a consistent estimate of 

the error variance in (3.5) (calculated as: 
(   )   

 
 where k is the number of regressors).    

is an estimator of the residual spectrum at frequency zero. The asymptotic distribution of 

the PP modified t-ratio is the same as that of the ADF statistic. 
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3.3.4. Differencing of Time Series 

A Special type of filtering, which is particularly useful for removing a trend, is simply to 

difference a given time series until it becomes stationary. This method is an integral part 

of the procedures advocated by Box and Jenkins. 

For non-seasonal data, first difference is usually sufficient to attain apparent stationarity. 

First order differencing (Period-to-period change) is widely used. Occasionally second-

order differencing is required. 

Using the difference operator  , the first-order difference is defined by: 

                                                   (   )                                                           (   ) 

Where B is the backshift operator and the second-order difference is written using the 

operator ―    ‖: 

                                                     (   )    

In general, the     order of difference by using the backshift operator is defined as: 

                                             (   )                                                                               (   ) 

3.4. Model Specifications 

In order to investigate the linkage between domestic saving, capital formation and 

economic growth in Ethiopia, this study adopted the Vector Autoregressive (VAR) 

econometric technique propounded first by Sims in 1980 (Sims, 1980). The Author 

defined VAR as a vector of endogenous variables regressed against their lags and the lags 

of the other variables which included in the model. In these model there is n-equation and 

n-variable linear model in which each variable is in turn explained by its own lagged 

values, plus current and past values of the remaining     variables (Christiano, 2012). 

A Vector Autoregressive (VAR) model is one of the most commonly employed 

multivariate time series analysis technique that provides a systematic way to capture 

dynamics of variables. It is advantageous one because it can explain past and causal 

relationships among multiple variables over time as well as explanation and prediction of 

future observations is dependent upon correctly postulating VAR model and estimation 

process of its parameters (Lütkepohl, 2005). 
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3.4.1. Vector Autoregressive (VAR) Model 

Vector Autoregressive (VAR) model was introduced by Sims in 1980 for the first time 

(Sims, 1980). The VAR model is one of the most successful, flexible and easy to use 

models for the analysis of multivariate time series. It is a natural extension of the 

univariate autoregressive model to dynamic multivariate processes. The structure is that 

each variable is a linear function of past lags of itself and past lags of the other variables. 

For a VAR (P) model the first p lags of each variable in the system would be used as 

regression predictors for each variable. 

The VAR model has proven to be useful especially for describing the dynamic behavior 

of economic and financial time series and for forecasting. It often provides superior 

forecasts to those from univariate time series models and elaborate theory based 

simultaneous equation models. Generally, the main uses of vector autoregressive (VAR) 

models are forecasting and structural analysis (Lütkepohl, 1991). 

Let    (                    )  be an (   ) vector of time series variables. The 

basic p-lag vector autoregressive (VAR (p)) model has the form (Lütkepohl, 2005): 

                                                                            (    ) 

Where,   (            ) 
  is a constant (   ) vector of intercept terms allowing 

for the possibility of a non-zero mean  (  ); the   ’s are fixed (   ) coefficient 

matrix of autoregressive model. Finally,    (                  )  is an (   ) 

unobservable zero mean white noise or innovation vector process (serially uncorrelated 

or independent) with time invariant covariance matrix  . That is, 

 (  )   , and    (     )    (     
 )   {

          

           
                                               (    ) 

Where the covariance matrix   is an (   ) symmetric positive definite matrix and it’s 

assumed to be nonsingular if not otherwise stated. 

Let    is the     element of the vector V and let    
  denotes the     row and the 

   column element of the matrix   . Then the first row of the vector system in equation 

(3.10) can be specified as follows: 
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                          (    )  

                 can also be written in the same manner as    . For instance, 

specifically, a bivariate VAR (2) model equation has the form: 
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Or explicitly, 

    
                       

           
           

           
           

                   
           

           
           

           

}                   (    ) 

Where,    (       )      for    ; zero otherwise. Thus, a vector autoregression is a 

system of equations in which each variable is regressed on a constant and   of its own 

lags as well as on    lags of each of the other variables. Note that each regression has the 

same explanatory variables or lagged values of     and    . 

Generally, the VAR (p) model equations for the study under this paper have the 

following form (Lütkepohl, 2005): 
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Where, RGDP is the real gross domestic product growth rate  (%), GDS is gross domestic 

saving and GCF is Gross Capital Formation (investment) [Both are measured as share of 

real gross domestic product (% RGDP) of Ethiopia. 
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3.4.1.1. Order Specification for VAR Model 

An important feature of empirical research based on the vector autoregressive (VAR) 

model is the choice of the lag order, since validity of all inferences in this model depends 

on the appropriate selection of the lag order and correct model specification. Lag length 

should not be different from the true VAR length as it would definitely distort all end 

results. Selecting a very small order may lead to ignoring interesting dynamics of the 

economic variables. While, selecting a very large order leads to inefficiency in 

estimation, which affects estimated coefficients, standard errors and large confidence 

intervals for the impulse response functions (IRF). 

In a VAR model each variable is regressed against the same number of lags. Thus, order 

specifications are symmetrical. The lag length for the VAR model can be determined 

using model selection criteria. The general principle is to fit VAR models with orders 

                 and choose the value of   which minimizes some model selection 

criteria (Lütkepohl, 1991). That is, the best model is the one with a lag at which a 

minimum selection criterion. 

The general model selection criteria have the form: 

              ( )      | ̅( )|      (   )                                                                           (    ) 

Where, IC=Information Criterion;  ̅( )       ̂  ̂  
 
    is the residual covariance 

matrix estimator for a model of order,    is a sequence in which it may depend on the 

sample size T and identifies the specific criterion, and  (   ) is a function of order   

which penalizes large order of VAR model. The term    | ̅( )| is a non-increasing 

function of the order   while  (   ) increases with  . 

The three most commonly used information criteria in order to determine an optimal lag 

order for the VAR model are: Akaike information criterion (AIC), Schwarz-Bayesian 

information criterion (SBIC), and Hannan-Quin information criteria (HQIC): 
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                                                                 (    ) 

Note: in all case from the above  (   )      is the number of VAR parameters in a 

model with order   and   is number of variables. Denoting by  ̂(   ) ,  ̂(    )  and 

 ̂(    ) are the orders selected by AIC, SBIC and HQIC, respectively (Lütkepohl, 

2005). The order estimated with these criterion converges to the true VAR order    under 

quite general conditions if the true order (p) is less than or equal to     . For a model to 

be best it should have the smallest information criteria. 

3.4.1.2. Estimation of Parameters for VAR Model 

The n-dimensional VAR (p) model             where    (              )  has 

the form as in Equation (3.10). From this equation the parameters are unknown and are 

required to be estimated. There are various methods of estimation that can be used, the 

most well-known being least squares estimation, Yule-Walker estimation and maximum 

likelihood estimation. If the VAR process has a known distribution and is assumed to be 

normally distributed, then maximum likelihood estimation can be used as an alternative 

procedure to least squares estimation. The main advantage of maximum likelihood 

estimation is that it is efficient asymptotically (Lütkepohl, 2005). 

For a given sample of the endogenous variables            and sufficient pre-sample 

values                the coefficients of a VAR (p) process can be estimated 

efficiently by applying least squares estimation to each of the equations separately. 

Because the disturbances are assumed to be normally distributed, the conditional density 

has a multivariate normal distribution (Lutkepohl and Saikkonen, 1999, Watson, 1994): 

(  |                 )    (      ) 
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The conditional density of the     observation by using maximum likelihood function is: 
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The likelihood function is the product of each one of these densities function for   

       . Then the log-likelihood function is the sum of the log of all these densities and 

thus it becomes: 
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The estimated value of   or ( ̂), which maximizes the log-likelihood is the maximum-

likelihood (ML) estimator of the VAR coefficients which are determined by: 
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                                                                       (    ) 

This means that the ML estimator of the VAR coefficients is equivalent to the ordinary 

least square (OLS) estimator of     and    which is equivalent to the system multivariate 

estimator. The ML estimator for the variance is given as:  ̂  
 

 
  ̂ 

 
    ̂  . 

Where  ̂      ̂   and the asymptotic distribution of the coefficients of the     

equation of the VAR model is:  ̂    (   ̂ ,      
 
   -  ) 

Where the coefficient variance:  ̂  
 

      
    

  
    can be estimated by OLS 

estimation technique, because the coefficients are aysmptotically normal. Significance 

test for each coefficient can be applied by comparing the t-statistic with the normal 

distribution. The estimated value maximaze the log- likelihood function and are the 

maximum likelihood estimators of the VAR coefficients. The wald statistic is employed 

to test the hypothesis that impose restrictions on coefficients. 
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3.4.1.3. Stability of VAR (p) Process 

The vector autoregressive model equation written in 3.10 can be expressed as follows 

using the lag operator notation: 

                          ( )                                                                                                    (    ) 

Where B is the lag or backshift operator;  ( ) is a polynomial in the lag operator B and, 

                 ( )            
     

       
                                             (    ) 

Where,          , and    is the n-dimensional identity matrix. 

Formally    is stable if,    (          
       

 )             | |   , 

which is the same as the roots for    (          
        

 )   , lie outside 

the complex unit circle (have modulus greater than one). This condition is called the 

Stability condition. 

The series    is weakly stationary if the first and second moments are time invariant. In 

particular, the mean vector and covariance matrix of a weakly stationary series are 

constant over time (Tsay, 2005). Since stability implies stationarity, a stable VAR (p) 

proces    is stationary in the time series litrature. The converse is not true. In other 

words, an unstable process is not necessarily nonstationary (Lütkepohl, 1991). 

The autocorrelation of a stable VAR (p) process can be determined by   : 

                           
  
  ( ) 

  
                                                                                                (    ) 

Where    (
   ( )   

   
     

+ is the autocovariance of VAR (p) process; and  ( ) is 

Yule Walker equation matrix representation  ( )  [            ] [

 (   )

 (   )
 

 (   )

]  h>0 

Specifically the cross correlation function tow individual time series is obtained by 

between  (Lütkepohl, 2005). 
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               ( )  
   ( )

√   ( )√   ( )
          ,            -                                       (    ) 

3.4.2. Structural Vector Autoregressive (SVAR) Analysis 

Vector Autoregressive (VAR) models represent the correlations among a set of variables, 

they are often used to analyze certain aspects of the relationships between the variables of 

interest. As a result, the general VAR (p) model has many parameters and it may be 

difficult to interpret due to complex interactions and feedback between the variables in 

the model. Due to this, the dynamic properties of a VAR (p) are often summarized using 

various types of structural analysis. The three main types of structural analysis are 

discussed below. 

3.4.2.1. Granger Causality and Testng 

Granger has defined the concept of causality which, under suitable conditions, is fairly 

easy to deal with in the context of VAR model. Therefore, causality has become quite 

popular in recent years. The idea is that a cause cannot come after the effect. Thus, if a 

variable X affects a variable z, the former (X) should help improving the predictions of 

the latter variable (Z) (Granger, 1969). Granger causality measures whether one thing 

happens before another thing and helps to predict it and nothing else. 

In classical regression analysis, we deal with the dependence of one variable on other 

variable (s), but it does not necessarily imply causation. In other words, the existence of a 

relationship between variables does not prove causality or direction of influence  

(Granger, 1969). The structure of the VAR model provides information about a variable’s 

or a group of variables’ forecasting ability for other variables (Lütkepohl, 1991). The 

following intuitive notion of a variable’s explains forecasting ability. 

If a variable, (or group of variables),    is found to be helpful for predicting another 

variable, (or group of variables)   , then   said to Granger cause   ; otherwise it is said 

to fail to Granger-cause    Formally,    fails to Granger cause   , if for all     the 

Mean square error (MSE) of a forecast        based on {                    }  is the 



28 

same as MSE of a forecast        based on {                    }  and 

{                    }. 

Clearly, the notion of Granger causality does not imply true causality. It only implies 

forecasting ability. If    causes    and    also causes    the process (       ) is known 

as a feedback system. 

For instance, in a bivariate VAR (p) model for    (       )
 ,    fails to Granger cause 

   if all of the   VAR coefficient matrices           are lower triangular. That is 

VAR (p) model has the form: 

(
   

   
*  .

  

  
/  4

   
  

   
    

 5 (
      

      
*    4

   
  

   
 

   
 5(

      

      
*  .

   

   
/     (    ) 

So that all of the coefficients on lagged values of    is zero in (3.25) for   . Similarly    

fails to Granger-cause    if all of the coefficients on lagged values of    are zero in the 

equation for   . 

The   linear coefficient restriction implied by Granger non-causality may be tested using 

the Wald statistic which is asymptotically distributed as    with   (number of lags in the 

VAR) degree of freedom. A large value of Wald statistic is evidence against the null 

hypothesis of non-causality. Notice that if    fails to Granger cause    and    fails to 

Granger cause   , then the VAR coefficient matrices           are diagonal. Testing 

for Granger non-causality in general n-variables (multivariate) VAR (p) models follows 

the same logic used as in bivariate models. 

3.4.2.2. Impulse Response Function (IRF) 

The impulse response function shows the effects of an exogenous shock on the whole 

process over time (Sims et al., 1990). The idea is initially to look at the adjustment of the 

endogenous variables and to detect the dynamic relationships among contemporaneous 

values of the variables over time, after a hypothetical shock is given at time t. 
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IRF is an important tool in a VAR system in revealing the direction and magnitude at 

which one variable (especially the target variable) reacts to the change (shock) applied on 

the other exogenous variables in the system. 

Any covariance stationary VAR (p) process as a Wolds representation by using the 

method of (Enders, 2008) having the form: 

                                                                                        (    ) 

Where; (   ) moving average matrices    are determined recursively.  

          
   
   . It is tempting to interpret the (   )   elements    

 , of the matrix    

as the dynamic multiplier or impulse response, i.e.    
  represent the effects of unit shocks 

in the variables of the system. 

             
       

     

 
     

       

          (   )                                                    (    )    

Where,     means holding all of the other shocks constant. However, this interpretation is 

only possible if    (  )    is a diagonal matrix so that the elements of    are 

uncorrelated. One way to make the errors uncorrelated is to follow and estimate the 

triangular structural VAR (p) model (Sims, 1980): 

          
         

           
         

                 
         

           
         

                        
         

           
         

 
 

                                
         

           
         }

  
 

  
 

      (    ) 

In matrix form, the triangular structural VAR (p) model is: 

                                                                                             (    ) 

Where,   (

   
      

 
    

 
    

 
 

   

 
 
 
 

,                   (         )
 and; 
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   (   
     

       
 )                        

Note:   is a lower triangular matrix with 1’s along the main diagonal. The algebra of 

least square ensures the estimated covariance matrix of the error vector    is diagonal. 

The uncorrelated or orthogonal errors    are referred to as structural errors. The triangular 

structural model (3.28) imposes the recursive causal ordering: 

                                                                                                                   (    ) 

The ordering in (3.30): imply that the contemporaneous values of the variables to the left 

of the arrow affect the contemporaneous values of the variables to the right of the arrow 

but not vice versa. These contemporaneous effects are captured by the coefficients     in 

equation (3.28). 

For example, the ordering          imposes restrictions:     affects     and     

but     and     do not affect    ;     affects     but     does not affect    . 

For a     ( ) model with n-variables, there are    Possible recursive causal orderings. 

Which ordering to use in empirical work depends on the context and whether prior theory 

can be used to justify a particular ordering. Results from alternative ordering can always 

be compared to determine the sensitivity of results to the imposed ordering. 

Once a recursive ordering has been established, the Wald representation of    based on 

the orthogonal errors    is given by: 

                                                                                                     (    ) 

Where,        is a lower triangular matrix. The impulse responses to the orthogonal 

shocks      are: 

          
       

     

 
     

       

    
                                                                      (    ) 

Where,    
  is the (   )  element of   . A plot of    

  against s is called the orthogonal 

impulse response function (IRF) of    with respect to   . With n-variables, there are n2 

possible impulse response functions. 
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3.4.2.3. Forecast Error Variance Decompositions (FEVDs) 

This is an alternative method of IRF to receive a compact overview of the dynamic 

structures of VAR models. The FEVDs tells us the proportion of the movements in a 

sequence due to its own shocks versus shocks to other variables and also it shows the 

portion of the variance in the forecast error for each variable due to innovations to all 

variables in the system (Enders, 2008). This method is also based on a vector moving 

average model and orthogonal error terms. So that FEVDs answers the question: what 

portion of the variance of the forecast error in predicting        is due to the structural 

shock   ? Using the orthogonal shocks    the h-step ahead forecast error vector, with 

known VAR coefficients, may be expressed as: 

                      |  ∑   

   

   

                                                                                     (    ) 

For a particular variable        this forecast error has the form 

             |  ∑   
 

   

   

         ∑    
 

   

   

           ∑   
 

   

   

             (    ) 

Since the structural errors are orthogonal, the variance of the h-step forecast error is: 

   (             | )

    (∑    
 

   

   

         ∑    
 

   

   

           ∑    
 

   

   

        + 

                                 
 ∑(   

 ) 
   

   

    
 ∑(   

 ) 
   

   

      
 ∑(   

 ) 
   

   

                    (    ) 

Where,    
     (  ), the portion of    (             | ) due to shocks    is then: 

      ( )  
   

  (   
 )

    
   

   
  (   

 )    
       

  (   
 )    

         
  (   

 )    
   

             

↑ (3.36) 
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Note that: In a VAR with n-variables there will be           ( ) values. It must be kept 

in mind that the FEVD in (3.36) depends on the recursive causal ordering used to identify 

the structural shocks,    and it is not unique. Thus, various causal orderings would 

produce different FEVD values. 

3.4.3. Cointegration Analysis 

3.4.3.1. Cointegration 

If two or more series are integrated together (i.e. in the time series sense) but some linear  

combination of them has a lower order of integration, then the series are said to be 

cointegrated. A common example is where the individual series are integrated of first 

order (I (1)) but some (cointegrating) vector of coefficients exists to form a stationary 

linear combination of them.  

In univariate time series models, it is obvious that a stochastic trend can be removed by 

differencing. But in multivariate context such filtering is not straight- forward. There may 

be a case in which a linear combination of integrated variables that is stationary; such 

variables are said to be ―cointegrated‖ (Enders, 2008). The presence of cointegration is an 

evidence of a long run equilibrium relationship between variables. 

3.4.3.2. Johansen Cointegration Test 

The Johansen’s procedure considered maximum likelihood estimation for finite order 

vector autoregressions (VARs) and calculated for the system. It allows dealing with 

models with several endogenous variables. The cointegration analysis begins with 

unrestricted VAR involving potentially nonstationary variables (Johansen, 1991). 

The starting point in Johansen’s procedure (Johansen, 1988, Johansen, 1991) is 

determining the number of cointegrating vectors is the VAR representation of   . It 

assumes a vector autoregressive model of order p [VAR (p)] and is expressed as follows: 

                                                                                       (    ) 

Where    is an n-vector of nonstationary I (1) variables (if a non-stationary series,    

must be differenced ―d‖ times before it becomes stationary, then it is said to be integrated 
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of order d. this would be written as     ( ),    is a d-vector of deterministic variables 

and    is a vector white noise or innovation processes. Then we can rewrite (3.37) as: 

                              ∑       

   

   

                                                                (    ) 

Where         
    and        

 
      

Johansen in 1988 proposed two valuable tests for estimating the number of cointegrating 

vectors, which are: the Trace statistics and Maximum Eigen value (Johansen, 1988). 

Trace statistics investigate the null hypothesis of r-cointegrating relations against the 

alternative of n-cointegrating relations, where n is the number of variables in the system 

for              . Define;  ̂           to be a complex modulus of Eigen 

values of  ̂ and let them be ordered such that           ; The Trace Statistic 

Computed as: 

                        ( )    ∑    (   ̂  )

 

     

                                                                      (    ) 

The maximum Eigen value statistic tests the null hypothesis of r-cointegrating relations 

against the alternative of     cointegrating relations for              . 

The Maximum Eigen value statistic is computed as: 

                   (     )       (   ̂   )                                                                     (    ) 

Where      is the (   )   ordered Eigen value of π, and T is the sample size. The 

critical values tabulated by (Johansen and Juselius, 1990) will be used for these tests. 

In general, The Johansen Maximum Likelihood estimators enable estimating and testing 

for the presence of multiple cointegration relationships in a single step procedure. If there 

is cointegration among variables, it suggests the existence of causality between these 

variables at least in one direction (Johansen, 1988). When cointegrating relations are 

present in a system of variables it is useful to consider specific parameterizations that 

support the analysis of the cointegration structure. The resulting models are known as 
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vector error correction models (VECMs) or vector equilibrium correction models 

(Lütkepohl et al., 2004). 

3.4.4. Vector Error Correction Modeling (VECM) 

The VECM is a natural progression from a VAR model representation, especially when 

the level series are nonstationary. If cointegration has been detected between the series, 

then it is obviously known that there exist(s) long-term equilibrium relationship(s) 

between them. So at this time, VECM would be a suitable model to evaluate the short run 

properties of the cointegrated series. An error correction model belongs to a category of 

multiple time series model, most commonly used for data where the underlying variables 

have a long-run stochastic (nondeterministic) trend, also known as cointegration. 

The main feature of the VECM is its capability to correct for any disequilibrium that may 

shock the system from time to time. The error correction term (cointegrated term) picks 

up such disequilibrium and guide variables of the system back to equilibrium. That is, 

this term progressively corrects the deviation from long-run equilibrium through a series 

of partial short-run adjustments. In case of no cointegration VECM is no longer required 

and one may directly proceed to Granger causality test to establish causal link between 

variables. 

When the sets of variables are found to have one or more cointegrating vectors, the 

corresponding error correction representations must be included in the system to avoid 

misspecification and omission of the important constraints. Thus, the VAR in (3.37) 

should be re-parameterized as a Vector Error Correction Model (VECM) form in (3.38), 

(Lütkepohl, 2005). That is, 

                                ∑   

   

   

                                                             (    ) 

Equation (3.41) is known as a Vector Error Correction Model (VECM).Where   

       
 
       is the n-dimensional identity matrix, and        

 
     . 
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The above specification of VECM contains information on both the short-run and long-

run adjustment to changes in    through estimating   and   respectively. The matrix   

can be decomposed as       where   is     matrix of speed of adjustment towards 

the long-run equilibrium, and   is an     matrix of parameters which determines the 

cointegrating relationship of long-run coefficients such that        represents the 

multiple cointegration relationships. The columns of   are interpreted as long-run 

equilibrium relationship between variables. The values of   close to zero imply slow 

convergence and        , is the rank of the matrix   and represents the number of 

cointegrated vectors in the system which can be determined using the Johansen maximum 

likelihood method. 

Generally, if      ( )         , this is known as the partial nonstationary cases 

where there are distinct linear combinations that are stationary (Mauricio, 2006). Pure 

VAR cannot be used and instead VECM could be the right model to be utilized.  In the 

case when,      ( )     , which means, no cointegration being present in the model 

and any linear combination of the variables in which sta tionary does not exist. The 

nonstationarity for this model can be removed by taking differences or using a log root 

transformation. Thus, the appropriate model is VAR rather than that of VECM (Harris, 

1995). 

Similarly, if      ( )     (which is full rank matrix). The vector process    contains 

no unit roots and it is  ( ) and    is therefore stationary. As a result of this information 

have no guarantee for using the VEC model (Tsay, 2005).    Should be studied directly 

and modeled in levels, not differences and there is no need for a VECM representation to 

be used. Here also pure VAR model is used. 

3.4.5. Model Diagnostic Checking 

Model checking is an obligatory activity to investigate validity and reliability of all 

inference procedures made by VARs and VECMs before one is going to use these models 

to forecast future patterns of series. Therefore a range of diagnostic tests is available for 

checking the model assumptions and properties. Formally, there are several tests for 

checking forecasting capability (adequacy) of time series models. 
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3.4.5.1. Test for Residual Autocorrelation 

Two types of tests for residual Autocorrelation are quite popular in applied work, 

Breusch-Godfrey Lagrange Multiplier (LM) and portmanteau tests. They are both based 

on statistics of the following form (Brüggemann et al., 2006). 

                                     ̂  ̂   ̂                                                                                            (    ) 

Where  ̂ is a suitable scaling matrix. In other word, they are based on the residual 

autocovariances. The choice of scaling matrix  ̂ determines the type of test statistic and 

its asymptotic distribution under the null hypothesis of no residual autocorrelation. 

3.4.5.1.1. Autocorrelation LM Test 

This test was developed by Breusch and Godfrey (Breusch and Pagan, 1980). Lagrange 

multiplier (LM) tests can be used to tests for residual autocorrelation in a VAR (p) 

process.  The     order residual autocorrelation LM assumes a VAR model is defined as; 

                                                                                                  (    ) 

Where, the quantity    denotes a white nose process. Thus, for testing autocorrelation in 

  , the following claim should be checked. 

                 (There is no serial correlation) versus 

                                  ,        -    (There is serial correlation). 

There are various methods which can be used in order to find a suitable Lagrange 

Multiplier test statistic and its critical values. (Brandt and Williams, 2007) proposed a 

step by step procedure by estimating an unrestricted as well as a restricted VAR model. 

The auxiliary model has the form: 

     ̂                   ̂  ̂       ̂  ̂                                          (    ) 

An analogous VECM form of equation (3.27) is: 

 ̂                                  ̂  ̂       ̂  ̂                (    ) 
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The estimated residual is represented by   (         )  we obtain the following 

residual covariance matrix estimator from the auxiliary models:  ̂  
 

 
      

 
   . 

Moreover, if we re-estimate the relevant auxiliary model without the lagged residuals 

 ̂    (          ), that is impose the restrictions              and denote 

the resulting residuals by  ̂ 
  (R-shows restricted residual), the corresponding covariance 

matrix estimator is  ̂ 
  

 

 
   

 (  
 ) 

    . 

The relevant LM test statistic is defined as: 

                             ,    ( ̂  ̂ 
  )-                                                                             (    ) 

The value refers to the number of endogenous variables in the system. This LM statistic 

follows a   (   ) distribution with the degrees of freedom, where is the number of 

restrictions placed on the parameters of the model in equation (3.46) under the null 

hypothesis that there is no residual correlation present. 

A variant of the test statistic that adjust the likelihood ratio in such a way that its  

distribution under    can be approximated by F-distribution was recommended by 

Edgerton and Shukur (Edgerton and Shukur, 1999). More precisely, for small samples, 

the following statistic is used for stationary VAR processes without subset restriction. 

     [4
 ̂ 

 ̂ 
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  ]
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 (     )                                                        (    ) 

Where   is the number of regressors in each equation of the original system and   is the 

number of estimated coefficients then      is the number of additional regressors in 

the auxiliary system. Then the critical value of the F-distribution is  (        ). 

3.4.5.1.2. Portmanteau Autocorrelation Test 

The portmanteau test for residual autocorrelation checks the null hypothesis that all 

residual autocovariances are zero, that is: 
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    (   
 
   )            (   

 
   )                                 . 

The test statistic is based on the residual autocovariances and has the form (Escanciano 

and Lobato, 2009): 
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  ) }                                                                                (    ) 
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   are the estimated residuals. For unrestricted residuals stationary VAR (p) process the 

null distribution of    and approximated by   (  (   ))  distributed if T and h 

approaches infinity such that 
 

 
   . 

Alternatively (especially in small samples (T)), the following statistic is used 

  
    ∑

 

   
  ( ̂ 

  ̂ 
  )

 

   

                           (    ) 

Although, the asymptotic properties of   
  are the same as those of   , This statistic may 

have better small sample properties than the unadjusted version. The choice of   is 

important for the test performance. If   is chosen too small, the approximation to the null 

distribution may be very poor where as a large   may result in a loss of power. 

Therefore: we conclude that the Breusch–Godfrey LM test is useful for testing for low 

order residual autocorrelation (small  ) where as a portmanteau test is preferable for 

larger value of  . 

3.4.5.2. Normality of the Residuals 

(Lütkepohl, 1993) suggested using the multivariate generalization of (Jarque and Bera, 

1987) test statistic 
 

 
(   

(   ) 

 
) to test the multivariate normality of the    where T is 

the number of observations, s is the sample skewness, and k-is the sample kurtosis. 
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This tests the skewness and kurtosis properties of the    ( 
          ) moments against 

those of a multivariate normal distribution of the appropriate dimension. 

    ( ̂ 
 )           ( ̂ 

 )                 and; 

    ( ̂ 
 )           ( ̂ 

 )                . 

It is possible that the first four moments of the    match the multivariate normal 

moments, and the    are still not normally distributed. It is hoped that most of the normal 

properties desired by the model fitter in the    are met by these four moments. This 

situation has an analog in linear regression. We assume that the errors are independent, 

but we can only test whether they are correlated. In linear regression, it is adequate to test 

the correlation of the residuals. If they are uncorrelated, that is enough independence for 

getting the variance calculations correct. We don’t worry about the other forms of 

dependence. 

The Formulation of the Jarque Bera test uses a mean adjusted form of the VAR (p) model 

from (3.10). 

       (      )    (      )      (      )                            (    ) 

Where    is white noise process with mean zero and    is non-singular covariance 

matrix and            are coefficient matrix. 

       ̂ (    ̅)   ̂ (      ̅)     ̂ (      ̅)                                  (    ) 

Where  ̂  the estimated value of   ;  ̅ is the mean vector of series;  ̂   ̂     ̂  are 

estimator of fixed coefficients            from the multivariate maximum likelihood 

estimation of VAR model in (3.49). Let  ̂ be the symmetric and idempotent matrix 

satisfying that  ̂ ̂   ̂  and        ( ̂   )    where  ̂  
 

      
  ̂  ̂ 

  
   . 

 

 

 



40 

Thus, the standardized residuals and their sample moments are: 
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  ( ̂  
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       ̂      ∑( ̂  

 ) 
 

   }
  
 

  
 

                                                 (    ) 

Therefore the test statistic can be computed as follows to test the Hypothesis: 

For Skewness test statistic  ̂   
  ̂ 

  ̂ 

 
 

For kurtosis test statistic  ̂  
 ( ̂   )

 
( ̂   )

  
 

For joint test of the hypothesis statistic  ̂    ̂    ̂  

The asymptotic distribution of the above three estimates is given by: 

                                         

 ̂     ( )

 ̂    ( )

 ̂      (  )

}                                                                                    (    ) 

3.4.6. Forecasting 

Forecasting is one of the main objectives of multivariate time series analysis for horizons 

    of an empirical VAR (p) process can be generated recursively. Forecasting vector 

time series processes is completely analogous to forecasting univariate time series 

processes (Box et al., 2015). 

Consider first the problem of forecasting future values of    when the parametrs of the 

VAR (p) process is assumed to be known and there are no deterministic terms or 

exogeneous variables. The best linear predictor, in terms of minimum mean square error 

(MSE),      or 1-step forecast based on information available at time T is: 

             |                                                               (    ) 
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Forecasts for longer horizons h (h-step forecasts) can be obtained using the chain-rule of 

forecasting: 

        |            |          |            |                                 (    ) 

Where,     |              . 

The h-step forecast errors may be expressed as: 

                   |  ∑        

   

   

                                                                                 (    ) 

Where the matrices    are determined by recursive substitution           
   
   . 

With       and             . The forecasts are unbiased since all of the forecast 

errors have expectation of zero and the MSE matrix for     |  is: 

             ( )     (         | )  ∑    ̂   

   

   

                                                      (    ) 

Now consider forecasting      when the parameters of the VAR (p) process are 

estimated using multivariate least squares. The best linear predictor of      is now: 

               ̂   |   ̂  ̂     |   ̂  ̂     |     ̂  ̂     |                                (    ) 

Where;  ̂    are the estimated parameter matrices. The h-step forecast error is given by 

                  ̂   |  ∑        

   

   

 (      ̂   | )                                          (    ) 

The term       ̂   |  captures the part of the forecast error due to estimating the 

Parameters of the VAR. 

The MSE matrix of the h-step forecast is then: 

            ̂( )    ( )     (      ̂   | )                                                                    (    ) 
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In practice, the second term    (      ̂   | ) is often ignored and  ̂( ) is computed 

using (3.56) as:  ̂( )    ̂  ̂   
   
    with  ̂    ̂    ̂ 

 
    and  ̂    . 

3.4.7. Measures of Forecasting Accuracy 

Accuracy measurement of forecasts in time series models is an important task. It would 

be unreliable work unless any finding is provided with its respective accuracy 

measurements. By accuracy it broadly means that how well the model fitted the data on 

hand. So what expected always is the forecasted values should adhere themselves to the 

actual values. 

If     ,            is the actual observation on the     variable for the period   and     

is the forecast for     variable at the sample period t, then the error is defined as:  

                        ̂                                                                                                             (    ) 

Usually,     is calculated using the series                      . It is a one-step forecast 

because; forecasting one period ahead of the last observation is used in the calculation. 

Therefore,  ̂   as a one-step forecast error. It is the difference between the observation 

    and forecast made using all observations up to     but not including    . 

If there are n-observations and forecasts for   time periods, then there will be   error 

terms, and the following standard statistical measures can be defined: 
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                                                                      (    ) 

The Mean Error (ME) is likely to be small since positive and negative errors tend to 

offset one another. In fact, the ME would only tell us whether there is a systematic 

decline or risen the forecasting, which is called the forecasting bias. It does not give 

much indication as the size of the typical errors. 
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Therefore, the MAE is defined by first making the error positive by taking its absolute 

value, and then averaging the results. MAE and MSE statistics deals with measures of 

accuracy whose size depends on the scale of the data. Therefore, they do not facilitate 

comparison across different time series and for different time intervals. To make 

comparison relative percentage error defined as follows is considered. 

                            4
       

   

5                                                                                  (    ) 

Then the following two relative measures are frequently used: 
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As with the ME, the MPE is likely to be small since positive and negative PEs tends to 

offset one another. Hence the MAPE is defined using absolute values of PE. 

Alternatively, another measure of forecast accuracy is Theil’s U statistic (Montgomery et 

al., 2015) which measures the degree to which one time series     differs from its future 

(forecast) value  ̂  . The statistic is computed as: 
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 (       )
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                                                                 (    ) 

The scaling of   is such that it will always lie between 0 and 1. If    ,     for all 

forecasts and there is a perfect fit. In contrary, if    , the predictive performance is 

worse (not good). 

3.4.8. Statistical Software 

In this study, STATA 14 and Eviews Statistical Software were used for the analysis of 

data. 
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CHAPTER FOUR 

4. RESULT AND DISCUSSION 

The study was used the yearly time series data observed from 1974 to 2017. In this 

chapter the results of the VAR model estimation, cointegration analysis and vector error 

correction models are presented. The discussion begins by describing the nature of the 

series and results from the model selection procedure. Then after, results would be 

interpreted and discussed. 

4.1. Descriptive Statistics of Variables 

In this empirical work, three aggregate series namely: The economic growth rate 

measured by Real Gross domestic product (RGDP in %), gross domestic saving - GDS 

(% of RGDP) for Saving and Gross Capital formation - GCF (% of RGDP) for 

investment were used as shown by the descriptive statistics presented below. 

Table 4.1: Descriptive Statistics of the Study Variables 

 RGDP GDS GCF 

Mean  5.166470  12.95768  25.80908 

Median  5.030996  11.80053  25.13865 

Maximum  12.70000  27.52602  42.89100 

Minimum -3.413000  4.319463  13.36015 

Std. Dev.  4.638944  5.485306  8.063623 

Skewness -0.080633  0.822342  0.573472 

Kurtosis  1.757284  3.107394  2.518820 

Jarque-Bera  2.878975  4.980279  2.836192 

P-value  0.237049  0.082898  0.242175 

Sum  227.3247  570.1377  1135.599 

Sum Sq. Dev.  925.3513  1293.809  2795.947 

Observations  44  44  44 

 

The result of table 4.1 showed the mean of gross domestic saving (GDS), Gross capital 

formation - GCF (investment) and real GDP growth rate is 12.958%, 25.809% and 

5.166% respectively. Investment (GCF) has the highest maximum value 42.891% & Real 

GDP growth rate has a lowest maximum of 12.700% and investment has the highest 

minimum value 13.360%. the kurtosis statistic for RGDP growth rate and GCF is less 
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than 3 whereas for GDS it’s about 3.107 showing that the distribution is leptokurtic and 

platykurtic (flat topped) respectively. On the other hand, the Jarque-Bera test statistic 

confirmed the normal distribution of all variables, as having p-value greater than 5% 

level of significance for the three series. 

4.2. Stationarity Test 

4.2.1. Time Plot of the Series 

When presented with a time series, the first step in the analysis is usually to plot the data 

and obtain simple descriptive measures of the main properties of the series. Figure 4.1 

below showed that saving and investment have an upward (increasing) trend within the 

sample period whereas RGDP growth rate moves up and down horizontally up to 2005 

and then nearly constant but it declined after 2015. 
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Figure 4.1 The Time Plot of Study Variables at their Level 

The time plot of all the study variables after taking their first difference are shown in 

figure 4.2 below and indicated that the trend is removed and all the series looks weak 

(covariance) stationary as the plot line revolves nearly around the mean of zero although 

it’s drift from strict stationarity. 
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Figure 4.2: The Time Plot of Study Variables at their First Difference  

4.2.2. Time Series Unit Root Test (s) 

The time series under consideration should be checked for stationary before one can 

attempt to fit a suitable model. That is, variables have to be tested for the presence of unit 

root(s) and  the order of integration of each series. The above time plot suggested that the 

series have nonstationary behavior at levels and stationary at their first differences. 

In this study, the Augmented Dickey Fuller (ADF) and Phillips Perron (PP) unit root tests 

were employed to test for the time series properties of model variables. The null 

hypothesis is that the variable under investigation has a unit root against the alternative 

that it does not. The decision rule is reject the null hypothesis if the ADF/ PP test statistic 

value exceeds (in absolute value) the critical value at a chosen level of significance, 

usually 5%. These results are presented in table 4.2 below using Eviews-10. 
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Table 4.2: Unit Roots Test Results [At levels] 

 

Series 

Level with intercept Level with intercept and trend 

Test Statistic Test Statistic 

ADF PP ADF PP 

LnRGDP -2.704 (0.081) -2.572 (0.106) -3.663 (0.036) -3.050 (0.131) 

LnGDS -0.727 (0.829) -1.484 (0.533) -3.214 (0.095) -3.123 (0.114) 

LnGCF -0.887 (0.783) -1.070 (0.719) -3.416 (0.063) -3.593 (0.042) 

5% Critical value -2.9310 -2.9297 -3.5155 -3.5155 

Decision Nonstationary Nonstationary Nonstationary Nonstationary 

---The values in Brackets are *MacKinnon (1996) one-sided p-values. 

The results obtained from the above unit root tests (both ADF and PP) suggested that all 

the series are nonstationary at levels since their test statistic values are less than the 

critical values at 5% and the p-values in bracket are greater than 0.05. As a result, the null 

hypothesis of a unit root is not rejected for all the series. 

Table 4.3: Unit Roots Test Results [At their first difference] 

 

Series 

1st difference with intercept 1st difference with intercept-trend 

Test Statistic Test Statistic 

ADF PP ADF PP 

LnRGDP -6.982 (0.000) -6.799 (0.000) -6.957 (0.000) -6.841 (0.0001) 

LnGDS -9.306 (0.000) -10.003 (0.00) -9.548 (0.000) -11.926 (0.000) 

LnGCF -9.432 (0.000) -10.717 (0.00) -9.319 (0.000) -10.671 (0.000) 

5% Critical value -2.9314 -2.9314 -3.5181 -3.5181 

Decision Stationary Stationary Stationary Stationary 

---The values in Brackets are *MacKinnon (1996) one-sided p-values. 

The above table 4.3 presented the unit root test result for all series at their first difference. 

The null hypothesis of a unit root is rejected as the test statistic is greater than the 5% 

critical values in magnitude, as well as the p-values in bracket are less than 0.05. 
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Therefore, all the series are stationary at 1st difference (period to period change). Thus, 

the conclusion is that the series under investigation are integrated of the same order that 

is one. (i.e. I(1)). So, cointegration analysis is plausible for those series and it would be 

employed in section 4.4. 

4.3. Vector Autoregressive (VAR) Model Specification 

Vector autoregression (VAR) is a stochastic process model used to capture the linear 

interdependencies among multiple time series. All variables in a VAR model enter in the 

same way: each variable has an equation explaining its evolution based on its own lagged 

values, the lagged values of the other variables, and an error term (Lütkepohl, 2005). 

In the field of forecasting macroeconomic time series with VAR-models, the use of log-

transformed data has become standard. The rationale for using log-transformed data in 

time series regressions and macroeconomic forecasts is rooted in the normality 

assumption and aims at limiting the detrimental effects of heteroscedasticity and 

skewness in the level data on estimation and testing results (Mayr and Ulbricht, 2015). 

Thus, in this study the VAR model specification of variables is converted into natural 

logarithms. The transformation has some benefits in estimation as they smooth out data in 

comparison to unlogged data and the parameter estimates resulting from an estimated 

equation are elasticities (Lewis and Mizen, 2000). Therefore notice that, the whole 

analysis is performed in their natural logarithm form of each series. 

4.3.1. Cross Correlation Matrix 

The cross correlation describes the degree of correlation between different time series 

variables. Specifically, cross-correlation is used to determine a change in one time series 

that could potentially cause a change in another time series. The positive cross-

correlation indicates that as the value of one variable becomes increased the 

corresponding variable is also increased or both decreased simultaneously for correlated 

variables (Tsay, 2005).  
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Results from table 4.4 below indicated the existence of high positive cross-correlation 

among LnRGDP, LnGDS and LnGCF up to the third order pre-determined (lagged) value 

in the ample period. 

Table 4.4: The Correlation Matrix of the Study variables 

CCM at lag:  0 LnRGDP LnGDS LnGCF 

LnRGDP 1.000 0.646 0.767 

LnGDS 0.646 (0.0000) 1.000 0.799 

LnGCF 0.767 (0.0000) 0.799 (0.0000) 1.000 

Simplified Matrix 

CCM at lag: 1 
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Results from Table 4.4 above presented the cross correlation matrix (CCM) for the three 

series. The values in the parenthesis are p-values and all are significantly inter-correlated 

as the correlation coefficient tends to one as well as the probabilities (p-values) are small. 

Accordingly, the economic growth rate (LnRGDP) is correlated with LnGDS (saving) 

and LnGCF (investment) with the correlation coefficient 0.646 and 0.767 respectively. 

4.3.2. Specification of VAR Order 

A Critical element in the specification of VAR models and cointegration analysis is the 

determination of the lag length that could optimally suit for the model, since all 

inferences in the model depend on the correct lag order specification. The estimates of a 
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model whose lag length differs from the true lag length are inconsistent. (Braun and 

Mittnik, 1993). In this study, determination of optimal lag order for the VAR model is 

performed using the Akaike information criterion (AIC), Schwarz Bayesian information 

criterion (SBIC) and Hannan-Quin information criterion (HQIC). In each criterion, the 

lag with a minimum criterion value is selected as an optimum lag length for the model. 

Table 4.5: VAR Lag Order Selection Result 

VAR Lag Order Selection Criteria    
Sample: 1974 2017     

       
        Lag LogL LR FPE AIC SIC HQIC 
       
       0  78.29722 NA   4.65e-06 -3.764861 -3.638195 -3.719063 

1  119.4358   74.04944*   9.34e-07*  -5.371790*  -4.865126*  -5.188596* 

2  126.5287  11.70325  1.04e-06 -5.276434 -4.389772 -4.955845 

3  133.2971  10.15265  1.18e-06 -5.164855 -3.898196 -4.706871 

4  142.0920  11.87316  1.25e-06 -5.154602 -3.507944 -4.559223 

       
       * indicates lag order selected by the criterion   

 LR: sequential modified LR test statistic (each test at 5% level)  
 FPE: Final prediction error     

 

From the result of table 4.5 the selection criteria indicated the optimal lag length to be 

one and VAR (1) could be the best model since the information criteria AIC, SBIC and 

HQIC confirmed. This lag length was applied in the cointegration test and VAR analysis 

in the next section. 

Based on the above selected optimal lag length for the VAR model, the system equation 

can be specified as follows with order one (Lütkepohl, 2005): 

[
       
      
      

]  [

  
  

  

] [

   
    

    
 

   
    

    
 

   
    

    
 

] [
         

        

        

] [

   

   

   

]                                                  (   ) 

Where, LnRGDP - is the natural logarithm of real GDP growth rate which is proxy for 

economic growth, LnGDS and LnGCF is the natural logarithm of saving and investment 

proxy variables. 
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4.3.3. Lag Exclusion Test 

To check whether the chosen lag is optimal or not, the Wald lag exclusion test is used. 

This test carried out the confirmation for suitability of each lag selected by the above 

three information criteria. For each lag the Chi-square    (Wald statistic) of all series are 

reported separately and jointly below. 

Table 4.6: VAR Lag Exclusion Wald Test Result 

     
     

VAR Lag Exclusion Wald Tests 

Chi-squared test statistics for lag exclusion: Numbers in [ ] are p-values  

     
     
 LnRGDP LnGDS LnGCF Joint 

     
     

Lag 1  47.34684  33.02955  129.7443  183.2344 

 [ 0.0000] [ 0.0000] [ 0.0000] [ 0.0000] 

     
     

Df 3 3 3 9 

     
     

 

Results from Table 4.6 above indicated the first lag is optimally chosen for all series at 

5% level of significance individually and jointly. Therefore, provided that VAR models 

usually need the same lag length for all the series, the Wald exclusion test assures that 

VAR (1) is found to be optimal for the study variables and hence could be adopted. 

4.3.4. Estimation of parameters for the VAR (1) Model 

Once the optimal lag length is selected for the model, the next step is estimating the 

parameters and obtains the estimates of each unknown coefficients to interpret the result. 

During interpretation of the VAR coefficient estimates the Ceteris paribus1  restriction 

should be imposed since the estimation is based on ordinary least square (OLS) method. 

The vector autoregression – VAR (1) model estimated result is presented in the table 

below. 

                                                                 
1 Ceteris paribus means that - all other things remaining constant (Gujarati and porter, 
2009). 
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Table 4.7: The Vector Autoregression Estimation Result 

Vector Autoregression Estimates  

Standard errors in ( ) & t-statistics in [ ] 

    
    
 LnRGDP LnGDS LnGCF 

    
    

LnRGDP(-1)  0.463367 0.302467 0.305820 

  (0.17068)  (0.11052)  (0.05225) 

 [ 2.71481] [2.73676] [5.85312] 

    

LnGDS(-1) 0.804041  0.079393 0.283427 

  (0.31143)  (0.20166)  (0.09533) 

 [2.58181] [ 0.39369] [2.97299] 

    

LnGCF(-1)  1.510176  0.906313  1.255089 

  (0.49774)  (0.32231)  (0.15237) 

 [ 3.03405] [ 2.81191] [ 8.23712] 

    

C  1.717254 -0.133770  0.262209 

  (0.64334)  (0.041659)  (0.19694) 

 [ 2.66928] [-3.21104] [ 1.33141] 

    
    R-squared 0.954259 0.768881 0.910915 

Adj. R-squared 0.951696 0.751103 0.904678 

Sum sq. resids 1.891389 0.793096 0.177243 

S.E. equation 0.220221 0.142604 0.067414 

F-statistic 15.78228 11.00985 43.24809 

Log likelihood 6.149246 24.83538 57.05148 

Akaike AIC -0.099965 -0.969087 -2.467510 

Schwarz SC 0.063868 -0.805255 -2.303678 

S.D. dependent 0.315760 0.186750 0.135127 

    
    Determinant resid covariance (dof adj.)  1.13E-06  

Determinant resid covariance  8.42E-07  

Log likelihood  117.6872  

Akaike information criterion -4.915685  

Schwarz criterion -4.424188  
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The coefficients’ of the estimated vector autoregressive result is known as short run 

coefficients. Thus, the fitted VAR (1) model is written under Equations 4.2 through 4.4 in 

which those exogenous variables (lagged series) are significantly affected the respective 

endogenous variable at 5% level of significance. 

                                                                 (   ) 

                                                                                         (   ) 

                                                                              (   ) 

From the above result of the estimated model equation for real GDP - LnRGDP (Eq. 4.2): 

the real GDP growth rate is significantly explained by its own first lag and one period 

lagged values of gross domestic saving and gross capital formation in their natural 

logarithm form. Specifically, for a 1% increase in one period lagged values of real GDP 

leads to an increase of current real GDP growth rate by 0.463% in logarithm ceteris 

paribus. Similarly, a 1% increase in one period pre-determined lagged values of LnGDS 

and LnGCF leads to an increase of current real GDP growth rate by 0.804% and 1.510% 

respectively ceteris paribus (keeping all other variable , in this case after LnRGDP 

remaining constant). 

The constant value 1.717 in the model indicated that the current real GDP growth rate is 

increased by 1.717% while the other variables keep constant. This increment comes from 

another economic activity those are contributing for economic growth rate positively but 

they are not included in the model. Generally, from the estimated model saving and 

investment has a positive significance effect on Real GDP growth rate of Ethiopia in the 

short run during the study period. The empirical result in line with (Nwanne, 2014) from 

Nigeria in which the author concluded change in gross domestic investment  and gross 

domestic saving have positive significant effect on the change in the Nigerian growth. 

The adjusted R-square value for Real GDP equation is 0.9517, indicating that 95.17% of 

the variation in the future Real GDP growth rate is explained by the variables included 

and affecting the endogenous variable which are gross domestic saving and gross capital 

formation. 
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For the second equation (4.3) the current value of gross domestic saving is explained by 

the one period lagged value of economic growth rate and investment, but not by its own 

first lag as it is insignificant in the estimated VAR model. For a 1% increase in one 

period lagged value of real GDP growth leads to an increase of current GDS by 0.302% 

in logarithm ceteris paribus and, a 1% increase in one period lagged value of investment 

lead to an increase of current GDS by 0.906% after keeping other variables constant. 

Thus, both variables have a positive significant impact on saving in the short run. The 

adjusted R-square value (0.7511) implied that 75.11% of variation in the future gross 

domestic saving is explained by those significance variables. 

In line with this, the fitted equation for investment presented under equation (4.4) is 

interpreted in the same way like what we did for real GDP growth rate and gross 

domestic saving. 

4.4. Cointegration Analysis 

So far it is noticed that the variables in the study are integrated of the same order one.  

This reveals the necessity of cointegration test analysis that aimed for determining the 

existence of a long term relationships among the variables. If the variables are not 

cointegrated, then long run equilibrium relationship does not exist and only short run 

relationship can be carried out. 

To determine the number of cointegrating relationships, the Johansen (1995) 

cointegration test is applied at the pre-determined optimal lag length one. The two tests 

for the Johansen cointegration procedure are the trace test and maximum eigenvalue test. 

Here, these two test statistics are compared to their corresponding critical values to 

determine the number of cointegrating vector (s) among the study variables. 
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The results for the Johansen cointegration analysis is presented in the table below. 

Table 4.8: Johansen Cointegration test results (Assume: Linear deterministic trend) 

 

 

Hypothesized N
o
 

of Cointegration 

Equation (s) 

 

 

Eigen 

Values 

Trace Test Maximum Eigenvalue test 

 

Test 

Statistic 

5% 

Critical 

Value 

 

Prob.*

* 

 

Test 

Statistic 

5% 

Critical 

Value 

 
 

Prob.** 

None* 0.498170 44.27052 29.79707 0.0006 28.9587 21.13162 0.0032 

At most 1 0.189099 15.31148 15.49471 0.0533 8.803608 14.26460 0.3029 

At most 2* 0.143542 6.507877 3.841466 0.0107 6.507877 3.841466 0.0107 

Normalized Cointegrating coefficients (standard error in parenthesis and t-statistic in [ ] ) 

LnRGDP 

1.000000 

LnGDS 

-2.844605 

(0.58606) 

[-4.85378] 

LnGCF 

-4.767721 

(0.72054) 

[-6.61687] 

* denotes rejection of the hypothesis at the 0.05 level 

**MacKinnon-Haug-Michelis (1999) p-values 

∴ trace and max-eigenvalue tests indicate 1 cointegrated equation at 0.05 level 

 

From the results of Johansen cointegration test presented in Table 4.8 above. For both the 

trace and maximum-eigenvalue tests, the first test has a null hypothesis that there are no 

cointegrating relationships, with the alternative hypothesis for the trace test being that 

there are more than zero relationships while that for the maximum-eigenvalue test is that 

there is at least one cointegrating equation. 

The test statistics are compared with the critical values and if the calculated statistics are 

higher than the test critical values, the null hypothesis is rejected. From the result, it can 

be observed that the trace test or estimated LR statistic (44.27052) exceeds the respective 

critical value (29.79707) with P-value (0.0006). The maximum eigenvalue test also 

supports the same conclusion (i.e. 28.9587>21.13162) with p-value 0.0032. This implies 

that the null hypothesis of no cointegration relations is rejected at the 5% level of 

significance over the alternative hypothesis. 
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But, when we observe the second hypothesis there is at most one cointegrating equation 

is not rejected at 5% level of significance. Therefore, the rank of cointegration matrix is 

equal to one. Meaning there is only one cointegrating equation in the system.  

Consequently, the Cointegration vector is given by:   (                     )   

The vector values correspond to the cointegrating coefficients of real GDP (Normalized 

to 1), Gross Domestic saving (GDS) and Gross Capital Formation (GCF) or investment in 

their natural logarithmic form. 

From the above result, the Johansen normalized cointegrating coefficients are all 

significant at the conventional 5% level as it is indicated from the vector error correction 

(VEC) model estimation result under table 4.9 below. Thus, we could infer that there 

exist a long run causal relationship among variables in this study after normalizing 

economic growth rate proxy variable to one, because it is the target variable. This finding 

is consistent with (Verma, 2007) from India, (Nwanne, 2014) and (Gebeyehu, 2010) in 

Ethiopia. The long run model using the cointegrating vector is given by: 

                                                                                               (   ) 

Note that: the signs of the coefficients are reversed while writing the long run model and 

both gross domestic saving and gross capital formation or investment has a positive 

significant effect on the economic growth rate of Ethiopia in the long run. Specifically, a 

1% increase in gross domestic saving and gross capital formation leads to the economic 

growth rate of a country increased by 2.845% and 4.768% respectively in the long run on 

average, ceteris paribus. The coefficients’ estimates in equilibrium relationship, which 

are essentially the long-run estimated elasticities relative to economic growth, suggest 

that both gross domestic saving and gross capital formation are elastic to the economic 

growth rate. 

The results from the cointegration test suggest that the VECM is suitable for analyzing 

the relationship between real GDP, gross domestic saving and gross capital formation 

rather than a pure VAR because the series are cointegrated in the sample period. 
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4.5. Vector Error Correction Model (VECM) Estimation 

After deduction is made that variables in the VAR model appeared to be cointegrated, the 

immediate stride is to estimate the short run behavior and the adjustment to the long run 

models, which is represented by vector error correction model. The VEC model has the 

form: 

             ∑  

 

   

                                                                                          (   ) 

Where       represents the long-run relation between the variables in   ;   is the 

cointegrating vector and         is the error correction term. The   error correction 

coefficient vector reveals the speed of adjustments to the equilibrium, which measures 

the deviation from the long-run relationship among variables. 

The VECM contains information on both the short-run and long-run adjustment to 

changes in    through estimating the coefficient matrix   and   respectively. The 

responses of LnRGDP, LnGDS and LnGCF to short-run output movements are captured 

by the    coefficient matrices. Coefficient estimates of the VEC model are presented in 

Table 4.9 below. 

The output of the estimation consists of two components. The first part puts together the 

coefficients of the cointegration vector (long-term equilibrium equation) with their 

respective standard errors and t- statistics, which are derived by normalizing the natural 

logarithm of Real GDP (LnRGDP) and the long run model as well as what it implied  is 

discussed in previous section under equation (4.5). Here again the model with the 

intercept is written as follows. 

                                                                                  (   ) 

From the above equation (4.5 and 4.6) one can inferred that there is a positive long run 

relationship among economic growth rate, gross domestic saving and gross capital 

formation at 5% level during the sample period. This result is consistent with the finding 

of (Namoloh, 2018) in Nigeria. 
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Table 4.9: Vector Error Correction Estimate Results  

Vector Error Correction Estimates || Standard errors in ( ) & t-statistics in [ ]  

    
Cointegrating Eq:  CointEq1   

    
    LnRGDP(-1)  1.000000   

    
LnGDS(-1)  -2.844605   

  (0.58606)   

 [-4.85381]   

    
LnGCF(-1) -4.767721   

  (0.72054)   

 [-6.61692]   

    
C -1.907822   

Error Correction: D(LnRGDP) D(LnGDS) D(LnGCF) 

    CointEq1 -0.525791 -0.291859 -0.116586 

  (0.10542)  (0.06880)  (0.03197) 

 [-4.98756] [-4.24226] [-3.64679] 

    
D(LnRGDP(-1))  0.117674  0.218624  0.169029 

  (0.18697)  (0.09202)  (0.05670) 

 [ 0.62937] [ 2.37588] [ 2.98090] 

    
D(LnGDS(-1))  0.830325  0.189738  0.223648 

  (0.35773)  (0.23346)  (0.10849) 

 [ 2.32107] [ 0.81272] [ 2.06156] 

    
D(LnGCF(-1)) 2.336254 1.504816 -0.868797 

  (0.90538)  (0.59086)  (0.27456) 

 [2.58041] [2.54683] [-3.16429] 

    
C  0.013548  0.015809  0.013655 

  (0.03269)  (0.02133)  (0.00991) 

 [ 0.41447] [ 0.74106] [ 1.37745] 

    R-squared  0.437626  0.443687  0.365792 

Adj. R-squared  0.376829  0.383545  0.297229 

Sum sq. resids  1.618680  0.689387  0.148861 

F-statistic  7.198139  7.377329  5.335118 

Log likelihood  8.781814  26.70665  58.89521 

Akaike AIC -0.180086 -1.033650 -2.566438 

Schwarz SC  0.026779 -0.826784 -2.359573 
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The second part of the table 4.9 contains the short run coefficients and the error 

correction terms (cointEq1) for the cointegration vector. The error correction terms are 

also called the adjustment coefficients or speed of adjustment. This measures the short-

run adjustments of the deviations of the endogenous variables from their long run values. 

The error correction component (cointEq1) in the VEC model estimation result indicates  

the speed of adjustment to the equilibrium (or common stochastic trend). Typically, the 

error correction term should lie between zero and one and should be negative in signs 

(Brooks, 2008). Accordingly, from the result the adjustment coefficients for economic 

growth rate, domestic saving and capital formation are -0.52579, -0.29186 and -0.11658 

respectively as well as all are significant with large t-statistic value. 

Those figures are interpreted as - the previous period deviation from the long run 

equilibrium is corrected in the current period by the indicated adjustment speed for each 

endogenous variable. Or similarly, those values provide information on the short run 

disequilibria percentage adjustment of each endogenous variable within each period of 

time (year in this case). For instance, the adjustment coefficient for economic growth rate 

is -0.52579 which implied that the departure from the long-term equilibrium path due to a 

certain shock is adjusted by 52.58% over the next year and the complete adjustment will 

take around two years which is a fast adjustment. 

The resulting fitted VEC model with significant estimated coefficients for the three 

endogenous variables is presented in equation 4.6 through 4.8 below. The least square 

estimation result and their significance test for each lagged endogenous variables is 

reported in appendix part at the end: Appendix - A from table A1 through A3. 

VEC Model Equation for Economic Growth Rate: 

                 ,                                             -

                                                                                 (   ) 

VEC Model Equation for Gross Domestic Saving: 

                ,                                             -

                                                                               (   ) 
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VEC Model Equation for Gross Capital Formation (Investment): 

                ,                                             -

                                                        (   ) 

Nota the: the letter ―D‖ in the least square estimate appendix indicates the first difference 

and is symbolized by     in the model equation written above. 

From the above fitted equation (4.6) and (4.7) the error correction coefficients are -0.526 

and -0.292, those values suggested that each period (year), 52.6% and 29.2% of the long 

term departures are adjusted by LnRGDP and LnGDS, respectively. That is, 52.6% and 

29.2% of the short run disequilibria in LnRGDP and LnGDS are corrected within one 

year respectively. The same for gross capital formation – LnGCF; although it has a slow 

adjustment speed, that is 11.7% of the short run disequilibria in LnGCF is adjusted within 

each year. 

In each column below the adjustment coefficient, the estimated coefficients shows that 

the short run causal relationship with the respective endogenous variable if and only if 

there is a significant effect. From (4.6) both LnGDS and LnGCF have a positive 

significant impact and short run causality to economic growth rate as their p-value is less 

than 5% in least square estimates from Appendix A (table A1). Thus, the economic 

growth rate of Ethiopia is significantly affected by the one period lagged value of gross 

domestic saving and capital formation in the short run. The estimated coefficient for 

          and           are 0.830 and 2.336 respectively in (4.6). That is, for a 1% 

increase in gross domestic saving and gross capital formation leads to the economic 

growth rate increased by 0.830% and 2.336% respectively on average, ceteris paribus.  

This result implied investment has a greater impact for the economic growth of Ethiopia 

than saving in the short run during the study period. This coincides with (Mishra et al., 

2010) finding in India. 

The above result indicated that there is a long run casuality running from saving and 

investment to economic growth and coincides with (Sekantsi and Kalebe, 2015). 

However, causality running from saving to investment was found both in the short run 

and in the long run. 
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In the same manner, the estimated VEC model equation for saving under (4.7) indicated 

that gross domestic saving is significantly explained by a one period lagged value of real 

GDP growth rate and gross capital formation in the short run. Specifically, for a 1% 

increment in            and           leads to the gross domestic saving increased 

by 0.218% and 1.504% respectively on average, ceteris paribus. Similarly from equation 

(4.8) gross capital formation is explained by the one period lagged value itself, real GDP 

growth rate and gross domestic saving. For a 1% increase in           ,           

and           leads to gross capital formation raised by 0.169%, 0.224% and 0.868% 

respectively on average, ceteris paribus. From the result, economic growth and gross 

domestic saving have an effect on investment (GCF) is similar with (Odey et al., 2017) 

finding of Real GDP and saving are the two drivers of investment in Nigeria. 

4.6. Model Adequacy Checking 

Once a VEC-model has been estimated, it is a crucial task to see whether the residuals 

obey the model’s assumptions. Diagnostic checking for the fitted model is a mandatory 

step before one can use it for structural analysis and forecasting in time series analysis. 

Whenever the test confirms the underlying assumptions of residuals, it is possible to go 

for further analysis and forecasting.  

That is, we should check for stability of the model, the absence of serial correlation 

(autocorrelation), Homoskedasticity (constant variance of residuals) and see whether the 

error process, innovations or shocks is followed a multivariate normal distribution, 

however (Lütkepohl, 2005) argued that normality of residuals is not necessary condition 

for the validity of many of the statistical inferences related with VAR/VEC models. 

4.6.1. Stability Analysis of the VEC Model 

The Inverse roots of the characteristics AR polynomial used to determine stationarity or 

stability of the models are reported in Table 4.10 below for the saving, investment and 

economic growth model. 
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Table 4.10: The Stability of VEC Model Test Result 

Roots of Characteristic Polynomial 

Lag specification: 1 1 

  
     Root Modulus 

  
 1.000000  1.000000 

 1.000000  1.000000 

-0.341252 - 0.135220i  0.367066 

-0.341252 + 0.135220i  0.367066 

 0.160476 - 0.184057i  0.244192 

 0.160476 + 0.184057i  0.244192 

  
From the above table 4.10 all the inverse roots of the characteristic polynomials have 

moduli of one or less than one and lie inside the unit circle, implying that at the chosen 

lag length of order one the estimated models are stable or stationary. In the case of the 

VEC model with r-cointegrated relations     roots should be equal to unity. Where,   

is the number of endogenous variables in the system. Hence, the estimated VEC model is 

instable if and only if one of the root/moduli value is greater than one (Lütkepohl, 1991) 

and (Mustofa et al., 2017). 

Additionally, the graphically plot of the roots of characteristics polynomial in figure B1 

of the appendix confirmed that the roots are not go beyond the unit circle. That is, the 

stability condition for the VEC model is well satisfied. 

4.6.2. Test of Residual Autocorrelation 

Table 4.11 below presents the results of the Portmanteau Q-statistic and Lagrange 

Multiplier (LM) test for the whole VEC model residual serial correlation or 

Autocorrelation of residuals. 
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Table 4.11: Residual Autocorrelation and Hetroskedasticity Test Results 

 

Lag 

Portmanteau - Q test Lagrange Multiplier - LM test 

Value p-value (prob. *) Value p-value (Prob. *) 

1 

2 

3 

4 

5 

5.058403 

19.55342 

35.03971 

39.00063 

47.73453 

NA** 

0.1897 

0.0678 

0.2180 

0.2510 

9.02624 

11.34958 

10.96159 

4.581590 

8.612894 

0.1708 

0.0759 

0.4913 

0.8692 

0.4737 

Hetroskedasticity Test 

Chi-sq                          df                                   Prob. 

51.05837                      48                                 0.3544 

**Test is valid only for lags larger than the VAR lag order. Null Hypothesis: No residual 

autocorrelations up to lag h. || The residuals are Homoskedastic (Null hypo.) 

 

From the above result, both the portmanteau Q-statistic and LM tests imply that residuals 

do not suffer from autocorrelation problem up to lag 5 as all p-values are greater than the 

5% level of significance. The Residual Hetroskedasticity test also confirms that the 

residuals from the fitted model don’t show hetroskedasticity (Varying variance – ARCH 

effect) at 5% level of significance since the p-value (0.3544>0.05) implies the null 

hypothesis of homoscedasticity is not rejected. 

4.6.3. Test for Normality of Residuals 

Multivariate version of the Jarque-Bera tests is used to test the normality of the residuals. 

It compares the 3rd and 4th moments (skewness and kurtosis) to those from a normal 

distribution. The test has null hypothesis indicating that the error term in the model has 

skewness and kurtosis corresponding to a normal distribution. 
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Table 4.12: Normality Test of Residuals from VEC model 

 

Component 

Skewness Kurtosis Jarque- Bera 

Value Prob. Value Prob. Value Prob. 

LnRGDP 

LnGDS 

LnGCF 

-0.479248 

-0.364722 

0.198942 

0.2753 

0.3346 

0.5986 

2.772105 

1.987252 

2.596388 

0.8561 

0.6865 

0.4301 

0.81757 

0.931437 

0.899484 

0.6514 

0.6277 

0.6378 

Joint -0.645028 0.9123 7.355745 0.1531 2.648491 0.8710 

 

The results in Table 4.12 show that there is no evidence to reject the null hypothesis of 

normality for the whole VEC model residuals. So from the Jarque-Bera test, it can be 

deduced that the residuals fulfill the normality assumption. In addition, the individual 

VEC models are examined whether their residuals are normally distributed or not. As it 

can be referred the histogram plot from figureB2.1 to figure2.3 in appendix -B which 

contain Jarque-Bera statistic with their respective P-values (all are greater than 5%), this 

concludes residuals for LnRGDP, LnGDS and LnGCF from separate VEC model follow 

normal distribution. 

The model passes all the checked diagnostic tests. The tests applied to the error 

correction model as well as for each VEC model points out that there is no evidence of 

instability, serial correlation and heteroskedasticity. Skewness and kurtosis of residuals 

based normality test and the Jarque-Bera test shows that the residuals are normally 

distributed at the 5% level of significance. 

4.7. Structural Vector Autoregressive (SVAR) Analysis 

As the output from VAR model is difficult to interpret thereby, SVAR analysis is the 

commonly used method to interpret the result and to clearly revealing the dynamic 

interaction of multiple time series variable like in the case of this study. The three SVAR 

analyses are Granger causality, impulse response function (IRF) and forecast error 

variance decompositions (FEVDs). Those are presented in the following section. 
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4.7.1. Granger Causality Test 

Granger causality test is considered a useful technique for determining whether one time 

series is good for forecasting the other. The concept of granger causality test is explored 

when the coefficients of the lagged of the other variables is not zero. Table 4.13 presents 

the pair-wise Granger-causality tests which were obtained with one period lag of each 

variable at 5% level of significance. 

Table 4.13: Pairwise Granger Causality Test Result 

             Null Hypothesis: Obs F-Statistic Prob.  

    

LnGDS does not Granger Cause LnRGDP 43 0.00037 0.9848 

LnRGDP does not Granger Cause LnGDS 12.8553 0.0009 
    

LnGCF does not Granger Cause LnRGDP 43 6.45622 0.0335 

LnRGDP does not Granger Cause LnGCF 7.65944 0.0085 

    

LnGCF does not Granger Cause LnGDS 43 10.5802 0.0023 

LnGDS does not Granger Cause LnGCF 9.76384 0.0033 
    

 

Table 4.13 above showed the calculated p-values for the F-test of Granger causality at 

95% level of confidence. From the result the lagged values of economic growth rate 

(LnRGDP) granger-cause the gross domestic saving as the null hypothesis is rejected at 

5% level of significance with p-value (0.0009) but not the reverse.  That is, economic 

growth rate provides important information to forecast future value of gross domestic 

saving. This outcome in line with the findings of (Sekantsi and Kalebe, 2015, Omoregie 

and Ikpesu, 2017) and (Mohanty, 2018) in Ethiopia who collaborate the result. There is a 

bidirectional causal relationship between economic growth rate and investment (LnGCF) 

which means investment granger causes economic growth at the same time, economic 

growth rate granger cause investment which is consistent with (Mishra et al., 2010) for 

Indian economy and it coincides with the Adam’s theory. The same conclusion is hold 

for saving and investment at the conventional level of significance. i.e. capital 

accumulation or investment is strongly and positively related to the rate of saving, 
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consequently, it leads to economic growth and which is consistent with (OLANREWAJU 

et al., 2015). 

4.7.2. Impulse-Response Function (IRF) Analysis 

Impulse response functions trace out the responsiveness of the variables in the VAR to 

shocks to each of the variables. Therefore, for each variable  a unit shock is applied to the 

error and the effects upon the VAR system over time are noted. Thus, if there are   

variables in a system, a total of     impulse responses could be generated. A standard 

decomposition is used in order to identify the short run effects of shocks on the levels of 

the endogenous variables in the VAR (1). 

The x-axis from figure 4.3 and figure B3 and B4 in Appendix B gives the time horizon or 

the duration of the shock while the y-axis gives the direction and intensity of the impulse 

or the percent variation in the dependent variable away from its baseline level. In our case 

there are 9 potential impulse response functions. The combined graphs of these IRF 

functions are given in Fig.4.3 below, figure B3 and B4 in Appendix-B for economic 

growth rate, saving and investment respectively with the Cholesky ordering LnRGDP, 

LnGDS and lnGCF. 
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Figure 4.3: Impulse Response function graphs to LnRGDP innovation 
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The above figure shows the response of LnRGDP, LnGDS and LnGCF to a one standard 

deviation shock in LnRGDP. A one S.D shock (innovation) to LnRGDP initially has a 

noticeable and sharp increase to those variables until the 4th period. Beyond the 5th period 

the impact of a shock smooth although all still rise and remain in the positive region. 

Thus, figure 4.3 indicated that savings generally respond positively to a sudden increase 

(shock) in economic growth rate proxy by LnRGDP. Furthermore, the response of 

investment to a sudden increase in economic growth is significant and positive as well. 

This implies an increase in economic growth spurs investment to increase and it’s in line 

with the pairwise causality result and (OLANREWAJU et al., 2015). Lastly, a sudden 

increase or shocks in economic growth leads to a significant increase in economic growth 

and this is what it’s expected. Therefore, shocks to economic growth rate would have a 

positive impact on saving and investment as well as for economic growth itself both in 

the short run and the long run. This result is contradict with the finding of (Daniman, 

2012) in which neither saving nor investment affects economic growth in the short run as 

expected. 

Figure B4 from the appendix shows the responses of LnRGDP, LnGDS and LnGCF with 

respect to a one standard deviation innovation in LnGCF. The result indicated investment 

innovations have a positive impact on those variables. For economic growth rate and 

domestic saving the impact initially shows a slight increase until around the 3rd time 

horizon. Then after, it exhibit slow increasing trend and always lie on the positive region 

throughout. This implies that, a one SD shock to investment leads to a positive impact on 

economic growth rate and domestic saving both in the short run and the long run. This 

result is consistent with the findings of (Omoregie and Ikpesu, 2017) from Nigeria and 

study by (Namoloh, 2018) in Namibia,  While, a sudden increase (or shocks) in 

investment leads to an increase in investment and this is what is expected to happen. 

4.7.3. Forecast Error Variance Decompositions (FEVDs) 

Variance decompositions offer a slightly different method for  examining VAR system 

dynamics. The decomposition used to understand the proportion of the fluctuation in a 

series explained by its own shocks versus shocks from other variables. In general one 

expects a variable to explain almost all its forecast error variance at short horizons and 
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smaller proportions at longer horizons. The decomposition results of LnRGDP for 

economic growth rate is presented in table 4.14 and figure 4.4 below whereas, for saving 

the result is reported in table A4 and plotted in fig. B5: again for investment (table A5 

and fig. B6) presented the results of their FEVDs in the appendixes. 

Table 4.14: Variance Decomposition of Economic growth rate – LnRGDP 

     

 Period S.E. LnRGDP LnGDS LnGCF 

     
 1  0.220221  100.0000  0.000000  0.000000 

 2  0.261510  90.91622  4.183604  4.900179 

 3  0.282157  82.64779  6.713284  10.63892 

 4  0.293897  77.24106  7.526351  15.23259 

 5  0.301041  73.87057  7.612130  18.51730 

 6  0.305646  71.72367  7.500036  20.77630 

 7  0.308740  70.31014  7.373588  22.31628 

 Cholesky Ordering: LnRGDP LnGDS LnGCF  

 

The variance decomposition analysis result of LnRGDP in table 4.14 above shows that, 

indicates that the variability in current real economic growth rate is predominantly a 

result of variability in itself, i.e. at the first period variation of LnRGDP is explained only 

by its own shock. In the second period/year 90.91% of the variability in the LnRGDP 

fluctuations is explained by its own innovations and the remaining 9.09% is explained by 

saving and investment. The proportion decreases dramatically whereas the LnGDS  

LnGCF shocks increase as the contribution of LnRGDP shock decreases. The graphical 

result depicted below under fig.4.4 suggested the same implication.  
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Figure 4.4: The Variance Decomposition for Economic growth rate – LnRGDP 

Similarly, in Figure B5 (table A4) and figure B6 (table A5) of Appendix B, the variance 

decomposition of LnGDS and LnGCF result is presented respectively. In the first period, 

22.12% of variability in saving (LnGDS) is explained by the innovations of economic 

growth rate and 77.88% of variation is explained by its own shock/innovation. At this 

time horizon, the impact of shocks of LnGCF is neglected. In general, we expect a 

variable to explain almost all its forecast error variance at short horizons and smaller 

proportions at longer horizons. 

4.8. Forecasting 

One of the fundamental goals of time series analysis or fitting a time series model is 

forecasting. The previous analysis results confirmed that vector error correction model of 

order one – VECM (1) is the paramount model to suitably describe the series of this 

study. In this section and forward, the study examined the forecasting accuracy of the 

fitted VEC model, and then makes a forecast from year 2018 to 2025 for eight years 

ahead to economic growth rate, gross domestic saving and gross capital formation. 
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4.8.1. The Measure of Forecasting Accuracy 

The mean square error (MSE), root mean square error (RMSE), mean absolute error 

(MAE) and Theil U statistic were used to assess the forecasting accuracy. The Theil-U 

statistics is independent of the scale of the variables and is constructed to lie between 

zero and one, zero indicating a perfect fit. In evaluating the performance of the 

forecasting models, the lower the RMSE, MAE, MAPE and Theil-U statistic implied 

better the forecasting accuracy. 

In practice, to evaluate the out-of-sample forecasting ability of the model it is 

recommended to divide the available data set into two subsamples. The first subsample of 

the data is used to fit (estimate) the VEC model, and the second subsample (that contains 

the time series data points which are not used to estimate the model) is used to evaluate 

the forecasting accuracy of the model. Usually, the two subsamples of data are referred to 

as estimation subsample and forecasting subsample respectively. 

Hence, for evaluating the forecasting accuracy in this study the data from 1974 up to 

2000 are utilized to estimate the VEC model with order one and then the forecasting 

accuracy is performed from the period 2001 to 2017 which are not used for estimation.  

The following Table 4.15 reported the forecasting accuracy statistics of the estimated 

model. 

Table 4.15: Forecasting Accuracy Statistics Result 

Sample: 2001 2017    
Included observations: 17    

Variable Inc. obs. RMSE MAE MAPE Theil 
      
      LnRGDP 17 0.489428 0.423686 2.933048 0.041608 

LnGDS 17 0.189669 0.161616 1.209238 0.007504 

LnGCF 17 0.074770 0.064705 4.095112 0.024151 

RMSE:  Root Mean Square Error   

MAE:  Mean Absolute Error    
MAPE:  Mean Absolute Percentage Error   
Theil:  Theil inequality coefficient 
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For each endogenous variables (LnRGDP, LnGDS and LnGCF) RMSE and MAE values 

are small; the MAPE in forecasting those series are less than 5% and Theil-U statistic, 

which indicates the gap between actual values and the forecasted values, are close to 

zero. Overall, the forecasting accuracy indicated is efficient. That is, the predictive 

powers of the models are healthier and suitable for h-step ahead forecasting. Here with 

the following graph presented the fitted values together with the actual observations and 

residuals for LnRGDP is given in Figure 4.5 below. 
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 Figure 4.5: The Actual, Fitted and Residual plot of LnRGDP growth Rate (%) 

The above residual plot and figures (B7 and B8 in Appendix for LnGDS and LnGCF 

respectively) reveal the forecasts (in-sample) of LnRGDP, LnGDS and LnGCF for 

economic growth rate, gross domestic saving and gross capital formation respectively 

graphed together with the corresponding actual series, fitted value and residuals for their 

individual VEC models) in a comparable mode for the time period from 1974 up to 2017. 

Thus, it can be easily observed from all figures that the forecast series are much closer to 

the actual series. 
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4.8.2. Out of sample forecasting 

Out-of-sample forecasted values for the series under study, using the vector error 

correction model VECM (1) are presented in Table 4.16 below for eight years ahead. 

Table 4.16: Out of Sample Forecast values from the VEC Model 

 

Year 

Forecast Values for the Study variables 

LnRGDP 

(Growth Rate in %) 

LnGDS 

(% of Real GDP) 

LnGCF 

(% of Real GDP) 

2018 

2019 

2020 

2021 

2022 

2023 

2024 

2025 

2.9876506 

3.0971453 

3.1349385 

3.1587422 

3.1798166 

3.2003584 

3.2207963 

3.241214 

3.0927942 

3.0603701 

3.0649993 

3.0768578 

3.0901268 

3.103671 

3.1172689 

3.1308772 

3.588041 

3.5875865 

3.6000301 

3.6149902 

3.6304412 

3.645988 

3.6615536 

3.6771227 

 

Results from table 4.16 revealed the annual predicted values show an increasing trend all 

series together in their natural logarithm form. Specifically, the economic growth rate 

increases from 2.5106556% in 2017 to 2.9876506% in 2018; similarly, the gross 

domestic saving and gross capital formation predicted values according to the out of 

sample forecast from VEC model is 3.0927942% and 3.588041% in 2018 in natural 

logarithm. 
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CHAPTER FIVE 

5. CONCLUSIONS AND RECOMMENDATIONS 

5.1. CONCLUSIONS 

The major objective of this study was to apply multivariate time series model to 

investigate the nexus between saving, investment and economic growth in Ethiopia. Over 

the time period considered, all three series were nonstationay at level but stationary after 

first difference. Thus, all the series are integrated of order one. The optimal lag length 

selection criteria for the vector autoregressive models indicate VAR (1) found to be 

appropriate and optimality test (lag exclusion test) approved the selected lag order. 

The cointegration analysis via Johansen procedure revealed an evidence for the existence 

long-run relationship among saving, investment and economic growth rate of Ethiopia in 

sample period. Thus, it has been clearly identified that VECM (1) is the appropriate 

model to fit the data than pure VAR (1). From the VEC model we observed that 

economic growth rate is significantly affected by one period lagged value of domestic 

saving and capital formation in the short-run. Furthermore, 52.58% of the short run 

disequilibrium in economic growth rate is adjusted within one period/year. Additionally, 

gross capital formation is significantly affected by its lagged value and lagged value of 

economic growth rate and gross domestic saving in the short run. From Granger causality 

test it is inferred gross domestic saving and gross capital formation - investment granger 

causes economic growth rate of Ethiopia. That is, saving and investment provides 

information to forecast future value of Economic growth for the country. Furthermore, 

gross domestic saving causes gross capital formation and vice versa (they exhibited 

bidirectional causality). From IRF analysis result Economic growth rate has a positive 

response for a one SD shock in both gross domestic saving and capital formation 

(investment). Furthermore, gross domestic saving and gross capital formation have a  

positive response for a one SD shock in economic growth rate. Those results showed the 

interdependence of saving, investment and economic growth in the country. The FEVDs 

result indicated that the variation forecast error in the 1st time horizon for each variable is 

explained by their own shock. But at longer horizons of economic growth shocks 

accounted by the variations of saving and investment as well. The shocks to gross capital 
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formation lead to a significant response for economic growth rate of Ethiopia. Finally, the 

estimated VEC (1) model passed all the diagnostic checking. Hence, using VEC (1) 

model eight period ahead forecast values are obtained for the study variables and it shows 

a slight increasing trend. 

5.2. RECOMMENDATIONS 

Based on the results obtained from this empirical finding, the following points are 

recommended. 

 This study revealed that saving and investment have a short run and long run 

effect on economic growth rate of Ethiopia, so that the government, the concerned 

body and the citizens work cooperatively to increase saving habit of nations and 

focused on investment lead production to sustain rapid economic growth. 

 The government and the concerned experts should create investment opportunity 

and initiate investors to raise saving as well as economic growth of a country. 

 The scope of the analysis in this study has been limited to the relationship among 

saving, investment and economic growth. Thus, this study finally recommend that 

future researcher should come with additional susceptive influential variables  

such as interest rate (real and deposit), money supply, consumption expenditure 

and others. 
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APPENDIX – A 

Table A1: Least Square Estimation of LnRGDP from VEC model 

Dependent Variable: D(LnRGDP)   

Method: Least Squares (Gauss-Newton / Marquardt steps) 

Included observations: 42 after adjustments  

D(LnRGDP) = C(1)*( LnRGDP(-1) - 2.84460511529*LnGDS(-1) - 4.76772051367*LnGCF(-1) 

-1.90782221558 ) + C(2)*D(LnRGDP(-1)) + C(3)*D(LnGDS(-1)) + C(4)*D(LnGCF(-1)) + C(5) 

 Coefficient Std. Error t-Statistic Prob.   

C(1) -0.525791 0.105420 -4.987562 0.0000 

C(2) 0.117674 0.186970 0.629374 0.5330 

C(3) 0.830325 0.357734 2.321069 0.0259 

C(4) 2.336254 0.905382 2.580407 0.0140 

C(5) 0.013548 0.032689 0.414468 0.6809 

R-squared 0.437626     Mean dependent var 0.000308 

Adjusted R-squared 0.376829     S.D. dependent var 0.264957 

S.E. of regression 0.209160     Akaike info criterion -0.180086 

Sum squared resid 1.618680     Schwarz criterion 0.026779 

Log likelihood 8.781814     Hannan-Quinn criter. -0.104262 

F-statistic 7.198139     Durbin-Watson stat 1.719894 

Prob(F-statistic) 0.000216    

     
Table A2: Least Square Estimation of LnGDS from VEC model 

 

Dependent Variable: D(LnGDS)   
Method: Least Squares (Gauss-Newton / Marquardt steps) 
D(LnGDS) = C(6)*( LnRGDP(-1) -2.84460511529*LnGDS(-1) - 4.76772051367*LnGCF(-1) 
-1.90782221558 ) + C(7)*D(LnRGDP(-1)) + C(8)*D(LnGDS(-1)) + C(9)*D(LnGCF(-1)) + C(10) 

     
 Coefficient Std. Error t-Statistic Prob.   
     
     C(6) -0.291859 0.068798 -4.242263 0.0001 

C(7) 0.218624 0.092018 2.375883 0.0061 
C(8) 0.189738 0.233459 0.812725 0.4216 
C(9) 1.504816 0.590858 2.546834 0.0152 
C(10) 0.015809 0.021333 0.741065 0.4633 

     
R-squared 0.443687     Mean dependent var 0.006446 
Adjusted R-squared 0.383545     S.D. dependent var 0.173852 
S.E. of regression 0.136499     Akaike info criterion -1.033650 
Sum squared resid 0.689387     Schwarz criterion -0.826784 
Log likelihood 26.70665     Hannan-Quinn criter. -0.957826 
F-statistic 7.377329     Durbin-Watson stat 1.786682 
Prob(F-statistic) 0.000179    
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Table A3: Least Square Estimation of LnGCF from VEC model 

Dependent Variable: D(LnGCF)   

D(LnGCF) = C(11)*( LnRGDP(-1) - 2.84460511529*LnGDS(-1) - 4.76772051367*LnGCF(-1) 

-1.9078222155) + C(12)*D(LnRGDP(-1)) + C(13)*D(LnGDS(-1))  + C(14)*D(LnGCF(-1)) + C(15) 

     
 Coefficient Std. Error t-Statistic Prob.   

     
C(11) -0.116586 0.031969 -3.646786 0.0008 

C(12) 0.169029 0.056700 2.981111 0.0023 

C(13) 0.223648 0.108485 2.061556 0.0463 

C(14) -0.868797 0.274563 -3.164291 0.0031 

C(15) 0.013655 0.009913 1.377449 0.1766 

R-squared 0.365792     Mean dependent var 0.008466 

Adjusted R-squared 0.297229     S.D. dependent var 0.075663 

S.E. of regression 0.063429     Akaike info criterion -2.566438 

Sum squared resid 0.148861     Schwarz criterion -2.359573 

Log likelihood 58.89521     Hannan-Quinn criter. -2.490614 

F-statistic 5.335118     Durbin-Watson stat 1.800930 

Prob(F-statistic) 0.001704    

     
 

Table A4: Variance Decomposition of Gross Domestic Saving –LnGDS Results 

     
Period S.E. LnRGDP LnGDS LnGCF 

     
     
1  0.220221  22.12020  77.87980  0.000000 

2  0.261510  25.05278  70.06701  4.880211 

3  0.282157  24.70620  63.51342  11.78038 

4  0.293897  23.49342  58.84120  17.66538 

5  0.301041  22.39154  55.65534  21.95313 

6  0.305646  21.57373  53.49642  24.92985 

7  0.308740  20.99836  52.02679  26.97484 
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Table A5: Variance Decomposition of Gross Capital formation -LnGCF Results 

     
     

Period S.E. LnRGDP LnGDS LnGCF 
     
     
1  0.220221  45.71856  21.94964  32.33180 

2  0.261510  36.42819  13.42799  50.14382 

3  0.282157  29.54449  10.22394  60.23158 

4  0.293897  25.36352  8.685199  65.95128 

5  0.301041  22.84356  7.800639  69.35580 

6  0.305646  21.27632  7.253427  71.47025 

7  0.308740  20.26725  6.904075  72.82867 
     

 Cholesky Ordering: RGDP GDS GCF  
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APPENDIX – B 
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Figure B1: The Inverse Roots of Characteristic Polynomial Plot 

Figure B2: Histogram Plot of Residuals from VEC model for Normality 
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Figure B2.1: Histogram plot of the residuals from LnRGDP VEC model 
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Figure B2.2: Histogram plot of the residuals from LnGDS VEC model 
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Figure B2.3: Histogram plot of the residuals from LnGCF VEC model 
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Figure B3: Impulse Response function graph to LnGDS Innovation
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Figure B4: Impulse Response function graph to LnGCF Innovation 
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Figure B5: The Variance Decomposition graph for Saving - LnGDS 
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Figure B6: The Variance Decomposition graph for Investment – LnGCF 
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Figure B7: The Actual, Fitted and Residual plot of LnGDS (% of Real GDP) 
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Figure B8: The Actual, Fitted and Residual plot of LnGCF (% of Real GDP) 


