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ABSTRACT 

Macroeconomic variables are the main signposts signaling the current trends in an 

economy. In this study, data on the 91-day T-bill rate, 182-day T-bill rate, inflation rate 

and exchange rate from the Bank of Ghana database was modelled using multivariate time 

series techniques to investigate the dynamic interrelationships existing between these 

macroeconomic variables over time. The results revealed that, the 91-day T -bill, 182-day 

T -bill and inflation rates exhibit log-quadratic trends whiles exchange rate exhibit log 

linear trend. Results of the Johansen's unrestricted trend co-integration test performed 

revealed that, the four set of variables were co-integrated and two linearly independent co 

integrating equations describe the long run equilibrium relationship between these 

variables over time. The results also revealed that, both VAR (1) and VEC (2) models 

fitted was structural stable over time and best described the short run relationship between 

the rates over time. However, for a further inference on the relationship between the four 

time series variables, the V AR (1) model was selected since it has the least AIC, SBIC, 

HQIC and the maximum likelihood ratio values. Results from the VEC (2), VAR (1) 

models, Granger Causality, IRF and FEVD analysis showed that, there exist a 

unidirectional relationship between the 91-day T -bill and 182-day T -bill rates, between the 

182-day T-bill and Inflation rates, between inflation and exchange rates and between the 

two T-bill rates and exchange rate. Both univariate and multivariate Ljung-Box and 

ARCH-LM model diagnostics test performed on the residuals of the VAR (1) models 

revealed that, the residuals were white noise series. A chi-square goodness of fit test 

performed on an out-sample forecasted growth rates with the VAR (1) model revealed 

that, the model adequately determined the behaviour of the rates over time. 
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1 

CHAPTER ONE 

INTRODUCTION 

1.1 Research Background 

Maintaining macroeconomic stability had been one of the major challenges for 

developing countries. Ghana, with a changing economy is not left out in terms of this 

menace. These macroeconomic instabilities are due to changes in macroeconomic 

variables such as market capitalism, interest rates, government stock rates, exchange 

rates, money supply, inflation rate, trade balance, unemployment rate, inflation in 

financial instruments among others on the development and growth of economy 

(Addo, 2013). A stable economy is characterised by the absence of excessive 

fluctuations in the macro-economy; thus an economy with fairly constant output 

growth, low and stable inflation (Wikipedia, 2013). 

Economic stability is desirable because it encourages economic growth that brings 

prosperity and employment. Low inflation in a strong, well-managed area, makes 

government borrowing less expensive and makes interest repayments on national debt 

substantially reduced. In addition, economic stability allows governments to plan 

national finances, expenditures and revenues with more certainty. Volatilities in 

inflation and interest rates increase the gap between the richer and poorer groups and 

regions, as the less well-off are better protected against the erosion of their wealth, 

their savings and their purchasing power (WiseGEEK, 2014). 

Macroeconomic variables are the main signposts signaling the current trends in an 

economy. They are the variables that greatly influence the economic growth of a 
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The forward-looking aspect of monetary policy therefore requires that monetary 

authorities have knowledge of where these macroeconomic variables are heading in 

the future so that policies can be engineered to attain desired objectives. Since the 

future is unknown, policy makers and governments rely on forecasting models to 

gauge the future paths of economic variables to assist in the development and 

evaluation of economic policy (Atta-Mensah and Mahamadu, 2003). Understanding 

the relationships between macroeconomic variables over time plays a central role in 

predicting future movements of each macroeconomic variable, thus help to formulate 

appropriate policies for the development of a country. Several linkages have been 

hypothesized to exist between some of these macroeconomic variables. For instance, 

the basis of existing relationships between a set of non-stationary time series variables 

was first hypothesis by Engle and Granger (1987) who formalised the concept that, 

sets of non-stationary time series variables move together over time. They defined 

these variables as co-integrated. Their research which was based on nominal treasury 

= 

country as a whole (Wikipedia, 2013). The instability in many economies persists 

over a long period of time because much focus is not placed on studying the 

performance, structure, behaviour and relationships among these variables over time. 

The government in order to macro-manages the economy well, must study, analyze, 

and understand the major variables that determine the current behavior of the macro 

economy over time. Government must therefore understand the forces of economic 

growth, why and when recession or inflation occur, and anticipate these trends, as well 

as what mixture of policies will be most suitable for curing any ills in the economy. 

2 
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Aboagye (2010) also noted that, inflation introduces uncertainty into the lives of 

investors and makes it difficult to plan for the future. Thus, investors focus on the 

return that they will receive over and above the rate of inflation. Also, interest rate, as 

a macroeconomic growth factor, may affect inflation through it's up and down 

volatility which gives a relationship between interest rates and inflation rates. Inflation 

is a global concern because it can distorts economic patterns, most especially in 

developing countries. For instance, Inflation tends to benefit borrowers at the expense 

of lenders whenever its rate is underestimated over the life of a loan. Inflation can also 

reduce the purchasing power of 'Par' value of T-bills when the inflation out-turns are 

higher than expected (Ofori and Ephraim, 2012). 

bills yield of different maturity generally considered not to be stochastically stationary, 

found that these bills' yield were related in a long run, thus co-integrated. 

3 

The real exchange rate has also been identified in many countries and by researchers 

as an important macroeconomic instrument for ensuring low inflation rate and a stable 

financial system that promotes exports, control imports, and enhance economic growth 

(Nguyen and Seiichi, 2007). For open-economy countries, inflation comes from 

domestic factors and also overseas factors. The sources of external factors are the 

increase in the world commodity prices or real exchange rate fluctuation. Real 

exchange rate system is important in minimizing the risk of fluctuations in exchange 

rates, which promotes economic growth (Noer et al., 2010). 

Although treasury bill (T-bill) rates, inflation rate and exchange rate are recognized in 

many developed and developing countries as economic impacting factors, there have 
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been limited research in Ghana on how these variables interactively affect each other 

over time. This leads to little knowledge on the relationships describing how changes 

in one or more rates affect the other over time. This study therefore employed 

multivariate time series techniques with historical data on the 91-day T -bill rate, the 

182-day T -bill rate, inflation rate and exchange rate from the Bank of Ghana, to test 

the existence of long run equilibrium relationship (co-integration) and short-run 

dynamic relationship among these rates. The concepts of co-integration, Vector Error 

Correction (VEC) and Vector Autoregressive (V AR) modelling and other inferential 

multivariate analysis such as Granger causality, IRF and FEVD analysis were used to 

examine the existence of these relationships among these macroeconomic variables. 

This gives an idea of how these rates interact among themselves and how each 

macroeconomic indicator serves as an independent variable, influencing other 

macroeconomic variables over time. 

4 

1.2 Problem Statement 

Economic stability is essential to enhance an increased productivity, improved 

efficiencies, and low unemployment. Common signs of instability in an economy are 

extended time of volatilities in some macroeconomic variables such as rising inflation, 

volatility in currency exchange rates, frequent large recessions and frequent financial 

crises. This leads to a decline in consumer confidence, stunted economic growth, and 

reduced international investments and spending: Foreigners can also lose significant 

money if their investments are within a country experiencing instability (Wikipedia, 

2013). 
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5 

It is therefore important to know the movements in macroeconomic variables over 

time to help maintain a stable economy. Although, there have been some researches in 

Ghana on how some of these variables move over time, many of them model these 

variables from a univariate time series view which predictions base on these models 

may result in larger error due to the impact of other economic variables on the variable 

of interest over time. Other researchers are based on comparative study of T -bills and 

stock returns and their impact on other macroeconomic variables (Doko, 2011; Antwi 

et al., 2012; Doe, 2012; Kuwornu, 2012; Haruna et al., 2013; Ransford, 2011; Adu, 

2012). None however, has jointly considered the interactive relationship between T 

bills rate of different maturities and their interactions with some uncertain real life 

factors such as inflation rate and exchange rates whose changes greatly affects 

outcomes of investments as well as the economy in Ghana. This results in little or no 

knowledge on the relationships between these macroeconomic variables over time. 

This study therefore employed multivariate time series techniques to directly model 

both short term and long term dynamic interrelationships among T -bills rate of 

maturity 91-day, 182-day and economic variables such as exchange and inflation rates. 

This will help us investigate whether or not past values of one series together with past 

values of other series are useful in predicting future movement of that rate. The 

studying of these time series variables from a multivariate time series point of view 

helps to identify contemporary relationships between the rates, identify the structure of 

the relationship if it exists and this will improve future forecasting of each rate over 

time. This will also help to formulate more structured economic models for each rate 

over time. 
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1.3 General Objective of the Study 

The main objective of this study is to develop multivariate time series models for 

describing the dynamic relationships between the Ghanaian Treasury bills rate, 

Inflation rate and Exchange rate. 

11. To determine whether or not there exist a long run equilibrium relationship 

(Co-integration) between the 91-day T-bill, 182-day T-bill, inflation and 

exchange rates series as well as establish the co-integrating equation (s). 

111. To fit a Vector Autoregressive (V AR) modelN ector Error Correction (VEC) 

model for describing the short run relationship between the T -bills rates, 

exchange and inflation rates over time. 

IV. To investigate Granger-causality among these variables. 

v. To investigate how one endogenous macroeconomic variable reacts over time 

to a sudden change in another endogenous macroeconomic variable. 

VI. To determine the magnitude of forecast uncertainty in one endogenous variable 

that is explained by the other endogenous variables considered over time, 

therefore assessing whether knowledge of the behaviour of other variables 

improves the forecast of an endogenous variable. 

1.4 Specific Objectives of the study 

1. To investigate the nature of trend characterising each macroeconomic variable 

over time. 

6 
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1.5 Significance of the Study 

The findings of this study are steps to understanding the dynamic relationships that 

exist between these economic variables. This will help monitors and regulators of the 

security agencies and the Bank of Ghana (BoG) in their control of different degrees of 

liquidity in the system, which can aid in the implementation of monetary policies and 

the pricing of securities. It will also help in the adjustment of interest rates so as to 

protect both the investor and issuers from the uncertainty of inflation and exchange 

rate over the life of the bill sold. The findings can as well help investors in their 

decisions on timing of investments and their overall investment decisions. 

7 

1.6 Organization of the Thesis 

This thesis is categorized into five main chapters; Chapter one gives the introduction 

and comprises the research background, problem statement, objectives and 

significance of the study. Chapter two is the review ofliterature. Chapter three outlines 

the methodology employed in carrying out this research. Chapter four comprises of the 

analysis and discussion of results obtained whiles chapter five consist of conclusions 

and recommendations made from the study. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.0 Introduction 

This chapter provides a review of works of other scholars' on the relationship between 

T -bills interest rates, Inflation and Exchange rates. It also gives a view on the overall 

effects of these variables on other financial securities and on an economy of a country. 

The chapter also reviews both univariate and multivariate time series techniques. 

These concepts will furnish this research with more insight into the issue under 

consideration. 

2.1 Modelling Treasury bill (T-bills) Rates and other Macroeconomic Variables 

The government borrows from the public through the issuance of securities to finance 

a greater percentage of its budget deficit. The private investors compete with the 

government for the same funds. T -bills are popular default risk free securities issued 

by the government of a country to meet their budgetary needs. Any high interest on 

some of these securities such as T -bills, attracts investors, including banks to the 

neglects of other productive sectors of the economy which are branded as high risk 

zone. According to the Annual reports (2008) on the State of Ghana's economy, there 

have been continues increased in investment in T -bills whiles treasury notes and bonds 

experienced a declines. This indicates a resulting outflow from stocks into T -bills 

which may cause price pressures and also impact stock and T -bill returns. 

8 
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Short, (1979) in a study to identify the relationship between commercial bank profit 

rates and banking concentration found that, investment in government securities had a 

significant positive relationship with the profitability of commercial banks. Rehana 

and Rizwana (1998) also found that, an increase in bank investment in government 

securities and T -bills is expected to affect the bank advances positively as it curtails 

the supply of advance in the open market. 

These studies which all relied on data on the US Treasury securities, found one 

common stochastic trend among the interest rates. Campbell and Shiller (1987) and 

Engle and Granger (1987) analysed with the I-month T -bill and the 20-year bond, 

whiles Choi and Wohar (1991) used 3-month (91-day) and 6-month (182-day) T-bill 

rates. Stock and Watson (1988) also found one common stochastic trend among three 

interest rates; the Federal funds, 9I-day and I-year Treasury bill rates. Hall et al., 

9 

There have been numerous empirical studies which have investigated the different 

theory of the term structure of interest rates. Some theories explained the empirical 

observation that yields of different maturity appear to move together over time. A 

number of authors have argued that T -bills rate move together because they are linked 

by the expectation hypothesis (EH) (Cook and Hahn, 1989; Goodfriend, 1991; Poole, 

1991; Wooford, 1999). That is, it is assumed that T -bill rate at different maturities are 

equal. Other influential empirical studies which also focused on testing the 

Expectation hypothesis (EH) of the term structure of interest rates using co-integration 

and equilibrium correction models are among others, studies by Engle and Granger 

(1987), Stock and Watson (1988), Campbell and Shiller (1987, 1991), Hall et al., 

(1992), Engsted and Tangaard (2002) and Choi and Wohar (1991). 
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(1992) used bills maturity ranging from I-month to II-month maturity. Their results 

derived using the Johansen (1988, 1991) and the Johansen and Juselius (1990) 

maximum likelihood procedure for co-integration, found co-integration between the 

interest rates, and established 10 co-integration vectors for the set of 11 rates. An 

implication of these finding is that the term or liquidity premium of T -bills are 

stationary process, and that a single non-stationary common stochastic trend underlies 

the time behavior of each rate to maturity. They argued that this common trend cannot 

be identified, and could consist of a linear combination of several non-stationary 

variables. 

Bradley and Lumpkin (1992) also found co-integration between seven Treasury 

securities for the US ranging from 3-months to 30-years in maturity using the Engle 

and Granger (1987) two-step ordinary least squares co-integration approach. Their 

findings are consistent with the notion that equilibrium exist among Treasury rates of 

different maturities. This implies that anyone rate cannot deviate from the other rates 

for long periods of time. However, the Engle and Granger (1987) procedure is not 

invariant to normalization and does not allow the testing of the number of common 

stochastic trends. 

Since T-bill rates tend to be highly correlated with one another, Zhang (1993) 

employed the Johansen (1988, 1991) and Johansen and Juselius (1990) methodology 

to examined whether there were different common stochastic trends for T -bills versus 

the longer maturity Treasury notes and bonds using the entire US Treasury maturity 

spectrum. He found one common stochastic trend within the set of 12 T -bill rates, 

consistent with the findings of Hall et al., (1992). 

10 
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The unbiased expectation hypothesis of the term structure assumes that, bonds of 

different maturities are perfect substitutes and investors are risk neutral, thus expected 

returns on these bonds are equal. Theories of the term structure have been extended to 

develop equilibrium theories of the term structure, whereby an equilibrium 

relationship between interest rates of different maturities is theorized (Brennen and 

Schwartz; 1979; Cox et al., 1985; Richard, 1978; Vasicek, 1977; Lucio and Daniel, 

2001). These studies raise the question of whether movements in the interest rate 

within the term structure, in the long-run, have a common stochastic trend which 

drives these movements, or whether each particular interest rate is determined by its 

own forcing variable as would be suggested by the segmented market hypothesis. 

Simon (1991,1994) found that, supply of particular bills affected yields on those bills 

only, but not those of adjacent bills, therefore document deviations in the bill term 

structure. 

According to the "Fisher effect," expected nominal rates of interest on financial assets 

should move one-to-one with expected inflation (Fisher, 1930). Moreover, changes in 

both short-term and long-term rates are expected to affect the discount rate in the same 

direction through their effect on the nominal risk-free rate (Mukherjee and Naka, 

1995). Therefore, interest rates are expected to be negatively related to market returns 

either through the inflationary or discount factor effect (Abugri, 2008). 

2.2 Modelling Exchange Rates and other Macroeconomic Variables 

In an open market, capital can move freely into and out of the country, such that open 

market interest rates can be closely linked to interest rates in international markets and 

11 
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also linked with inflation uncertainties in its own environ. This is because investors, in 

deciding on where to place their funds, are choosing between assets denominated in 

different currencies, this leads to a close connection between interest rates and 

exchange rates. In an open economy, existing relationship between interest rates and 

exchange rates may be stronger and more direct (Pradyumna and Bhole, 2013). 

12 

Arguably, exchange rate in an open economy could have both direct and indirect 

effects on other macroeconomic variables such as imports, exports, wages and 

inflation. For instance, exchange rate can influence inflation through increases in 

import prices of final goods and through the price of imported intermediate inputs 

(Craigwell et al., 2009). However, Meese and Rogoff (1983a, b) found that, traditional 

macroeconomic theories have failed to explain exchange rate behaviour. Frankel and 

Rose (1995) in their survey in the Handbook of International Economics put it thus; 

'There is remarkably little evidence that macroeconomic variables have consistent 

strong effects on floating exchange rates, except during extraordinary circumstances 

such as hyperinflations'. Such results indicate that no model based on such standard 

fundamentals like money supplies, real income, interest rates, inflation rates, and 

current account balances will ever succeed in explaining or predicting a high 

percentage of the variation in the exchange rate, at least at short -rerm or medium-term 

frequencies. 

Ghartey (2000) and Wint (2002) however, argued that macroeconomic fundamentals 

are the causal factors that drive the exchange rate around the period 1999 in Jamaica. 

However, after 1999 Wint's data does not support the usefulness of macroeconomic 
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fundamentals as an empirical model of exchange rate. Noer et al. (2010) also pointed 

out that, in the system of floating exchange rates, exchange rate fluctuations can have 

a strong impact on the level of prices through the aggregate demand and aggregate 

supply. They explained that, for the aggregate supply, depreciation of domestic 

currency can affect the price level directly through imported goods that domestic 

consumers pay. However, this condition occurs if the country is the recipient countries 

of international prices. The weakening of exchange rate will raise the price of inputs, 

leading to a higher cost of production. This as well lead manufacturer to increase the 

price of goods that will be paid by consumers, which causes price level aggregate in a 

country to continuously increase causing inflation (N oer et aI., 2010). 

Members of the Monetary Policy Committee (MPC) of the UK, which sets the short 

term interest rate in the UK have endorsed the principle that the exchange rate only 

matters for monetary policy as far as it has implications for the inflation forecast 

(Vickers, 1999; Bernanke and Gertler, 1999). This however has been questioned by 

researchers such as Cecchetti et al. (2000) and Wadhwani (2001). 

Several patterns of interrelationships have been visualized between the exchange rates 

and interest rates in economic literature. For example, the uncovered interest parity 

theory implies that, domestic interest rate is the sum of world interest rate and 

expected depreciation of home currency. If the world interest rate to be exogenously 

determined, the relationship between domestic interest rate and exchange rate depends 

on how expected exchange rate responds to changes in interest rates (Pradyumna and 

Bhole, 2013). Also, Dornbusch's (1988) over shooting model indicates that, expected 

exchange rate appreciates more than the spot rate that prevails before raising interest 

13 
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rates to equalize the returns on domestic assets and foreign assets. Therefore, there is a 

negative relationship between interest rate and exchange rate. 

Sargent and Wallace (1981) also found that, a high interest rate policy may lead to a 

reduction in demand for money and increase in price level, because an increase in 

interest rate implies an increase in government debt, which, in tum would be financed 

by seinorage. As a result there will be exchange rate depreciation. Furman and Stiglitz, 

(1998) examined the effect of an increase in interest rate on the exchange rate for nine 

(9) developing countries and found that, high interest rate was associated with a 

subsequent depreciation of nominal exchange rate. However, this effect was more 

pronounced in low inflation country than in high inflation country. They also showed 

that, an increase in interest rate may adversely affect the future export performance 

which would reduce foreign exchange reserves and thereby, lead to depreciation of 

currency. High interest rate policy may decrease the probability of repayment and 

increase the risk premium on domestic assets thereby reducing the profitability of 

domestic firms and increasing the borrowing costs in a post crisis situation. Therefore 

an increase in interest rate may lead to exchange rate depreciation. 

However, Drazen (2001) pointed out that, for politically stable and perfect information 

about economy's fundamentals, a temporary increase in interest rate can bring 

exchange rate stability and low inflation through signaling because it will make 

investors to believe that there will be expected exchange rate appreciation. Keminsky 

and Schumulkler (1998) examined the time series correlation between daily exchange 

rates and interest rates for Indonesia, Korea, Malaysia, the Philippines, Thailand, and 

China. They found that, the signs of these correlations were very unstable and 

14 
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concluded that interest rates in those countries must not be an exogenous variable in 

predicting exchange rates. Goldfajn and Baig (1998) also studied the linkage between 

real interest rate and real exchange rate for the Asian countries using Vector 

Autoregression (V AR) based on the impulse response function. Their results did not 

found any strong conclusion regarding the relationship between interest rate and 

exchange rate. Goldfajn and Gupta (1999) also examined 80 currency crisis episodes 

using fixed effect panel regression; they concluded that an increase in interest rate is 

associated with an appreciation of nominal exchange rate. 

2.3 Modelling Inflation Rate and other Macroeconomic Variables 

In the Annual reports (2008) on the state of Ghana's economy, it was identified that 

changes in inflation had an impact on the Treasury bill rates. For instance, in 2002, 

when inflation fell, interest rates also declined accordingly compelling financial 

institutions and the public to invest in other sectors other than in government 

securities. Banks also responded by lowering their base rate to an average of about 

35% from 50% at the beginning of 2002. The average inflation in 2000 for instance 

was 40.5% with the corresponding annual T-bill rate of 47.3%. When the average 

inflation rate reduced to 15.2% in 2002 and further to 10.9% in 2006, the 

corresponding T -bill rates also moved down from 23.68% to 9.41 % during the same 

years. As yearly average inflation further rose to 18.1% in 2008, the T-bill had also 

increased to 14.87% accordingly. 

Berument (1999) research indicated that, inflation rate influenced the 91-day T-bill 

rate by using conditional variance of inflation rate to represent risk index. His result 

15 
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showed that, inflation rate had a positive influence on the 91-day T -bill rate. Hakan 

(1999), studied the relationship between inflation risk and interest rates within the 

fisher's hypothesis framework using 91-day T -bill as proxy in the UK. He found that, 

inflation risk as well as expected inflation positively affects the interest rates for the 

UK. The Fishers Hypothesis states that, there exist a relationship between nominal 

interest rates and expected inflation (Farna, 1975; Fama and Gibbons, 1982). 

Juster and Wachtel, (1972) and Juster and Taylor, (1975) argued that if the money 

income variability does not match the variability of inflation, then the real income 

variability will be affected by inflation variability. This leads to decrease consumer 

confidence; hence there will be a positive relationship between inflation uncertainty 

and savings when consumers seek to protect themselves against inflation. On the other 

hand, Markowitz (1952) portfolio theory suggests that, risk-adverse investors must be 

compensated with higher returns for higher risk because unanticipated inflation 

decreases the real return of T -bill rate. Higher conditional variability of inflation 

creates risk on real T -bill returns. Therefore inflation should be positively correlated 

with interest rates. Fama (1975), Fama and Schwert (1977), Fama and Gibbons (1982) 

and Chan (1994) also provides empirical evidence that support the positive 

relationship between inflation expectation variability and T -bill rates under various 

grounds such as asset pricing models or term structure of interest rates. 

2.4 Review of Univariate Times Series Methods 

Time series researches started with treating it as a stochastic event. Researchers such 

as Slutsky (1927) and Yule (1927) first formulated the concept of Moving Average 
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(MA) and Autoregressive (AR) models respectively. The ideas of the AR and MA 

modelling approach was combined by Box and Jenkins (1970) into the Autoregressive 

Moving Average models (ARMA) which is based on a stationary time series. The 

ARMA model was then further extended by Box and Jenkins (1970) into non 

stationary ARMA models known as Autoregressive Integrated moving Average 

models (ARIMA) which takes into consideration time series that exhibit non 

stationary. Box and Jenkins (1970) book titled; Forecasting and Control, integrated the 

existing knowledge. In addition, Box and Jenkins developed a versatile three-stage 

iterative cycle for time series model identification, estimation, and verification known 

as the Box-Jenkins approach. The success of the Box-Jenkins methodology is founded 

on the fact that the various models can, between them, mimic the behaviour of diverse 

types of time series and do so adequately without usually requiring many parameters 

to be estimated in the final model. 

As an alternative to the univariate ARIMA methodology, Parzen (1982) proposed the 

ARARMA methodology. The key idea in this method is that a time series is 

transformed from a long-memory AR filter to a short memory filter. Makridakis et al., 

(1982) pointed that, the ARARMA models achieved the lowest MAPE for longer 

forecast horizons. Since the proposal of these time series modelling techniques, 

various researchers went into improving methods in estimating their parameters and 

added other forms of these models. For instance Box and Jenkins (1976) developed the 

non-linear least square procedure for solution of ARMA models; Quenouille (1957) 

proposed a test for both AR and MA models; the Autoregressive Conditional 

Heteroscedastic (ARCH) models was also proposed by Engle (1982) which was 
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further generalized into Generalised Autoregressive Conditional Heteroscedasticity 

(GARCH) models by Bollerslev (1986). 

-. 

An alternative semi-parametric approach to detecting the presence of a unit root in 

general time series setting was proposed by Phillips (1986, 1987) and extended Latter 

into Phillip and Perron (1988), who used the ideas of Dickey and Fuller test into the 

Philips-Perron test. Their changes on ADF test was based on the assumption of the 

residual component of no serial correlations. This Philip-Perron test allows for a wide 

class of time series with heterogeneously and serially correlated errors. Kwiatkowski 

et al., (1992) also developed a unit root test that reversed the hypotheses of the ADF 

test. 

The idea behind identifying whether many economic time series measures exhibit the 

properties of a non-stationarity process was first proposed by Dickey and Fuller 

(1979), which was in line with work by Fuller (1976). Latter, the Dickey-Fuller (DF) 

test for non-stationary time series variables was improved into the Augmented Dickey 

Fuller (ADF) test by Dickey and Fuller (1979). The debate on unit root test hypothesis 

went through renewed interest following the important findings of Nelson and Plosser 

(1982). The most important implication under the unit root hypothesis sparked by 

Nelson and Plosser (1982) is that, the random shocks have permanent effects on the 

long-run level of macroeconomics; that is the fluctuations are not transitory. 

18 

These findings of testing for unit root by Dickey and Fuller (1979) and Phillip and 

Perron (1988) were challenged by Perron (1989), who argued that in the presence of a 

one-time permanent structural break, the standard usual tests such as ADF or PP test 
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for unit root could be biased towards the non-rejection of the null hypothesis. Perron's 

(1989) key assumption is that, the break date of the trend function is fixed 

(exogenous), and chosen independently of the data. However, other researchers have 

criticised this approach, arguing that, considering the timing of the break as an 

exogenously known event invalidates the distribution theory underlying conventional 

testing (Christiano 1992; Vogelsang and Perron, 1998). In response, a number of 

studies, including Zivot and Andrews (1992), Perron (1994, 1997) and Bai and Perron 

(2003) have proposed different ways of estimating the time of the break endogenously. 

These studies showed that, bias in the usual unit root tests can be reduced by 

endogenously determining the time of structural breaks. Zivot and Andrews (1992), 

Perron and Vogelsang (1992) and Perron (1997) test allowed the date of the change in 

the series to be unknown. Zivot and Andrews (1992) endogenous structural break test 

is a sequential test which utilizes the full sample and uses a different dummy variable 

for each possible break date. 

19 

Zivot and Andrews (1992) therefore propose a testing procedure where the time of the 

break is estimated rather than assumed as an exogenous phenomenon. By 

endogenously determining the time of structural breaks, they argued that, the results of 

previously unit root hypotheses suggested by the Dickey and Fuller (1979, 1981) test 

or the Perron (1989) methodology, may be reversed. These works were extended by 

Perron and Vogelsang (1992) and Perron (1997) who proposed the Additive Outlier 

(AO) and Innovational Outlier (10) models that allows for a sudden change in mean 

(crash model) and more gradual changes respectively. Perron (1997), argued that "if 
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one can still reject the unit root hypothesis under such a scenario it must be the case it 

would be rejected under a less stringent assumption". 

These methods for testing the unit root hypothesis, which allows for the possible 

presence of the structural break, has at least two advantages; First, it prevents yielding 

a test result which is biased towards the non-rejection of the null hypothesis of non 

stationarity, as suspected by Perron (1989); Second, since this procedure can identify 

when the possible presence of structural break occurred, then it would provide 

valuable information for analyzing whether a structural break on a certain variable is 

associated with a particular government policy, economic crises, war, regime shifts or 

other factors. However, these tests only capture the single most significant break in 

each variable, raising the question of; what if there are multiple breaks in each 

individual variable? However, Perron (2005) pointed out that, they have a correct size 

asymptotically and therefore consistent whether there is a break or not. Moreover, they 

are invariant to the break parameters and thus their performance does not depend on 

the magnitude of the break. 

Lumsdaine and Papell (1997) introduce a procedure to capture two structural breaks 

by extending the Zivot and Andrews (1992) model, to contain two structural breaks 

under the alternative hypothesis of the unit root test and additionally allow for breaks 

in level and trend. Ohara (1999) utilized an approach based on sequential r-tests of 

Zivot and Andrews to examine the case on "m' breaks with unknown break dates. He 

provides evidence that, unit root tests with multiple trend breaks are necessary for both 

asymptotic theory and empirical applications. 

20 
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In the mid sixties, the selection of a best model among a set of candidate models was a 

matter of the researcher's judgment; there was no algorithm to specify a model 

uniquely. Since then, many techniques and methods have been suggested to add 

mathematical rigour to the search process of a best ARMA model, including Akaike's 

Information Criterion (AIC), Akaike's Final Prediction Error (FPE), and the Schwarz 

Bayesian Information Criterion (SBIC). These criteria minimize (in-sample) one step 

ahead forecast errors, with a penalty term for overfitting. The proposed Akaike (1973, 

1974) information criterion is an estimator of the expected Kullback Leibler 

discrepancy between the model generating the data and a fitted candidate model. AIC 

is justified in very small framework and as a result offers a crude estimator of expected 

discrepancy. One that exhibit potentially high degree of negative bias in small sample 

application was the Corrected Akaike information criteria (AICc) by Hurvich and Tsai 

(1989). AICc corrects for the bias, but is however, less applicable than the AIC since 

its justification depends upon the form the candidate model. Schwarz (1978) also 

analyzed the shortcomings of the AIC criteria, pointing out that, the AIC was not a 

consistent estimator and tends to select models with more parameters when the sample 

size increase, so he proposed the Schwarz Bayesian Information criterion (SBIC) 

which is a widely used decision rule for selecting a model out of nested alternatives. A 

desirable property of SBIC is that, it leads to the choice of the correct model with unit 

probability asymptotically. Hannan and Quinn (1979) also developed the Hannan 

Quinn information criterion (HQIC) which is closely related to the BIC and AIC 

selection criteria. 

21 
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2.5 Review of Multivariate Times Series Methods 

2.5.1 Vector Autoregressive (V AR) Models 

The V AR model stormed out in researchers' attempts to generalize univariate time 

series techniques such as ARMA models into a vector ARMA (VARMA) models. The 

characteristics of VARMA processes were first derived by Quenouille (1957), 

although software to implement them only became available in the 1980s and 1990s. 

The vector ARIMA (V ARIMA) model also came out as a multivariate generalization 

of the univariate ARIMA model. These models offered challenges to forecasters and 

policymakers since they accommodate assumptions on exogeneity and on 

contemporaneous relationships. Many other researchers studied various properties of 

these models; Riise and Tjostheim (1984) addressed the effect of parameter estimation 

on VARMA forecasts; Cholette and Lamy (1986) showed how smoothing filters can 

be built into VARMA models. With these filters they explained, irregular fluctuations 

in explanatory time series is prevented from migrating to the forecasts of the 

dependent series; Lutkepohl (1986) showed the effects of temporal aggregation and 

systematic sampling on forecasting, assuming that the disaggregated (stationary) 

variable follows a VARMA process with unknown order; Later, Bidar-kota (1998) 

considered the same problem but with the observed variables integrated rather than 

stationary. 

22 

Vector autoregressions (V ARs) models constitute a special case of the more general 

class of VARMA models. V AR models in economics were made popular by Sims 

(1980). Since the critique of Sims (1980), V AR analysis has evolved as a standard 

instrument in econometrics for analyzing multivariate time series. Because statistical 
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tests are highly used in determining interdependence and dynamic relationships 

between variables, it was evident that V ARs methodology could be enriched by 

incorporating non-statistically a priori information; hence structural V AR (SV AR) 

models evolved, that tried to bypass these shortcomings. Other researchers such as 

Dhrymes and Thomakos (1998) discussed issues regarding the identification of 

structural V ARs. In general, V AR models tend to suffer from "overfitting" with too 

many free insignificant parameters. As a result, these models can provide a poor out 

of-sample forecasts, even though within-sample fitting is good (Liu, et al., 1994; 

Simkins 1995). Instead of restricting some of the parameters in the usual way, 

Litterman (1986) imposed a prior distribution on the parameters, with the belief that 

many economic variables behave like a random walk, so proposing Bayesian V ARs 

(BV AR). The Bayesian computation results indicates that, estimates using the constant 

prior on the V AR regression coefficients and the reference prior of Berger and Yang 

(1994) on the covariance matrix dominate the constant-Jeffreys prior estimates 

commonly used in applications of V AR models in macroeconomics. 

2.5.2 Causality Analysis 

The basic idea of Granger causality can be traced back to Wiener (1956), who 

conceived the notion that, if the prediction of one time series is improved by 

incorporating the knowledge of a second time series, then the latter is said to have a 

causal influence on the first. Wiener's idea was later formalized by Granger (1969, 

1980) into the concept of Granger causality. Since its introduction in 1969, the 

simplicity, robustness, interpretability and the scalability of Granger causality to 
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multivariate time series have been acknowledged by many authors. This as well was 

been accompanied by criticism from different prospective researchers such as Spirtes 

and Scheines (2001), Pearl (2009) among others. The original Granger causality was 

based on two main principles; firstly, a cause happens prior to the effect and secondly, 

the cause makes unique changes in the effect. The first principle have been commonly 

accepted and adopted in other theories of causation such as in Causality Calculus by 

Good (1961). The second principle is more subtle and requires the unique information 

in the cause to be transferred to the effect. The criticism of Granger Causality has most 

been centered around the debate on the relationship between Granger-causality and 

true Causality. Pearl (2009) argued that, causal order defines time order, while the 

reverse is not always true. In addition, instant causality cannot be detected with 

Granger causality test, and the forward looking behavior of human beings also creates 

cases in which human action caused a predictable event to happen before the event. 

However, Geweke's (1982, 1984) decomposition of a vector autoregressive process 

led to a set of causality measures which have a spectral representation and make the 

interpretation more informative and useful by extending Granger causality to the 

frequency domain. 

24 

Often, many applications of Granger causality are on high-dimensional time series. 

These high-dimensional time series usually require significantly more observations in 

autoregression, which may not be available in most applications. As the sample size of 

a series grows high, the statistical significant tests become inefficient, leading to 

higher chance of spunous correlations. In Arnold et al., (2007), Lasso-based 
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algorithms was proposed to apply Lasso type regression to perform variable selection 

in order to obtain a sparse and robust estimate of the coefficient vectors. 

The assumption of linearity in Granger causality test significantly simplifies the task 

of testing conditional independence; however, this assumption can easily be violated 

in the real applications (Darnell and Lynne, 1990). Several approaches have been 

developed to address this issue in Granger causality; ARCH and GARCH models 

(Silvapulle and Choi, 1997; Asimakopoulos et al., 2000) and heuristic additive models 

(Chu and Glymour, 2004). These approaches could however not completely solve the 

problem since most of them still make the assumptions of non-linearity, which may 

not be easily available in real applications. 

25 

2.5.3 Co-integration Analysis and Vector Error Correction (VEC) Models 

The idea behind modelling multivariate times series variables which are not 

covariance stationary was also brought up by Engle and Granger (1987), who 

proposed the concept of co-integration and vector error correction (VEC) modelling. 

The discovery of co-integration and Error Correction Models (ECM) formulated by 

Engle and Granger (1987) started in an attempt to understand why 'peculiar' 

correlations turned up surprisingly often, including the apocryphal infamous high 

correlation between the number of storks nesting in Stockholm and the number of 

babies born there. Yule (1926) revealed the primary analytical results, showing the 

dangers inherent in regressions between non-stationary time series variables also 

called nonsense correlations. 
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Yule (1926) revealed that, any two integrated series might be significantly correlated, 

although their shocks and initial positions were not. The issue rested till the mid 

1970s, when Granger and Newbold (1974) revisited the problem of nonsense 

correlation. They showed that devices such as autocorrelation did not remove the 

problem, although investigating only the differences of the variables did. The story 

now progresses to re-introducing the role of equilibrium in non-stationary time series 

and to the formulation of the phenomenon of co-integration in economics. The develop 

concept of co-integration captures the phenomenon of a set of univariate times series 

variables which are not individual covariance stationary but moving together over 

time. 

The Engle and Granger (1987) concept of Co-integration raised various questions 

regarding the forecasting ability of error correction models (ECMs) over unrestricted 

VARs and BVARs. Shoesmith (1992, 1995), Tegene and Kuchler (1994), Wang and 

Bessler (2004) provided empirical evidence to suggest that ECMs outperform V ARs in 

levels, particularly over longer forecast horizons. Shoesmith (1995) and Villani 

(2001), also showed how Litterman's (1986) Bayesian approach can improve 

forecasting with co-integrated VARs. Testing for co-integration as proposed by Engle 

and Granger (1987) do not distinguish between the existences of one or more co 

integration vectors. Moreover, the Engle and Granger testing procedure apply 

Ordinary Least Squares (OLS) estimation to obtain parameter estimate of the co 

integrating vector (Stock, 1987). This OLS estimate will differ depending on the 

arbitrary normalization implicit in the selection of the dependent variables of the co 

integrating regression causing the results of Engle and Granger tests to differ. 

26 
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Johansen (1988) and Johansen and Juselius (1990) developed the Johansen's 

maximum likelihood procedure which examine co-integration which results in an 

estimate of the unconstraint co-integrated vectors. This approach also enables the 

testing for the number of co-integrating vectors. Unlike the Engle and Granger, the 

Johansen test procedure does not rely on an arbitrary normalization. 

2.6 Conclusion 

The chapter gave an exposure to the various techniques employed by other researchers 

in modelling relationships among time series variables. However, among the various 

methods reviewed, the Vector Autoregressive (V AR) and Co-integration with its 

equivalent Vector Error Correction (VEC) modelling techniques were employed in 

this study to model the dynamic relationship existing over time between the Ghanaian 

Treasury bills rate, inflation rate and exchange rate. This study however favours the 

Johansen (1988, 1991) and Johansen and Julius (1990) maximum likelihood (ML) 

(OLS) co-integration test over the Granger (1987) ordinary least square co-integration 

test because, the Johansen's approach enables us to determine the number of co 

integrating vectors (equations) that describe the long run equilibrium relationship 

between the variables. Also, the Johansen approach uses maximum likelihood 

estimation which does not depend on an arbitrary normalization. 

27 
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CHAPTER THREE 

METHODOLOGY 

3.0 Introduction 

This chapter focuses on the source of the data collected for the research and the 

various statistical techniques employed in analysing the data in order to meet the set 

objectives. It looks at both univariate and multivariate time series modelling 

techniques and diagnostics checking of estimated models. 

28 

3.1 Data and Source 

This study used secondary data on the monthly 91-day T -bill rate, 182-day T -bill rate, 

inflation rate and exchange rate from January, 2000 to October, 2012 obtained from 

the Bank of Ghana (BoG) database. The data for this research was analyzed with the 

R, Gretle, STAT A, and Minitab statistical packages. 

3.2 Trend Analysis 

The trend of a series reflects the long term growth or decline of the time series over 

time. A time series variable may exhibit different type of trends; the linear, quadratic, 

linear constant growth and quadratic constant growth trend models among others. 

This study estimated these four different trend models for the individual rates, from 

which the best model for each rate was selected. 
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A time trend in a time series is a linear function of time t, if the model is given by; 

R, = ao + al t + Ut 

If the series exhibit quadratic trends, the model given as; 

(3.1) 

R, = ao + alt + aztZ + Ut 

If the trend has a constant growth form, the model is given as; 

(3.2) 

(3.3) 

and for a quadratic constant growth, the logarithmic form of the model is given as; 

(3.4) 

where R, is the actual value at time t, t = 1, ... , T, u, is the error term and ao, 

ai, az are the regression coefficients of regression of the actual values on time. 

3.3 Unit Root Test 

In empirical analysis using time series data, it is essential to establish the presence or 

absence of unit root in the series being studied. The presence or absence of unit roots 

helps to identify the nature of the processes that generates the time series data and to 

investigate the order of integration of a series. This is because, contemporary 

econometrics has indicated that, regression analysis using non-stationary time series 

variables produce spurious regression since standard results of OLS do not hold. A 

variable is said to be covariance or weakly stationary if the first two moments of the 

series; the mean and the autocovariance are finite and are time invariant. Thus, 
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E(rt) = E(rt-a = J1 which is a constant and covir., rt-l) = Yl which depends only 

on the lag I but not on time, t. 

If there exist no unit root, the time series fluctuates around a constant long-run mean 

with finite variance which does not depend on time. There are several proposed 

quantitative methods of testing for stationarity of a time series variable. This study 

however employed three quantitative methods in addition to the time series plots, 

Autocorrelation functions (ACF) and Partial Autocorrelation functions (P ACF) 

graphical approaches. In graphical form, a time series plot which do not show mean 

reversion gives an indication that the levels of the series are non-stationary. Also a 

slow decaying ACF plots also gives an indication of non-stationarity of a time series. 

The quantitative methods used in this research are; the Augmented Dickey-Fuller 

(ADF) test, the Phillips-Perron (PP) test and the Zivot-Andrews (ZA) test. 

3.3.1 Augmented Dickey Fuller (ADF) Unit Root Test 

This study employed the Augmented Dickey-Fuller (ADF) test to determine whether 

the individual rates contained a unit root (non-stationary) or were covariance 

stationary. The ADF test proposed by Dickey and Fuller (1979) is an upgraded form of 

the Dickey-Fuller (DF) test. This test is based on the assumption that the series follow 

a random walk with model; 

(3.5) 

and tests the hypothesis: 

Ho: cP = 1 (Non - stationary) against 
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HI: cP < l(Stationary) 

where cP is the characteristic root of an AR polynomial and u, is an uncorrelated 

white noise series with zero mean and constant variance (J2. When CPI = 1, equation 

(3.5) does not satisfy the weakly stationary condition of an AR (1) model hence the 

series becomes a random walk model known as a unit root non-stationary time series. 

Subtracting rt-I from both sides of equation (3.5) we have 

t = (1, ..... , T) (3.6) 

where <p = cP - 1, and llRt = rt - rt-I' For estimating the existence of unit roots 

using equation (3.6), we test hypothesis Ho: <P = 0 against HI : <P '* O. Under Ho, if 

<P = 0, then cP = 1, thus the series has a unit root hence is non-stationary. The 

rejection or otherwise of the null hypothesis, Ho is based on the t-statistic critical 

values of the Dickey Fuller statistic. The Dickey Fuller test assumes that the error 

terms are serially uncorrelated, however, the errors terms of the Dickey Fuller test do 

show evidence of serial correlation. Therefore, the proposed ADF test includes the 

lags of the first difference series in the regression equation to make ut a white noise. 

The Dickey and Fuller's (1979) new regression equation is given by; 

t = (1, ..... , T) (3.8) 

t = (1, ..... , T) (3.7) 

If the intercept and time trend (f3 + at) are included, then equation (3.7) is written as; 
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where {3 is an intercept, a defines the coefficient of the time trend factor, L} =1 Yj flrt_j 

defines the sum of the lagged values of the response variable flRt and p is the order of 

the autoregressive process. If <p of the Augmented Dickey Fuller model is zero (0), 

then there exist a unit root in the time series variable considered, hence the series is not 

covariance stationary. The choice of the starting augmentation order depends on the 

periodicity of the data, the significance of Yi estimates and the white noise residuals 

series u.. The ADF test statistic is given by; 

(3.9) 

where (/J is the estimate of <p and SE((/J) is the standard error of the least square 

estimate of (/J. The null hypothesis (Ho) is rejected if, the p - value < 

a (significance level). If the series is not stationary, it is transformed by differencing 

to make it stationary and stationarity tested again. If the time series is not stationary 

but its first difference is stationary, then the series is said to be an integrated process of 

order one (1) or simply an I(I) process. 
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3.3.2 Phillip-Perron (Phillip and Perron, 1988) Unit Root Test 

Although the Augmented Dickey-Fuller test includes lags of the first difference of the 

variable to correct for serial correlation of the residual term, the problem of conditional 

heteroscedasticity in the residuals may still create a problem. Phillips (1987) therefore 

proposed an approach that corrects the original ADF unit root test to allow for a wide 

class of time series with heterogeneously and serially correlated errors. The Phillips 
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and Perron (1988) semi-parametric approach for testing for the presence of unit root is 

an extension of the Phillips (1987) approach which corrects for any serial correlation 

and heteroscedasticity in the residual error term, UtJ non-parametrically. The test is 

therefore viewed as a Dickey-Fuller test that have been made robust to serial 

correlation and conditional heteroscedasticity by using the Newey and West (1987) 

(3.12) 

heteroscedasticity and autocorrelation consistent covariance matrix estimator. The PP 

statistics test the pair of hypothesis; 

Ho: unit root against 

Hl : stationary about determinstic trend 

The PP test involves estimating the model; 

(3.10) 

When we exclude the constant f3 and include a time trend t, the model is given as; 

( 3.11) 

The PP test consists of two (2) statistics known as Phillips Zp and Z; tests given as; 

Z = !i-o.n x Pn-l_1j (X2 _ ~ v= 
r :F 0' 2 n YO,n X s n n n 

(3.13) 
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whenj=O, then Yj,n is a maximum likelihood estimate of 

the variance of the error terms, whiles for j > 0, Yj .n is an estimate of the covariance 

between two error terms j periods apart. 
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x~ = YO.n + 22:1=1 (1 - q~)Yj.n' if there is no autocorrelation between the error 

terms, Yj.n = ° for j > 0, then X~ = YO.n- Replacing, X~ as YO.n in Z" it reduces to; 

Z, = PJ,_-l, which is a t-statistic in the standard Dickey-Fuller (OF) equation. Hence if 
(J 

there is no autocorrelation between the error terms, the PP test is equal to the OF 

statistic with constant and time trend. 

Also, when the covariance are equal, then X~ = Yo n, the error terms have the constant 

variance property (Homoscedastic), therefore Zp = n(Pn - 1) is the same as the OF 

test. 

s~ = -l-2:i=l fl,[ is an ordinary least square (OLS) unbiased estimator of the variance n+k 

of the residual error terms, where Ui is the OLS residual, k is the number of covariates 

in the regression, q is the number of Newey-West lags to use in the calculation of 

x~ and {j is the OLS standard error of p. 

3.3.3 Zivot-Andrew (ZA) Unit Root Test 

The ADF and PP test discussed above have the weakness of not detecting the presence 

of structural breaks in the time series. Structural breaks are common signs in many 

economic times series variables. If structural changes are not allowed for in the 

specification of an economic model, but are, infact present, the results may be bias 

towards the erroneous non-rejection of the non-stationarity hypothesis (Perron, 1989; 

Perron, 1997; Leybourne and Newbold, 2004). In macroeconomic time series, data 
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must be robustly addressed in order to ensure non-spurious results of the unit root tests 

of such data. Zivot and Andrews (1992) therefore proposed a test procedure of unit 

roots that detects a single-term structural break point endogenously in the data such 

that, the bias in the usual unit root test such as ADF and PP test can be reduced. This 

study used the proposed ZA test to check whether or not the rates studied were 

(3.14) 

covariance stationary in the presence of any structural changes. The ZA statistics test 

the hypothesis; 

Ho: unit root with structural break 

HI : broken trend stationary process 

The model endogenises one structural break in the series; 

as follows; 

(3.15) 

Equation (3.15) is referred to as model C by ZA and accommodates the possibility of a 

change in the intercept as well as a trend break. Tb is the time of break, DUt is a 

sustained dummy variable capturing a shift in the intercept and DTt represents another 

dummy variable representing a break in the trend occurring at time Tb. 

h {DUt = 1, if t > r, d were an o otherwords {DTt = t - Tb' if t > r, o otherwords / . 

Ho is rejected if the y is statistically significant. The optimal lag is determined by the 

AlC, SBlC or (-test. Tb is chosen to minimized the one-sided t-statistic of y = 0 in 
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equation (3.14) and (3.15). Thus a break point is selected where the t-statistic from the 

ADF test of unit roots is minimal. 

3.4 Multivariate Time Series Methods 

In dealing with economic variables, often the value of one time series variable is not 

related to only it past values in time but in addition, it depends on past values of other 

time series variables. Multivariate time series techniques are used in situations where a 

given time series variable depends on its own past values and also on the past values 

of other variables. Multivariate time series techniques can also be used when one 

wants to model and explain the interactions and co-movements among a group of time 

series variables. The primary models in multivariate time series analysis are the vector 

autoregression (VAR) and the co-integrating V AR (vector error correction (VEC) 

model). 

3.4.1 Vector Autoregressive (V AR) Modelling 

A vector autoregression (V AR) model is a mechanism that is used to link multiple 

stationary time series variables together and it is an extension of the univariate 

autoregression (AR) model to dynamic multiple time series. The V AR model is useful 

for describing the dynamic behaviour and relationship between economic and financial 

time series, for forecasting the series and for structural analysis. The V AR model fits a 

time series regression of each dependent variable on its lag values and on the lag 

values of other dependent variables considered. Forecast from VAR models are quite 

flexible because they can be made conditional on the potential future paths of specified 
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time series variables in the model. If the variables are not individually covariance 

stationary, a growth rate can be taken which stabilizes the mean and variance of the 

series and a V AR model then fitted to the transformed series; 

growth rate = (lnrt - In rt-l) x 100 (3.16) 

where rt and rt-l are the rate at time t and time t - 1. 

A VAR process consists of a set of k - endogenous time senes variables R, = 

(rltl r2tl .. ··, rkt)' for k = 1, ... "'1 K. A VAR model of order p denoted as VAR (p) is 

given by; 

(3.17) 

where R, = (rlt/ .... , rkt)' is a (k x 1) random vector of the rates, Ail i = 1, ... "'1 pis 

a fixed (K x K) parameter (coefficient) matrices, V = (V11 ..... , Vk)' is a fixed 

(K x 1) vector of intercept allowing for the possibility of a zero mean and ut = 

(Ult I •••• I Ukt )' is a K +dimensional white noise series or innovation process with time 

invariant positive definite covariance matrix and zero mean. It is assumed that Ut has a 

multivariate normal distribution. 

3.4.2 Co-integration Test 

The concept of co-integration came to being through works by Granger (1981), Engle 

and Granger (1987), Johansen (1988) and Johansen and Juselius (1990) after many 

researchers provided analytical results, showing the dangers inherent in regressions 

between non-stationary time series variables. Co-integration is often applied in 
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instances where the levels of the times series variables measured contain a unit root 

(not covariance stationary) but their first differencing, or more, are stationary. 

Existence of co-integration implies existence of long-run equilibrium relationship 

between a set of time series variables. This indicates that the set of variables move 

together over time and are being driven by a common stochastic trend. Co-integration 

can either be linear or non-linear. This study employed the Johansen's (1988) and 

Johansen and Juselius (1990) maximum likelihood co-integration concept to determine 

if there exist a long run equilibrium relationship between the time series variables 

considered; 91-day T-bills rate, 182-day T-bill rate, inflation rate and the exchange 

rate. 

(3.18) 

! 

A (k x 1 )time series vector R t = (Tlt 1 •••••• 1 Tkt ) I, each of an I (1) process are said to 

be co-integrated if there exist a (k x l)vector Pi such that P'Rt is a trend stationary 

vector (/(0)); thus, R, is said be co-integrated of order (1, 0) with co-integrating 

vector p. The parameters in P are the parameters in the co-integrating equation. If 

there exist y of such linearly independent vectors Pi i = 1, ... , y, then R, is said to be 

co-integrated with co-integrating rank y. Mathematically, a set of time series variables 

R, are co-integrated if there exists a (k x 1) vector P = (Pll ..... , Pk)' such that; 
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If some elements of P are equal to zero, then only the subset of the time series in R, 

with non-zero coefficients are co-integrated. The linear combination p'Rt is often 

called the long-run equilibrium relationship. The implication is that 1(1) time series 

variables with a long-run equilibrium relationship cannot drift too far apart from the 
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equilibrium because economic forces will act to restore the equilibrium relationship. If 

the (k x 1) vector R, is co-integrated, there may be 0 < y < k linearly independent 

co-integrating vectors with k - y non-stationary (I (1)) common stochastic trends. Co- 

L1 "n=l L1 R, = L..j=l Trj Tt-j + TrTt-n + ut (3.19) 

integration analysis uses the first difference in the V AR (P) process given by; 

where R, is lag length k (p x 1) endogenous vector, Trj is a short term adjusting 

coefficient to describe short-term relationship, tt is long term shock vector that 

includes long term information hint in the regression to test those time series variables' 

whether there exist long term equilibrium relationship or not. 

To examine the vector rank that tests how many non-zero characteristic roots exist in 

the vector, we use the trace statistic test given as; 
! 

(3.20) 

where Xi is the estimated characteristic root. It tests the hypothesis; 

Ho : rank (rr) :::; y (at most y integrated vector) against 

HI: rank (rr) > y (at least y + 1 integrated vector) 

If the test fails to reject Ho , then the time series variables have at most yeo-integrated 

vectors. Johansen's testing starts with the test for zero co-integrating equations (a 

matrix of zero ranks) and then accepts the first null hypothesis that is not rejected, 
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which means variables have y co-integrated vectors. We fail to reject Ho if the trace 

statistic is less than the critical value. 
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3.4.3 Vector Error Correction (VEC) Modelling 

Having determined that there exist co-integration between a given set of time series 

variables, we then estimate the Vector Error Correction (VEC) model for describing 

the short run relationship between the co-integrating time series variables. The VEC 

model also determines the equilibrium correction mechanisms that governs this 

relationship when short-run disequilibrium are smoothen out to bring the variables 

v = all + Y (3.23) 

back to their long run path. Using Granger representation, a V AR (P) model can be 

rewritten as aVEC (P) model as; 

(3.21) 

v and Ut in the VEC(P) model is identical to that in the V AR (P) model. If X has a 

! reduce rank 0 < y < k, it can be expressed as X = ap', where a and ~ are both 

(y x k) matrices of rank y. Allowing for a constant and a linear trend and assuming 

that there are y co-integrating relations, we can rewrite the VEC (P) model in (3.21) as; 

(3.22) 

where D is a (k x 1) vector of parameters, a is the equilibrium correction mechanism 

and p' is the co-integrating vector. Because (3.22) models the differences of the data, 

the constant implies a linear time trend in the levels, and the time trend Dt implies a 

quadratic time trend in the levels of the data. Because a is a (k x y) rank matrix, we 

can rewrite the deterministic components in (3.22) as; 
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St = apt + Pt (3.24) 

where fJ, and pare (y x I) vectors of parameters, and Y and Pare (k x i) vectors of 

parameters. Yis orthogonal to au and P is orthogonal to a [3; that is, Y' all= ° and 
p' ap = 0, allowing us to rewrite (3.27) as; 

( , ) "p-l b.Rt = a f3 rt-l + u + pt + L...i=l T, b.rt-i + Y + Pt + u, (3.25) 

For equation (3.25) with an unrestricted trend, there are quadratic trends in the levels 

of the variables and that the co-integrating equations are trend stationary. For a 

restricted trend, we assume that the trends in the levels of the data are linear but not 

quadratic. With an unrestricted constant, we restrict the co-integrating equations to be 

stationary around constant means. For a restricted constant, there are no linear time 

trends in the levels of the data. 

3.4.4 Lag Order Selection 

In fitting a V AR (P) or VEC (P) model, one important step is the determination of the 

optimal lag of the V AR or VEC process. Lag order determinations enable us to ensure 

that the model chosen will reflect the observed process as precisely as possible with a 

small error term. In this study, we consider three lag order selection methods which 

differ by the severity of the penalty imposed for parameter profligacy and hence in the 

parsimony of the model selected. This study used the Akaike Information Criterion 

(Akaike, 1974), the Schwarz Bayesian Information Criterion (Schwarz, 1978) and the 

Hannan-Quinn Information Criterion (Hanan and Quinn, 1979) to determine the 

optimum lag order for the co-integration test and in fitting the V AR (P) and VEC (P) 
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model that describe the relationship between the set of time series variables. These 

criteria are given by; 

Ale = lnILu(p)1 + ~pK2 

HQIC = lnILu(p)1 + 21n {~n(T)} pK2 

(3.26) 

(3.27) 

(3.28) 

! 

where T denotes the number of observations in the data, p assigns the lag order, 

Lu (p) = r-I Lf=l u;-tL; is the residual covariance matrix without a degree of freedom 

corrected from the model and K is the number of parameters in the statistical model. 

For all the criteria, p is chosen so that the value of the criterion is minimized. The first 

part of these criteria measures the goodness of fit of the statistical model to the data 

whiles the second part is the penalty term of the criteria which penalizes a candidate 

model for the number of parameters used. Based on this penalty term, the SBIC and 

HQIC are consistent estimators and turns to select models with fewer parameters when 

the sample size is large than does the AIC. The lag order with the least values of these 

criteria is the optimum number of lags to be used. 

3.4.5 Stability Condition of a V ARNEC (P) Model 

Statistical inference using a V ARIVEC (P) model depends crucially on the stability of 

the model parameters over time. Given sufficient starting values, a stable V ARIVEC 

(P) process generates stationary time series with time invariant means, variances and 
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covanance structure. The stability is determined by evaluating the reverse 

characteristic polynomial equation of the VAR (P) model given as; 

(3.29) 

The VARIVEC (P) process is stable if the reverse characteristic polynomial has no 

root in and on the complex unit circle (thus the process is stable if [z] > 1 (Lutkepohl, 

2005)). If the solution of the reverse characteristic polynomial has a root z = 1, then 

either some or all the variables in the V ARIVEC (p) process are integrated of order 

one (1(1 )). In practice, if the eigenvalues of the parameter matrix, Ai are less than one 

(1) in modulus, then the VARIVEC (p) is stable (which is lAd < 1 in univariate case). 

The stability of the VARIVEC (P) model enables us to write the VARIVEC (P) 

process as an invertible moving average process from which further inference such as 

Impulse Response Analysis can be made. The companion matrix of the VEC (P) 

process with k-endogenous variables and y co-integrating vectors (equations) has 

k - y unit eigenvalues; the process is stable if the moduli of the remaining eigenvalues 

are strictly less than one (1). 

3.5 Model Diagnostics 

To use the fitted models for statistical inference, it is essential to diagnose the model to 

determine whether the model best fit the series. This involves checking whether or not 

the residuals of the model fitted are white noise series; thus whether they are free from 

serial correlation and conditional heteroscedasticity. This study employed both 

univariate and multivariate model diagnostics techniques such as the univariate and 
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multivariate Ljung-Box, the univariate and multivariate ARCH-LM as well as the 

CUSUM tests model diagnostics techniques. 

3.5.1 Univariate Ljung-Box Test 

The study employed the univariate Ljung and Box (1978) test to test jointly whether or 

not several autocorrelations (r[ ) of the residuals of the individual VAR (P) or VEC (P) 

models fitted were zero. It is based on the assumption that the residuals contain no 

serial correlation (no autocorrelation) up to a given lag m. The univariate Ljung-Box 

statistic is given by: 

2 

Q(m) = T(T + 2) L~l ;~[ (3.30) 

where r[ represents the residual sample autocorrelation at lag I, T is the size of the 

series, m is the number of time lags included in the test. Q(m) has an approximately 

chi-square distribution with m degrees of freedom. We fail to reject Ho and conclude 

at a-level of significance that, the residuals are free from serial correlation when 

the p -value is greater than the significance level. 

3.5.2 Univariate ARCH-LM Test 

F or a fitted model to adequately fit a series, the variance of the models' residuals must 

be constant over time. The univariate ARCH-LM test proposed by Engle (1982) was 

used in this research to check for the presence or absence of conditional 

heteroscedasticity in the residuals of the individual equations of the model fitted. If 

there exist no ARCH-effect, it implies that the residuals of the model are 
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homoscedastic and have constant variance. This statistic uses the linear regression

model;

(3.31)

t=m+l, ..... ,T

where e, is the error term, T is the sample size and m is a positive integer. The

ARCH-LM statistic tests the hypothesis that;

Ho: al am = 0 (no ARCH - effect) against

Ho: al =I=- ••• =I=- am =I=- 0 (ARCH - effect exist)

The ARCH-LM test statistic is calculated as;

(3.32)

where R2 is the coefficient of determination for the auxiliary regression. The decision

rule is to reject Ho and conclude that there is conditional heteroscedasticity (ARCH-

effect) in the residuals of the model if LM > X2 (m), or if the p - value < a, where

m is the lag order of ARCH-effect and a is the significance level chosen.

3.5.3 Multivariate Ljung-Box Test

In addition to testing for the accuracy of the individual equations of the fitted model, it

is important to test for the accuracy of the overall VAR/VEC (P) process. This

research therefore employed the multivariate Ljung-Box test to check for the presence

or absence of serial correlation among the residuals of the overall VARIVEC (P)

model. The test is design to test the hypothesis;
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Ho: Rm = (RI' ..... Rm) = 0 (no serial correlation) against 

HI: Rm =1= 0 (there exist serial correlation in the residuals) 

The multivariate Ljung-Box test is given by; 

(3.33) 

where ci = liT Lf=i+1 Ut U~-i' If T ~ infinity, then T2(T~i)-1 ~ 1. For large T and m, 

Qm -X2(k2(h - p)). We fail to reject Hoand conclude that there is no serial 

correlation in the residuals of the model when Qm < X2 (k2 (h - p)) or the p-value of 

the statistic is greater than the chosen a-level. 

3.5.4 Multivariate ARCH-LM Test 

The multivariate ARCH-LM test was also used to test for conditional 

heteroscedasticity on the residuals of the overall V ARIVEC (P) model. The 

multivariate ARCH-LM test is based on the regression model below; 

where et assigns a spherical error process, vech is the column-stacking operator for 

symmetric matrices that stacks the columns from the main diagonal on downward. 

ao is liz k(k + l)-dimension and aj's are 1/2 k(k + 1) x liz k(k + 1) coefficient 

matrices U = 1, .... , p). The multivariate ARCH-LM statistic tests the pair of 

hypothesis; 

Ho = al = ... = ap = 0 (No ARCH-effect) against 
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HI = al =1= 0 or ... or ap =1= 0 (ARCH-Effect exist) 

If all the aj matrices are zero, there is no ARCH effect in the residuals of the model. 

The LM statistic can be determined by replacing all unknown ut's by estimated 

residuals from a V ARIVEC (P) model and estimating the parameters in the resulting 

auxiliary model by OLS. Denoting the residuals covariance matrix estimator by Lvech 

and the corresponding matrix obtained for q = 0 by £01, the ARCH-LM statistic is 

LMARCH (p) = 1/2 TK(K + 1) - Ttr(Lvech £(1) (3.35) 

given as; 

Th .. h . 2 (PK2(K+1)2) d' ibuti h . hid f e statistic as asymptotic X 4 istn ution, were p IS t e ag or er 0 

the process, k is the number of parameters and T is the size of the series. 

3.5.5 Cumulative Sum (CUSUM) Test 

The cumulative sum test by Brown et al., (1975) was used to test for stability of the 

fitted model over time. The focus of this test is the maximal excursion (from zero) of 

the random walk defined by the cumulative sum of adjusted (-1, + 1) digits in the 

sequence. The purpose of the test is to determine whether the cumulative sum of the 

~(T) 

CUSUMrp = L:i=k+1 q; 
q 

(3.36) 

partial sequences occurring in the tested sequence is too large or too small relative to 

the expected behavior of that cumulative sum for random sequences. The test statistic 

is defined as; 
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where iit) are the recursive residuals and {iq is the standard error of the regression 

fitted to all T sample points and cp = K + 1, ... , T. For a structural unstable (random) 

model, the CUSUM wanders off too far from the zero line. A test with a significance 

level of 5% is obtained by rejecting stability if CUSUMT crosses the lines 

±0.948['-"T - K + 2(cp - K)/,-"r - K] (Ploberger et al., 1989). The CUSUM test is 

designed basically to detect a non-zero mean of the recursive residuals due to shift in 

the model parameters. 

3.6 Granger Causality Test 

The idea behind Granger causality is that, if a time series variable x affects another z, 

then, x should help improve the prediction of variable z. A stationary time series 

variable Xt is Granger causal for another stationary time series variable Zt, if past 

values of xt have additional power in predicting Zt after controlling for past values of 

z, (Gelper and Croux, 2007). If the innovation to z, and the innovation to Xt are 

correlated, then there exist instantaneous causality. Causality may be classified as 

unidirectional, bilateral or independent (Gujurati, 2003). Mathematically, the process 

Xt is said to Granger cause z, if; 

where flt is the information set containing all the relevant information in the universe 
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available up to including t. z, (hi flt) is the optimal h -step forecast of the process Zt 

at origin t base on the information in flt. Lz( hi flt) is the forecast Mean Square Error 

(MSE) and (flt\ {xsi s ~ tD is the set containing all relevant information in the 
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universe except the information of past and present values of the Xt process. This 

implies that, with respect to Xt, the variance of the optimal linear predictor of Zt+h 

based on x, is smaller than the variance of the optimal linear predictor of Zt+h based 

on Zt.' Zt-l1 ..... alone (Lukepohl, 2005). 

:. 

3.7 Impulse Response Function (IRF) Analysis 

The Granger and Instantaneous causality tests introduced are quite useful to infer 

whether a time series variable helps predict another one. However, these analyses fall 

short of quantifying the impact of the impulse time series variable on the response 

variable over time. The impulse response analysis is used to investigate these kinds of 

dynamic interactions between the endogenous time series variables and is based upon 

the Wold's moving average representation of a VAR (P) process. IRF enables us to 

determine the response of one time series variable to an impulse or a shock in another 

time series variable in the system that involves a number of further variables as well. If 

there is a reaction of one time series variable to an impulse in another variable, then 

the latter is causal for the former. However, the effect of a unit shock in any of the 

variables dies away quite rapidly due to stability of the system. The Wold 

representation is based on the orthogonal errors llt given by; 

(3.38) 

where eo is a lower triangular matrix. The impulse responses to the orthogonal shocks 

Tljt are; 
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aRU+s = ~ = B~· 2 k lJ i,j=l" ... , ,s>o 
aT/j,t aT/j,t-s 

(3.39) 

where Bij is the (i,j)th element of Bo. For k variables there are k2 possible IRF. 

3.8 Forecast Error Variance Decomposition (FEVD) Analysis 

The forecast error variance decomposition tells us the proportion of the movements in 

a sequenced due to its "own" shocks versus shocks to the other variable. The FEVD 

was used in this research to determine the contribution of the /h variable to the h-step 

forecast error variance of the ithvariable. If the /h variable shocks explain none of 

the forecast error variance of the ithvariable at all forecast horizons, then the 

ithsequence is exogenous. Also, if the /h variable shocks could explain all of the 

forecast error variance in the ith sequence at all forecast horizons, then the ith variable 

would be entirely endogenous. The FEVD is given as; 

(3.40) 

where (J~j is the variance of TJjt. A V AR (P) process with k variables will have k2 

FEVDi•j (h) values. 

3.9 Cross Validation ofVARNEC (P) Model 

The best model for further inference was cross validated with an out-sample forecast 

from January, 2012 to October, 2012. This involved the use of the Chi-square 

goodness of fit test. The Chi-square goodness of fit test is a statistical technique for 
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comparing observed data with expected or predicted data according to a specified 

hypothesis. The chi-square statistic is given as; 

X 2 _ ~k co, - 0)2/ 
- ~j=l £. 

J 
(3.41) 

with k-J degrees of freedom, where OJ is the observed rate and S is the expected rate 

and k is the number of rows in the forecasted data (sample size). 

3.10 Conclusion 

This chapter gave a detailed account of the statistical techniques employed in this 

study for analysing the data in order to achieve the set objectives . 

.:. 
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CHAPTER FOUR

ANALYSIS AND DISCUSSION OF RESULTS

4.0 Introduction

This chapter presents, analyses, interprets and discuses the results of the study. It

consists of preliminary analysis, further analysis and discussion of the results obtained.

4.1 Preliminary Analysis

This section presents and explains the descriptive statistics of the 91-day T-bill rate,

182-day T-bill rate, Inflation rate and exchange rate. From Table 4.1, it is evident that,

for the entire time period of the study, the 91-day T-bill rate has a larger variability

than the 182-day T-bill rate, the inflation rate and the exchange rate as measured by

their coefficient of variations (CV (%) of 50.21,48.00,49.29 and 32.08 respectively).

Generally, the 91-day T-bill rate, the 182-day Treasury bill rate and the exchange rate

have negative excess kurtosis of -0.19, -0.22 and -0.38 respectively, for the study

period, which indicates that these series were platykurtic in nature. The inflation rate

series however had a positive excess kurtosis of 0.68 indicating a leptokurtic series.

All the four rates for the study period were positively skewed. The Kolmorov-Smimov

test for normality revealed that, the four rates were not normally distributed, since a

significant test statistic was obtained at the 5% significance level.
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The time series plot in Figure 4.1 revealed that, the exchange rate has a continuous 

Table 4.1: Descril!tive Statistics of Rates 
Variable 

91-day T- 182-day T- Inflation Exchange 
Statistic bill bill Rate Rate 
Mean 20.971 21.693 17.491 1.060 
Std. Dev. 10.530 10.410 8.620 0.340 
CV(%) 50.212 48.000 49.290 32.080 
Minimum 9.140 9.850 6.340 0.360 
Maximum 47.011 48.450 41.900 1.890 
Skewness 0.860 0.800 1.220 0.660 
Kurtosis -0.910 -0.220 0.680 -0.380 
Kolmogorov-Smimov test 0.140 0.140 0.170 0.240 
Probability <0.010** <0.010** <0.010** <0.010** 
Number of data Qoints 154 154 154 154 
** denotes that Ho of normality was rejected at the 5% significance level. 

increasing trend while the 91-day T-bill, 182-day T-bill and inflation rates fluctuated 

with time. 

! 
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Figure 4.1: Time series plots of the Undifferenced Rates Series 
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4.2 Trend Analysis 

The nature of trend characterising the rates over time was investigated by assessing the 

Linear, Quadratic, Log-linear and Log-quadratic time trend model. The results, as 

shown in Table 4.2, indicates that, the 91-day T -bill, 182-day T -bill and inflation rates 

were best modelled by a log-quadratic time trend; since this trend model specification 

had the least AIC, SBIC and HQIC values as well as the maximum adjusted R-square 

value. The best trend for the exchange rate was however the log-linear model; since 

good. 

Table 4.2: Trend Anal~sis of the Rates 
Model R~diusted AIC SBIC HQIC 
91-day T-bill rate 
Linear 0.434 1076.416 1082.489 1078.883 
Quadratic 0.660 997.612 1006.802 1001.392 
Log-Linear 0.390 142.420 148.490 144.888 
Log-quadratic 0.663* 86.744* 95.855* 90.445* 
182-day T -bill rate 
Linear 0.399 1082.293 1088.367 1084.760 
Quadratic 0.570 1028.184 1037.294 1031.884 
Log-Linear 0.368 136.632 142.706 139.099 
Log-quadratic 0.581* 94.984* 104.096* 98.686* 
Inflation rate 
Linear 0.460 1007.614 1013.688 1010.081 
Quadratic 0.469 1006.106 1015.217 1009.807 
Log-Linear 0.533 74.303* 85.477 80.771 
Log -quadratic 0.534* 76.299 85.410* 80.009* 
Exchange rate 
Linear 0.874 -208.238 -202.164 -205.771 
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the log-linear model had the least values of AIC, SBIC and HQIC indicating a linear 

exponential growth in the exchange rate series. The adjusted R-square values for the 

best models was about 66% for the 91-day T-bill rate; about 58% for the 182-day T- 

bill rate; 53% for inflation rate and 89% for exchange rate; thus the trend models 

fitted accounts for a larger portion of the variation in the rates, hence they models are 
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Quadratic 
Log-Linear 
Log-quadratic 

0.922 
0.890* 
0.890 

-244.529 
-281.529* 
-245.864 

-238.418 
-272.418* 
-236.754 

-241.974 
-277.821 * 
-242.164 

*Means best model selected by information criteria 

The parameters of the best trend model for each rate were estimated as shown in Table 

4.3. It is seen that, the parameters of the individual trend models were significant at the 

91-day T-bill rate; In 91day = 3.939 - 0.027t + 0.00lt2 (4.1) 

18-day T -bill rate; In 182day = 3.887 - 0.023t + 0.00lt2 (4.2) 

Inflation rate; In Inflation = 3.323 - 0.007 - 8.994t2 (4.3) 

Exchange rate; In Exchange = -0.531 + 0.007t (4.4) 

5% significance level; thus these time parameters significantly account for variation in 

each dependent variable considered. 

Table 4.3: Estimated Parameters of the Best Trend Models for the Rates 
Model Coefficient Std. Error z-ratio p-value 
91-day T-bill rate 
Constant 3.929 0.078 50.639 <0.000** 
Time (t) -0.027 0.002 -10.989 <0.000** 
Time -squared (t2) 0.001 0.000 8.285 <0.000** 
182-day T -bill rate 
Constant 3.887 0.080 48.653 <0.000** 
Time (t) -0.023 0.001 -9.522 <0.000** 
Time squared (t2) 0.001 0.000 7.034 <0.000** 
Inflation rate 

: Constant 3.323 0.075 44.194 <0.000** 
Time (t) -0.007 0.002 -3.222 <0.000** 
Time squared (t2) -8.994 0.000 -0.064 0.043** 
Exchange rate 
Constant -0.531 0.018 -30.149 <0.000** 
Time (t) 0.007 0.002 34.883 <0.000** 
**Means significant at 5% significance level. 

Thus, the estimated trend models of the rates are given as; 
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4.3 Further Analysis 

The further analysis involved investigating the dynamic interrelationship between the 

four rates measured over time. This relationship was investigated by fitting two main 

multivariate time series modes; the co-integration with its equivalent Vector Error 

Correction (VEC) model and the Vector Autoregressive (VAR) model. A total of 144 

data points were used in fitting the models whiles the remaining 10 data points were 

used for cross validation of the best model fitted. 

4.3.1 Unit Root Test on Levels of the Series 

The levels of the data were tested for stationarity to determine the order of integration 

of each rate measured over time. The time series plot of the four rates as in Figure 4.1, 

showed that, the rates do not fluctuate with constant variation about a fixed point, thus 

gives an indication of non-stationary in the levels of the series. This is also seen from 

the ACF and the PACF of each rate as shown in Figures 4.2, 4.3, 4.4 and 4.5; their 

individual ACF plots show a slow decay and their PACF plot have a very significant 

spike at lag one (1). These give a graphical indication that the levels of the series were 

non-stationary. 

AC" plot of 1t1-dav T-bIU rate 
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Figure 4.2: ACF and PACF Plots of the 91-day T-bill Rates 
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Figure 4.3: ACF and PACF Plot of the 182-day T-bill Rates 
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Figure 4.5: ACF and PACF Plot of Exchange Rates 

To confirm the non-stationarity of the levels of the rates, a unit root test was 

conducted. As shown in Table 4.4, an insignificant Augmented Dickey-fuller (ADF) 

test statistic was obtained for the four series at the 5% significance level when either a 

constant or constant with time trend were modelled in the test. This therefore leads to a 

failure to reject the null hypothesis that each series is non-stationary, hence affirming 

the existence of unit roots in the levels of all the rates under consideration. 
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---------------- ....••• 
Table 4.4: ADF Test of the Un differenced Series 

Constant and Trend 
Cate 0 Test Statistic 

91-day T -Bill Rate 
182-day T-Bill Rate 
Inflation Rate 
Exchange rate 

-1.895 
-3.307 
-1.673 
-0.056 

0.335 
0.170 
0.445 
0.952 

Test Statistic -value 
-2.370 
-2.660 
-2.142 
-1.558 

0.395 
0.254 
0.523 
0.809 

The PP test was also performed to confirm the existence of unit roots in the levels of 

the rates. The results of the PP test as shown in Table 4.5 indicate an insignificant PP 

test statistic at the 5% significance level. This further indicates that the rates are 

individually not covariance stationary. 

Variable Test Statistic 
Table 4.5: PP Test of the Undifferenced Series 

P-value 
9l-day T-bill Rate 
182-day T -bill Rate 
Inflation Rate 
Exchange Rate 

-1.905 
-2.073 
-3.056 
-1.888 

0.616 
0.546 
0.137 
0.623 

Variable Break point (Tb) 
Test 
statistic 

critical 
value 

To look for additional information in establishing the order of integration of each time 

series being studied, the Zivot-Andrews (ZA) test, which test for unit roots in the 

presence of structural breaks in a given series, was performed. As shown in Table 4.6, 

an insignificant ZA test was also obtained, thus further confirming that the individual 

rates were non-stationary. This indicates that the four variables do not have a time- 

invariant mean, variance and covariance structure. 

Table 4.6: ZA Test of the Undifferenced Series 
decision on Hoof 
non-stationairty 

91-day T -bill rate 
182-day T -bill rate 
Inflation rate 
Exchange rate 

February, 2007 
March, 2008 
September, 2007 
April,2008 

-4.325 
-4.470 
-4.711 
-4.507 

-4.800 
-4.800 
-4.800 
-4.800 

fail to reject 
fail to rej ect 
Fail to reject 
fail to reject 
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Variable Test Statistic P-value 

The rates were first differenced and tested for stationarity using the ADF, PP and ZA 

.: testes. All the tests as shown in Table 4.7, 4.8, and 4.9 revealed that, the rates were 

stationary after first differencing at the 5% significance level. This indicates that the 

four rates; the 91-day T -bill, the 182-day T -bill, the inflation and the exchange rates, 

were integrated of order one (1 (1 )). 

Table 4.7: ADF Test of the First Differenced Series 

Category 
ADF Test of First Difference Data 

Constant and Trend 

91-day T-Bill Rate 
182-day T-Bill Rate 
Inflation Rate 
Exchange rate 

-7.074 
-4.701 
-3.323 

Test Statistic -value 
0.000** -5.057 0.000** 
0.000** -7.049 0.000** 
0.001** -4.703 0.001 ** 
0.014** -3.350 0.036** 

**means significant at 5% significance level 

Table 4.8: PP Test of First Differenced Series 

91-day T-bill Rate 
182-day T -bill Rate 
Inflation Rate 
Exchange Rate 

-7.107 
-17.894 
-9.525 
-4.729 

0.010** 
0.010** 
0.010** 
0.010** 

**means significant at 5% significance level 

Table 4.9: ZA Test of First Differenced Series 
Break point Test critical decision on Hoof 

Variable {Tb~ statistic value non-stationarity 
91-day T -bill rate June, 2000 -5.377 -4.800 Reject 
182-day T-bill rate June, 2000 -5.245 -4.800 Reject 
Inflation rate October, 2000 -5.744 -4.800 Reject 
Exchange rate June, 2000 -4.816 -4.800 Reject 

4.3.2 Co-integration Test and Fitting of Vector Error Correction (VEC) Model 
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Since the four rates are non-stationary at levels and stationary after first differencing, it 

gives credence for co-integration analysis. The presence of long run equilibrium 
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relationship among the time series variables was therefore tested using the Johansen's 

(1988) maximum likelihood co-integration technique. A critical examination of each 

series, shown by their individual plots and their trend analysis, gives an indication that 

there is curvature in the 91-day T -bill, 182-day T -bill and inflation rates whiles the 

exchange rate exhibits a behavior of linearity; the co-integration test was therefore 

done with an umestricted trend which assumes that there are quadratic trends in the 

levels of the time series variables and the co-integration equations are stationary 

around time trend. 

The AlC, HQlC, SBlC and Finite Prediction Error (FPC) information criteria was used 

to determine the optimal maximum lag order to be included in both the co-integration 

test and in fitting the VEC model. As shown in Table 4.10, these criteria selected an 

optimum lag of two (2) to be included in the co-integration test; Since Lag order two 

(2) had the minimum AlC value of -16.436, HQlC value of -16.152, SBlC value of- 

15.738 and FPC value of9.3e-13. 

Table 4.10: Lag Order Selection for Co-integration Test and the VEC model 
Lag FPE AIC HQIC SBIC 

1 1.ge-12 -15.647 -15.505 -15.298 
2 9.3e-1h -16.436* -16.152* -15.738* 
3 8.0e-13 -16.322 -15.896 -15.274 
4 1.1e-12 -16.222 -15.654 -14.824 
5 1.2e-12 -16.114 -15.404 -14.367 
6 1.3e-12 -16.070 -15.218 -13.973 
7 1.1e-12 -16.193 -15.199 -13.747 
8 1.2e-12 -16.131 -14.995 -13.336 
9 1.4e-12 -15.992 -14.714 -12.847 
10 1.5e-12 -15.963 -14.543 -12.469 
11 1.6e-12 -15.917 -14.355 -12.073 
12 1.6e-12 -15.919 -14.215 -11.725 

* means Lag selected by criterion 
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Table 4.11 presents the results of Johansen's unrestricted trend test of co-integrating 

relationship between the four rates studied. At the 5% significance level, the null 

hypothesis of no co-integrating relationship (rank of zero) and the null hypothesis of at 

most one co-integrating equation (rank of 1) among the four set of variables, were 

rejected; However, we fail to reject the null hypothesis of at most two (2) (rank of two ) 

co-integrating equations. This is justified by the trace statistic and the information 

criteria: The trace statistic at zero (0) rank is 85.433 and at rank one (1) is 37.044 

which are both greater than their corresponding 5% critical value of 54.640 and 34.550 

respectively and therefore calls for the rejection of the null hypothesis of no co- 

integration and also at most one co-integrating equations. However, the trace statistic 

at rank two (2) is 14.822 which is less than the 5% critical value of 18.170, thus 

confirming our failure to reject the null hypothesis of at most two (2) co-integrating 

equation. Furthermore, using the SBIC, HQIC and AIC selection criteria, the optimal 

rank of co-integration is determined to be two (2), since rank two had the least SBIC 

value of -14.870, HQIC value of -15.320 and AIC value of -15.650. 

Table 4.11: Johansen's Unrestricted Trend Co-integration Test 
Co-integration Eigen- Trace 5% Critical 

rank Values Statistic value SBIC HQIC AIC 
0 85.433 54.640 -14.780 -15.070 -15.280 
1 0.289 37.044 34.550 -14.850 -15.260 -15.520 
2 0.145 14.822 **5% 18.170 -14.870* -15.320* -15.650* 
3 0.058 6.301 3.740 -14.810 -15.290 -14.610 
4 0.043 -14.820 -15.310 -15.620 

*means co-integration rank selected by the information criteria 
**5%means significant at 5% critical value 

These co-integration results show that the set of variables were co-integrated and there 

exist two linearly independent co-integrating vectors (equations) describing the long- 
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run equilibrium relationships between these rates. As shown in Table 4.12, base on 

Johansen's normalization, the two co-integrating vectors (equations) describing the 

long-run equilibrium relationship existing between the four set of rates are; 

p' = (~D = (~ o 
1 

- 0.591 
- 0.639 

- 2.756) 
- 2.629 

Vector Pl implies that, the 91-day T-bill rate, inflation and exchange rates were co- 

integrated whiles in vector Pz, the 182-day T -bill rate, inflation and exchange rates are 

co-integrated. This implies that the two T -bills rates are not co-integrated themselves. 

Also, the two T-bills are not jointly co-integrated with inflation and exchange rates but 

they are individually co-integrated with them. 

For co-integrating vector Pl' the long-run equilibrium relationship given as P~Rt is; 

Tlt = 0.591T3t + 2.756r4t (4.5) 

And for co-integrating vector Pz, the long-run equilibrium relationship obtained is; 

utis the disequilibrium error (co-integrating residual). In a long-run equilibrium, 

Ut = 0 and the long-run equilibrium relationships with vectors Pl and pz becomes; 

62 

www.udsspace.uds.edu.gh 

 

 

 

 



------------------ ......•• 
and 

rZt = 0.639r3t + 2.629r4t (4.6) 

respectively. 

where rlt =91-day T-bill rate, rZt=182-day T-bill rate, r3t=inflation rate and 

r4t=exchange rate. 

A test of significance of the two co-integrating equations, as shown in Table 4.12, also 

showed that the equations were significantly different from zero. This implies that, the 

two co-integrating models accounts for a significant portion of the variation in each 

endogenous rate considered. 

Table 4.12: Co-integrating Vectors (Equations) 
Co-integrating Equation Vector SE t-ratio p-value 
91-day T-bill rate 1 0 
182-day T -bill rate 0 0 
Inflation Rate -0.591 0.115 -9.521 0.000** 
Exchange Rate -2.756 0.377 -3.140 0.002** 

91-day T-bill rate 0 0 
182-day T -bill rate 1 0 
Inflation Rate -0.639 0.108 -9.072 0.000** 

1 

2 

Exchange Rate -2.629 0.354 -2.861 0.004** 
P1 (X2=94.354, p-value=O.OOO**) P2 (X2=86.223, p-value=O.OOO**) 

** means significant at 5% significance level 

Inference on the parameters in the equilibrium correction factors (ECs) in the VEC (2) 

model depends crucially on the stationarity of the co-integrating equations. A graph of 

the prediction of the two co-integration equations over time as seen in Figures 4.6 and 

4.7 showed that the two co-integrating equations do not fluctuate with constant 

variation about the zero line hence are trending and not stationary. This makes 
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inference with these co-integrating equations and its equilibrium correction factors 

questionable. 

prediale~ co-integrated equation 

1. 

1 

5~ 

~5~~,------~, ~,------~,------~,------~,------~, 
2000 2002 2004 TIMtOO6 2008 2010 2012 

Figure 4.6: Plot of the Predicted Co-integrating Equation One (1) 

1 

2 
Predicte -integrated equation 

o 

-1 
2000 2002 2004 TIM~006 2008 2010 2012 

Figure 4.7: Plot of the Predicted Co-integrating Equation Two (2) 

The VEe (2) model fitted to describe the short run relationship between the co- 

integrating variables over time is presented in Table 4.13. The results revealed that, 

only levels of the 91-day T -bill is significant in predicting future occurrences of the 

91-day T -bill but the past values of the 182-day T -bill, inflation and exchange rates do 

not significantly impact occurrences of the 91-day T -bill rate. Also, levels of the 91- 

day T-bill significantly impact the 182-day T-bill rates. This shows that knowledge 

about past occurrences of the 91-day T -bill can improve the prediction of future 
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occurrences of the 182-day T -bill rate whiles past values of the 182-day T -bill rate 

itself, inflation, and exchange rates do not significant impact the 182-day T -bill rate. 

Even though, the effects of inflation on the two T -bills rate are not statistically 

significant, the effects is positive, indicating that a continuous increase in inflation rate 

results in an increase in these interest rates but however in a weak form. 

Also, past values of the exchange rate are significantly positively related to past 

occurrences of inflation but past values of the two T -bill do not improve future 

prediction of inflation. Lastly, past levels of exchange rate itself significantly impact 

exchange rates; this shows that based on the levels of series, exchange rates could be 

modelled as a univariate time series variable and future predictions based on that 

model. The significance of the time trend factor for all the variables also indicates that, 

these rates actually exhibit trend as indicated by the trend analysis and the unit root 

tests. Although, EC 1 for the 91-day T -bill and EC2 for inflation was negative, which 

shows a faster adjustment to equilibrium, the effect was insignificant; thus, it will be 

difficult for these rates to be adjusted back to equilibrium if these co-integrating 

equations are out of equilibrium due to shocks in any of the endogenous variables and 

effects from other variables. But EC 1 and EC2 are both significant for the 182-day T 

bill rate and exchange rate indicating that, these variables can easily be restored back 

to equilibrium in situations where the co-integration equations move out of 

equilibrium. Error correction 2 (EC2) for both the 182-day T -bill and exchange rate 

are negative, implying a faster adjustment of these variables to equilibrium. It also 

indicates that, an increased in any of the explanatory variables in their regression 

equations results in a decreased in the response variable hence adjusting them back to 
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equilibrium. Also, equilibrium correction 1 (EC 1) for both the 182-day T -bill and 

exchange rates are positive indicating that, if any of the explanatory variables 

increases, these rates adjust upwards towards the other variables hence moving away 

from equilibrium. 

Table 4.13: VEC (2) Model 
Eguations Variables Coefficient SE t-ratio e-value 

Constant 0.029 0.063 0.461 0.645 
91-day T -bill 91-day T-bill rate 0.284 0.241 1.176 0.042** 

182-day T -bill rate 0.245 0.242 1.012 0.313 
Inflation Rate 0.038 0.049 0.760 0.449 
Exchange Rate 0.218 0.366 0.594 0.553 
Time -0.001 0.001 -0.420 0.675 
EC 1 0.184 0.173 1.067 0.288 
EC2 -0.214 0.188 -1.142 0.256 

Constant 0.028 0.060 0.495 0.622 
182-day T -bill 91-day T-bill rate 0.423 0.229 1.068 0.045** 

182-day T -bill rate 0.119 0.231 0.518 0.466 
Inflation rate 0.034 0.047 0.731 0.535 
Exchange rate 0.217 0.349 0.622 0.535 
Time -0.001 0.001 -0.410 0.032** 
EC 1 0.441 0.165 2.682 0.008** 
EC2 -0.490 0.179 -2.739 0.007** 

Constant -0.239 0.112 -2.126 0.035** 
Inflation rate 91-day T -bill rate 0.366 0.431 0.849 0.397 

182-day T -bill rate 0.092 0.433 -0.212 0.833 
Inflation Rate 0.061 0.088 0.690 0.491 
Exchange Rate 0.115 0.055 0.175 0.021 ** 
Time 0.002 0.001 1.949 0.044** 
EC 1 -0.054 0.309 -0.174 0.862 
EC2 0.149 0.336 0.447 0.656 

Constant -0.070 0.013 -5.213 0.000** 
Exchange Rate 91-day T -bill rate 0.051 0.049 0.024 0.981 

182-day T -bill rate 0.062 0.049 -0.105 0.916 
Inflation Rate 0.098 0.010 0.757 0.450 
Exchange Rate 0.386 0.074 5.233 0.000** 
Time 0.005 0.001 5.600 0.000** 
EC 1 0.077 0.035 2.220 0.028** 
EC2 -0.054 0.038 -1.424 0.044** 

AIC = -15.208 HQIC = -15.200 SBIC = -14.716 
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Log likelihood = 1104.920 
* * means significant at 5% significance level 

t (f3~) (1 Co - integrating Vectors; f3 = f3; = 0 
o 
1 

- 0.591 
- 0.639 

- 2.756) 
- 2.629 

Statistical inference using the VEC (2) model also depends crucially on the stability of 

its parameters over time. The stability of the parameters of the VEC (2) model was 

therefore checked as shown in Table 4.14. It was realized that, apart from the two co- 

integrating vectors which impose two unit eigenvalues, the remaining eigenvalues of 

the parameters of the VEC (2) process are all less than one (1) in modulus, which 

indicate that the parameters are structural stable over time. The VEC (2) model fitted 

is therefore a stable process. 

Table 4.14: VEe (2) Stability Test 
Variables Eigenvalues Modulus 

Co-integrating equation 1 
Co-integrating equation 2 

91-day T-bill rate 
182-day T -bill rate 

Inflation rate 
Exchange rate 

EC 1 
EC2 

1 
1 

0.849 
0.598 + O.Oni 
0.598 - O.Oni 

0.482 
-0.169 
0.052 

1 
1 

0.849 
0.604 
0.602 
0.482 
0.169 
0.052 

All eigenvalues falls within the unit circle: VEC (2) satisfy stability condition 

The parameters of the VEC (2) model is given by; 

[

Eel 
0.184 

Equilibrium correction factor; a = 0.441 
-0.054 
0.077 

EC2] -0.214 
-0.490 
0.149 
-0.054 
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l 0.0291 ~ 0.028 
Intercept; v = -0.239 

-0.070 
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1

0.284 
. ~ 0.423 

Parameter matnx; i= 0.366 

0.051 

0.245 
0.119 
0.092 
0.062 

0.038 
0.034 
0.067 
0.098 

0.218j 0.217 
0.115 
0.386 

1
-0.001j 

• A -0.001 
TIme trend; 8 = 0.002 

0.005 

Table 4.15: ADF Test of the Growth Rates of each Series 

4.3.3 Fitting the V AR Model 

The second approach to investigating the dynamic relationship among the rates is by 

fitting a Vector Autoregressive model (V AR) to the rates. Since the original rates 

series were not covariance stationary, a growth rate of each variable was taken and the 

V AR model then fitted using the growth rate series of each rate. 

An Augmented Dickey-Fuller test performed on the individual growth rate series is 

shown in Table 4.15. The test which was done with constant only and with constant 

and trend revealed that, the growth rates in each series were covariance stationary at 

the 5% level of significance. 

ADF test of the growth rate of each series 
Category Only Constant Constant and Trend 

Test Statistic p-value Test Statistic p-value 
91-day T-Bill Rate -4.610 0.000** -4.612 0.009** 
182-day T-Bill Rate -6.443 0.000** -6.397 0.000** 
Inflation Rate -5.845 0.000** -5.782 0.000** 
Exchange rate -2.975 0.037** -2.931 0.041 ** 
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* *means significant at 5% significance level 
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91-day T-bill Rate 
182-day T-bill Rate 
Inflation Rate 
Exchange Rate 

-6.503 
-6.499 
-10.847 
-4.242 

0.010** 
0.010** 
0.010** 
0.010** 

The PP test also confirms that the growth rate series of the four rates were covariance 

stationary. This is seen from a significant PP test statistic of each of the rates as shown 

in Table 4.16. 

Table 4.16: PP Test of the Growth Rates of each Series 
Variable Test Statistic p-value 

**means significant at 5% significance level 

Additionally, the ZA test confirms that the growth rates of each series were covariance 

stationary in the presence of structural breaks as shown in Table 4.17. This confirms 

that, even though the levels of the rates are not covariance stationary, their growth 

rates are stationary processes. 

Table 4.17: ZA Test of Growth Rates of each Series 
Break Test critical decision on Hoof 

~ Variable eoint statistic value non-stationarity 
91-day T -bill rate Feb2007 -4.932 -4.800 Reject Ho 
182-day T -bill rate Jun,2000 -4.946 -4.800 Reject Ho 
Inflation rate Jun,2000 -6.188 -4.800 Reject Ho 
Exchange rate Jun,2000 -6.158 -4.800 Reject HQ 

To determine the optimal maximum lag order, p to be included in fitting the Vector 

Autoregressive (V AR) model, four lag order selection criteria were used. The results 

as shown in Table 4.18 showed that, the AIC, HQIC, SBlC and Finite Prediction Error 

(FPE) all selected lag one (1) as the optimum lag for the V AR process, since Lag order 

one (1) had the least AlC, SBlC, HQlC and FPC values. 
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Table 4.18: Lag Order Selection for Fitting V AR Model 
Lag FPE AIC HQIC SBIC 
1 9.6e-1h -16.427* -16.285* -16.076* 
2 8.6e-13 -16.301 -16.016 -15.599 ,., 1.1e-12 -16.197 -15.769 -15.143 .) 

4 1.2e-12 -16.089 -15.518 -14.684 
5 1.1e-12 -16.164 -15.451 -14.408 
6 1.2e-12 -16.102 -15.246 -13.995 
7 1.3e-12 -16.015 -15.016 -13.557 
8 1.Se-12 -15.891 -14.750 -13.082 
9 1.8e-12 -15.770 -14.486 -12.610 
10 1.6e-12 -15.862 -14.435 -12.350 
11 1.8e-12 -15.776 -14.206 -11.913 
12 1.8e-12 -15.845 -14.132 -11.631 

* means Lag selected by criterion 

A V AR (1) model was therefore fitted for the set of growth rates to determine the 

dynamic relationship between the rates. The results which is shown in Table 4.19 

revealed that, the lag 1 value of the growth rates of the 182-day T -bill, Inflation and 

Exchange rates are not statistically significant at the 5% significance level in 

predicting growth rates of the 91-day T -bill rate whiles the lag 1 value of the 91-day 

T -bill is a useful predictor of itself at the 5% significance level. Also, the lag 1 

estimate of the growth rate of the 91-day T -bill and Inflation rates are statistically 

useful in predicting future growth rates of the 182-day T-bill rate since they are 

statistically significant at the 5% significance level whiles the lag 1 values of the 182- 

day T -bill and Exchange rates are not useful predictors of the growth rates of 182-day 

T -bill. This shows that, although past level of inflation rate do not significantly 

improve the prediction of the 182-day T -bill as indicated by the VEe (2) model, its 

growth rates are useful. Only the lag 1 value of exchange rate is useful in predicting 

the growth rates in Inflation rates whiles the lag 1 values of the 91-day T -bill, 182-day 

T -bill and inflation rate itself, are not useful predictors. It was also seen that, the lag 1 
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values of the growth rates of the two T-bill rates and lag one (1) value of exchange rate 

itself are statistically useful in predicting growth rates in exchange rate whiles 

Inflation rate does not. 

Table 4.19: VAR (1) Model 
Eguations Variables Coefficient S.E z-ratio e-value 

91-day T-bill 91-day T-bill rate. L1 0.369 0.212 1.747 0.037** 
(growth rate) 182-day T -bill rate.L 1 0.175 0.215 0.813 0.418 

Inflation Rate.L 1 0.057 0.046 1.237 0.218 
Exchange Rate.L 1 0.009 0.219 0.044 0.965 

182-day T -bill 91-day T -bil1 rate. L 1 0.601 0.207 2.906 0.004** 
(growth rate) 182-day T -bill rate.L1 -0.050 0.210 -0.238 0.815 

Inflation rate.L 1 0.075 0.045 1.667 0.042** 
Exchange rate.L 1 0.177 0.214 0.828 0.409 

Inflation rate 91-day T-bill rate. L1 0.391 0.382 1.023 0.308 
(growth rate) 182-day T -bill rate.L 1 0.048 0.389 -0.123 0.903 

Inflation Rate.L 1 0.055 0.084 0.654 0.514 
Exchange Rate.L 1 0.745 0.396 1.881 0.032** 

Exchange Rate 91-day T -bill rate. L 1 0.106 0.052 2.046 0.041 ** 
(Growth Rate) 182-day T -bil1 rate.L 1 0.104 0.052 -1.98 0.043** 

Inflation Rate.L 1 0.011 0.011 0.934 0.352 
Exchange Rate.L 1 0.788 0.053 14.74 0.000** 

FPE=2.6e-12 HQIC = -15.210 SBIC = -15.006 
AIC = -15.559 Log likelihood = 1145.062 
**Means significant at 5% significant level 

Table 4.20 shows additional information about each individual equation. It is seen that 

each individual time series model fitted for the rates is statistically significant at the 

5% significance level as indicated by the F-statistic. Only about 32% of the variation 

in the 91-day T -bill growth rates is explained by its time series regression model, 

about 56% of the variation in the 182-day T -bill growth rates is explained by its 

regression model. About 10% of the variation in Inflation growth rates is also 

accounted for by its model and about 64% of the variation in the exchange growth 

rates is explained by its regression model. The Durbin-Watson statistic for the 
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individual equations are 2.058 for the 91-day T-bill, 2.133 for the 182-day T-bill, 

2.089 for inflation rate and 2.523 for exchange rate, which shows that the models are 

free from serial correlation. 

Table 4.20: Test for Significance of the Equations of the V AR (1) Model 
Equation R~d;usted Durbin-Watson F -statistic P-value 
91-day T-bill growth rate 0.320 2.058 15.949 0.000** 
182-day T-bill growth rate 0.564 2.133 19.044 0.000** 
Inflation rate growth rate 0.109 2.089 3.803 0.000** 
Exchange rate growth rate 0.643 2.523 60.641 0.000** 
*Means significant at 5% significance level. 

0.566 
0.773 
0.566 
0.253 

The stability of the VAR (1) model was also investigated. The results revealed that, 

the model parameters were structurally stable over time as all the eigenvalues of the 

parameters have modulus less than one (1) as shown in Table 4.21. This affirms that 

the growth rates series used in fitting the V AR model were covariance stationary as 

revealed by the ADF, PP and ZA testes which implies that the V AR (1) model fitted is 

a stable process. 

Table 4.21: VAR (1) Model Stability Test 
Variable Eigenvalues Modulus 

91-day T-bill rate 
182-day T -bill rate 
Inflation rate 

0.773 

-0.253 
Exchange rate 0.017 0.017 
All eigenvalues falls within the unit circle: V AR (1) satisfy stability condition 

4.3.4 Comparative Analysis of the Developed Models 

In order to select the best model for other inferential statistics such as Granger- 

Causality analysis, Impulse response analysis, Forecast error variance decomposition 
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on the relationship between the time series variables studied, the V AR (1) and VEC 

(2) models were compared. Although, the set of variables studied were co-integrated 

with significant co-integrating equations and the two models fitted described 

adequately the relationship between the variables with structurally stable model 

parameters over time, the non-stationarity of the co-integrating equations makes the 

co-integrating relationship not to generate time series with time invariant mean, 

variance and co-variance structure. Further, the 9I-day T -bill and inflation rates have 

insignificant equilibrium corrections factors (EC), thus affects the adjustment of these 

variables back to equilibrium when short-run disequilibrium occurs. These weaknesses 

of the co-integration and VEC (2) processes, makes further inference such as granger 

causality, IRA and FEVD analysis which are based on stationary time series 

inappropriate. 

A further comparison of the two models by the AIC, HQIC and SBIC model selection 

criteria as shown in Table 4.23 showed that the V AR (1) model had the least AIC, 

HQIC and SBIC values and the maximum likelihood ratio value than the VEC (2) 

model; hence the VAR (1) model was selected for further inference on the relationship 

between the variables. 

Table 4.22: Comparing Developed Models base on Information Criteria 
Criteria VAR (1) model VEC (2) model 
AIC -15.559 -15.208 
HQIC -15.210 -15.200 
SBIC -15.006 -14.716 
Likelihood ratio 1145.062 1104.920 
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The VAR (1) estimated without intercept is given as; R, = A1rt-l and estimated as; 

[

91 - day, ] [0.369 
182 - day, 0.601 
inflation, - 0.391 
exchariqe, 0.106 

0.175 
-0.050 
0.048 
0.104 

0.057 
0.075 
0.055 
0.011 

0.009] [ 91 - daYt-1] [Ult] 0.177 182 - daYt-l U2t 
0.745 inflatioru.s, + U3t 
0.788 exchanget_l U4t 

for t = OJ 1, .... J T 

4.3.5 Diagnostics of V AR (1) Model 

To ensure that, the fitted VAR (1) model is adequate, both univariate and multivariate 

model diagnostic tests were performed. The univariate Ljung-Box test as seen in Table 

4.23 showed that, the residuals of the four individual models were free from serial 

correlation at lags 12, 24 and 36 since the p-values of chi-square statistic exceeds the 

5% significance level at all these lags. This indicates that the mean of the residuals of 

l the individual models were finite. Further the univariate ARCH-LM test also shown in 

Table 4.23 showed that, the residuals of the individual models were free from 

conditional heteroscedasticity, since the ARCH-LM test fails to reject the null 

hypothesis of no ARCH effect in the residuals of each equation as the p-values of the 

chi-square statistic are all greater than the 5% significance level. This shows that the 

residuals of the models are uncorrelated, thus have zero mean and have a constant 

variance over time; hence are white noise series. 
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Table 4.23: Univariate Ljung-Box Test and ARCH-LM Test of V AR (1) Models 
Ljung-Box Test ARCH-LM Test 

Equation (Model) La_g Test Statistic p-value LM Statistic p-value 
12 5.999 0.916 14.583 0.265 

91-day T -bill rate 24 19.215 0.740 16.887 0.853 
36 25.523 0.903 17.045 0.997 

12 8.404 0.753 22.098 0.211 
182-day T -bill rate 24 19.013 0.751 25.373 0.387 

36 23.873 0.939 28.787 0.798 

12 35.191 0.234 17.924 0.118 
Inflation rate 24 52.838 0.121 23.462 0.493 

36 73.132 0.098 46.975 0.102 

12 44.979 0.210 2.503 0.998 
Exchange rate 24 52.936 0.109 17.700 0.817 

36 55.809 0.087 46.902 0.105 

In addition, from the diagnostics plots of the standardised residuals in Figure 4.8, it is 

revealed that, the residuals are random with constant variation around a zero line hence 

gives an indication that they have a constant variance and zero mean. These together, 

shows that the residuals of the 91-day T -bill, 182-day T -bill, Inflation rate and 

Exchange rate equations are white noise series. 

T_bUl_Rate_91 

T_blll_R •• t._182 

Int1.tlon 

2001 200115 2011 

Figure 4.8: Diagnostic Residual Plots of the Individual VAR (1) Models 
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The adequacy of the overall VAR (1) model was also investigated by the multivariate 

Ljung-Box and ARCH-LM test as shown in Table 4.24. An insignificant Ljung-Box 

test statistic was obtained indicating that the residuals of the V AR (1) model were free 

from serial correlation (p-values of 0.063 at lag 12, 0.307 at lag 24 and 0.994 at lag 

36). Also, the p-values of the ARCH-LM test were larger than the 5% significance 

level which revealed that, the residuals had a constant variance and are free from 

conditional heteroscedasticity. This implies that the residuals of the overall VAR (1) 

model are uncorrelated and constant variance; hence are white noise series. 

Table 4.24: Multivariate Ljung-Box Test and ARCH-LM Test of VAR (1) Model 
Ljung-Box Test ARCH-LM Test 

Equation Lag Test Statistic p-value LM Statistic p-value 
12 26.056 0.062 1228.897 0.275 

V AR( 1) model 24 18.405 0.301 1190.000 1.000 
36 5.296 0.994 1070.000 1.000 , 
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Each model residuals were finally tested for stability using the CUSUM test. As seen 

from the CUSUM plot of each model in Figure 4.9, the cumulative residuals of each of 

the models fall within its 95% confidence limit indicating that, their individual residual 

mean are not significantly different from zero and have a constant variance. This 

further confirms that the parameters of each model were structurally stable over time. 

This shows that, the V AR (1) model fitted provide an adequate representation of the 

short run relationship between the 91-day T-bill, 182-day T-bill, inflation and 

exchange rates. 
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Figure 4.9: CUSUM Plots of the Individual VAR (1) Models 
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4.3.6 Granger Causality Analysis 

'I The V AR (1) model was then used to investigate Granger causality among the set of 

= rates studied to determine which variable have additional power in improving the 

prediction of growth rates of the other over time. Results of the Granger causality test 

as shown in Table 4.25 revealed that, the 182-day T-bill rate, inflation rate and 

exchange rate, individually and their linear combination, do not Granger-cause the 91- 

day T -bill rate. This is seen from an insignificant chi-square statistic obtained for the 

individual rates as well as their combination at the 5% significance level. This implies 

that, there is no relationship between the 91-day T -bill rate and these variables and that 

growth rates in these variables cannot improve prediction of growth rates in the 91-day 

T -bill rate. 
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The results also showed that, the 91-day T -bill rate Granger-cause the 182-day T -bill 

rate indicating that there is a unidirectional causality between the 91-day T -bill rate 

and the 182-day T -bill interest rate. This shows that, growth rates of the 91-day T -bill 

rate can improve future prediction of the growth rates of the 182-day T-bill whiles 

growth rate of the 182-day T -bill rate cannot significantly improve the prediction of 

the 91-day T -bill rate. Also, the rate of inflation Granger-cause the 182-day T -bill rate 

whiles the 182-day T -bill rate does not Granger-cause the inflation rate, indicating a 

unidirectional causality between these two rates. The exchange rate alone does not 

Granger-cause the 91-day and 182-day T -bill rates whiles these T -bill rates alone 

Granger cause the exchange rate indicating a unidirectional causality between 

exchange rate and the two T -bill rates. This implies that, pasts growth rates of the two 

T -bill rates can improve future prediction of growth rates of exchange rate but past 

growth rates of exchange rate cannot improve prediction of growth rates in the T -bill 

rates. However, a linear combination of the 91-day T -bill rate, Inflation rate and 

exchange rate together Granger-cause the 182-day T -bill rate. 

In addition, growth rate in exchange rate Granger-cause growth rate in the Inflation 

rate whiles inflation rate does not Granger-cause the growth rate of exchange rate. The 

growth rates in 91-day and 182-day T -bill rates individual does not Granger-cause 

inflation rate but when combined with exchange rate they Granger-cause Inflation. 
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Lastly, inflation rate does not Granger-cause the rate of exchange unless combined 

with other factors. 
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Table 4.25: Granger Causality Test 
Equations Excluded Chi-squared Df p-value 

182-day T-bill rate 0.969 1 0.418 
91-day T -bill rate Inflation Rate 1.127 1 0.218 

Exchange Rate 0.039 1 0.965 
All 0.041 ,., 0.766 .) 

91-day T -bill rate 8.192 1 0.004** 
182-day T -bill rate Inflation Rate 1.239 1 0.042** 

Exchange Rate 0.884 1 0.409 
All 9.266 3 0.009** 

91-day T -bill rate 0.461 1 0.308 
Inflation Rate 182-day T -bill rate 0.177 1 0.903 

Exchange Rate 2.747 1 0.032** 
All 17.227 3 0.001 ** 
91-day T -bill rate 2.321 1 0.041 ** 

Exchange Rate 182-day T -bill rate 2.417 1 0.043** 
Inflation Rate 0.451 1 0.352 
All 1.133 3 0.036** 

**Means significant at 5% significance level. 
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4.3.7 Impulse Response Function (IRF) Analysis 

The impulse response functions as shown in Appendix B depict the way the rates in 

the model interact following a shock in the VAR (1) model. When the response 

variable was the 91-day T -bill rate, in the first period, the 91-day T -bill rate showed a 

positive reaction to a shock in its own values followed with a continues negative 

reaction up to period eight and a stable response for the rest of the periods. The 91-day 

T -bill rate reacted positively to a shock in the 182-day T -bill rate in the first and 

second periods followed with a negative response from the third period to the sixth 

period and then a stable response for the rest of the periods. It also reacted positively at 

the first two periods to a shock in inflation rate. This was followed with a sharp 

negative reaction up to period six and a stable response thereafter. A shock in 
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t exchange rate caused a positive reaction of the 91-day T -bill rate for the second, third 

and forth periods followed with a stable response from period four to five and finally a 

negative response for the rest of the periods. 
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For the 182-day T-bill as a response variable, a shock in the 91-day T-bill rate cause a 

positive reaction in the 182-day T -bill rate in the first period which is followed with 

continues negative response up to the last period. In the first and third periods, the 

182-day T-bill rate showed a positive response to a shock in its own values, the second 

period showed a negative response and then a stable response to its own shocks 

onwards. It showed a positive reaction at the second period, negative between the third 

and sixth periods and a stable response to a shock in inflation rate for the rest of the 

periods. It also reacted positively at the second period to a shock in exchange rate. The 

third and fourth period showed a stable response to a shock followed with a negative 

response afterwards. 

When the response variable was inflation rate, a shock in the 91-day T-bill rate caused 

a positive reaction of inflation rate at the first and second periods, followed by a 

continuous negative reaction up to the seventh period and a stable reaction for the rest 

of the periods. Inflation rate showed a positive reaction in the first period, a negative 

response at the second period with a stable response for the rest of the periods to a 

shock in the 182-day T -bill rate. Inflation rate reacts positively at the first period to a 

shock in its own values, a negative reaction between the first and second periods and a 

stable response to its own shocks for the rest of the periods. For a shock in exchange, 

inflation rate reacts positively at the first and second periods and a sharp negative 

reaction for the rest of the periods. 
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For exchange rate as a response variable, it reacts positively at the first and second 

period to a shock in the 91-day T -bill rate, followed with a negative linear response for 

the rest of the periods. It reacted positively at the first and third periods, negatively at 

the second period and stabilised after the third period to a shock in the 182-day T -bill 

rate. A sudden change in inflation rate caused a negative reaction of exchange rate at 

the first and second periods with a slow negative response for the rest of the periods. 

Exchange rate showed a positive reaction at the first period to its own shock followed 

with a continuous negative response for the rest of the periods. Due to the stability of 

the V AR (1) system, the response of a variable to a unit shock in another variables dies 

away rapidly over time so that the response variable will revert back to its mean. 

4.3.8 Forecast Error Variance Decomposition (FEVD) Analysis 

The variance decomposition was used to determine the proportion of forecast error 

variance of a rate that is explained by itself and by the other endogenous rates in the 

study. Table 4.26 gives the variance error decomposition of the 91-day T -bill rate. It is 

realized that, much of the forecast variance in the 91-day T -bill rate have been 

explained by 'innovations in the 91-day T -bills rate itself. For instance, in the tenth 

period, about 98.02% of the error variance in the 91-day T-bill is explained by 

innovations in the 91-day T-bill rate, whiles only about 0.59%, 1.17% and 0.22% of its 

error variance have been explained by the 182-day T -bill rate, Inflation and Exchange 

rate respectively. This then supports results by the VEe (2), VAR (1) models and 

Granger causality that the 182-day T -bill rate, Inflation rate and Exchange rate do not 

contribute significantly to improve future predictions of the 91-day T -bill rate. 
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1: Table 4.26: Forecast Error Variance Decom~osition for 91-dal T-bill Rate 
Period S.E 91-dal T -bill 182-dal T -bill Inflation Rate Exchange Rate 

~ 1 0.055 100.000 0.000 0.000 0.000 
2 0.063 98.656 0.537 0.807 0.000 
3 0.065 98.342 0.569 1.060 0.029 
4 0.066 98.208 0.585 1.134 0.073 
5 0.067 98.136 0.588 1.159 0.117 
6 0.067 98.070 0.588 1.168 0.154 
7 0.067 98.060 0.588 1.171 0.182 
8 0.067 98.039 0.587 1.172 0.201 
9 0.067 98.026 0.587 1.173 0.214 
10 0.067 98.018 0.587 1.173 0.223 
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From the forecast error variance decomposition of the 182-day T -bill rate in Table 

4.27, the 91-day T -bill rate contributes most in forecasting the uncertainty of the 182- 

day T -bill rate. At period ten, about 87.15% of the error variance in the 182-day T -bill 

rate have been explained by innovations in the 91-day T -bill, whiles about 10.44% of 

the error variance explained by innovations in the 182-day T-bill itself, 1.64% 

explained by innovation in inflation rate and 0.76% by the exchange rate. The results 

of 182-day T -bill variance decomposition also agrees with views of the Granger 

causality test and the estimated VAR (1) model which revealed that, the past growth 

rates of the 91-day T-bill interest rate is the most influencing determinant of the 

growth rates of the 182-day T -bill rate. It also confirms the unidirectional relationship 

between the 91-day T -bill and the 182-day T -bill rate. 
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Period 
Table 4.27: Forecast Error Variance Decomposition for 182-day T-bill rate 

Exchange Rate S.E 
1 
2 
3 
4 
5 
6 
7 
8 
9 
10 

0.054 
0.063 
0.066 
0.067 
0.067 
0.067 
0.067 
0.067 
0.067 
0.067 

91-day T-bill 182-day T -bill Inflation Rate 
84.101 
86.737 
87.226 
87.324 
87.302 
87.257 
87.216 
87.186 
87.164 
87.150 

15.899 
11.761 
10.960 
10.650 
10.535 
10.486 
10.463 
10.452 
10.447 
10.444 

0.000 
1.366 
1.540 
1.610 
1.632 
1.639 
1.641 
1.642 
1.642 
1.642 

0.000 
0.137 
0.274 
0.416 
0.531 
0.618 
0.679 
0.720 
0.747 
0.765 

Apart from inflation itself, the 91-day T -bill is the most influential variable in 

forecasting the uncertainty of inflation as seen in Table 4.28. For instance, at period 

ten about 88.68% of the error variance in inflation rate is explained by innovations in 

the inflation itself, 6.86% explained by innovations in the 91-day T-bill rate, 1.90% by 

innovations in the 182-day T -bill rate and 2.56% by the exchange rate. 

Table 4.28: Forecast Error Variance Decomposition for Inflation Rate 
Period S. E 91-day T-bill 182-day T-bill Inflation Rate Exchange Rate 

1 0.100 0.031 2.094 97.875 0.000 
2 0.103 4.337 1.984 92.777 0.902 
3 0.104 5.857 1.947 90.698 1.498 
4 0.105 6.446 1.926 89.732 1.896 
5 0.105 6.683 1.916 89.246 2.156 
6 0.105 6.782 1.910 88.985 2.323 
7 0.105 6.825 1.907 88.839 2.429 
8 0.105 6.844 1.905 88.755 2.496 
9 0.105 6.853 1.904 88.705 2.538 
10 0.105 6.858 1.903 88.676 2.563 

Lastly, apart from exchange rate itself, which explains about 92.09% of the error 

variance in itself, the 91-day T -bill rate contributes most in forecasting the 

uncertainties in exchange rate as seen in Table 4.29. At period ten, 6.99% of the error 

variance in the exchange rate has been explained by innovations in the 91-day T-bill 

rate, 0.70% by the 182-day T-bill rate and 0.22% explained by inflation rate. 
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Table 4.29: Forecast Error Variance Decom~osition for Exchange Rate 
Period S.E 91-day T-bill 182-day T -bill Inflation Rate Exchange Rate 

1 0.013 4.633 0.755 0.191 94.421 
2 0.017 5.738 0.912 0.228 93.122 
...• 0.019 6.183 0.793 0.216 92.808 .) 

4 0.020 6.486 0.754 0.217 92.543 
5 0.020 6.678 0.729 0.219 92.373 
6 0.021 6.805 0.716 0.220 92.259 
7 0.022 6.886 0.708 0.222 92.185 
8 0.022 6.937 0.703 0.222 92.138 
9 0.022 6.969 0.699 0.223 92.108 
10 0.022 6.990 0.698 0.223 92.089 

4.3.9 Goodness of Fit Test of the V AR (1) Model 

The VAR (1) model fitted was cross validated using the chi-square goodness of fit 

statistic with an out-sample forecast from January, 2012 to October, 2012. The Chi- 

square test results, as shown in Tables 4.30 showed that, there is no significant 

difference between the observed growth rates and the forecasted growth rates for all 
;;; 

the variables. This is justified by an insignificant chi-square statistic obtained for the 

forecast obtained for all the models. This shows that the fitted VAR (1) model produce 

values that mimic the behaviour of the rates over time although the values of the 

observed and expected are not exactly the same. 

Table 4.30: Chi-square Goodness of Fit Test of the V AR (1) Model 
Model Chi-square (X2 ) Statistic Critical Value 
91-day T-bill rate 15.013 16.920 
182-day T-bill rate 10.372 16.920 
inflation Rate 14.815 16.920 
Exchange Rate 0.533 16.920 
Reject if X2 Statistic> critical value 
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4.4 Discussion of Results 

From the results, it is revealed that; the 91-day T -bill rate, 182-day T -bill rate and 

exchange rate are less peaked, whiles the inflation rate is more peaked as compared to 

the normal distribution. The platykurtic nature of the 91-day T -bill, 182-day T -bill and 

the exchange rates show a wide distribution around the mean, hence low volatilities in 

these rates over time, whiles the leptokurtic nature of the inflation shows higher 

volatilities in it over time. The four rates are also positively skewed and asymmetric in 

nature. The positive skewed nature of the rates shows that majorities of the rates 

cluster in the far lower end of the distribution with a few extreme high rates and 

indicates continuous increases in these variables in Ghana over time. 

The study also revealed that the 91-day T -bill, 182-day T -bill, inflation and exchange 

rates exhibit trend in them. The trending in the 91-day T -bill, 182-day T -bill and 

inflation rates are best modelled by the log-quadratic time trend models whiles that of 

the exchange rate is best modeled by a log-linear trend model. The log-quadratic 

trends imply that these rates have constant quadratic growth rate and the log-linear 

time trend model implies that, exchange rate has a constant linear growth rate 

implying a continuous increase in this rate over time. 
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The unit test conducted showed that, the variables were /(1) processes. Due to the 

non-stationarity of the rates, modelling with them directly base on their original series 

can make the ordinary least squares (OLS) estimation unable to retain its asymptotic 

property and lead to spurious results (Granger and Newbold 1974; Phillips, 1986). The 

Johansen's (1988) maximum likelihood co-integration test employed revealed that, the 

four set of variables were co-integrated and two linearly independent co-integrating 
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equations describe the long-run equilibrium relationship between the rates over time. 

An important implication of this finding is that, these rates move together over time 

and two (2) non-stationary (/(1)) common stochastic trends underlie the term 

behaviour of each rate. 

own forcing variables. It also supports results by Simon (1991,1994) that bills supply 

The two co-integrating vector (equations) showed that, the 91-day T - bill interest rate 

and the 182-day T-bill interest rates were not co-integrated. The non-existence of co- 

integration between the two T-bill rates contradicts the Pure Expectation Hypothesis 

(EH) and studies by Engle and Granger (1987), Woodford, (1999), Poole (1991), 

Camp bel and Shiller (1987), Stock and Watson (1988), and Choi and Wohar, (1991), 

Goodfriend (1991), Lucio and Daniel (200 1) among others who revealed that there 

exist co-integration among interest rates on bills/bonds of different maturities and that 

interest rates co-move in a long run. This lack of co-integration between the interest 

however support the segmented market hypothesis that interest rates in a long run do 

not have common stochastic trend driving them and that each rate is determined by its 
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affected yields on those bills itself but not those of adjacent bills. The economic 

implication of the non-existence of co-integration between the two T -bills rate is that, 

the two bills are not perfect substitutes and investors are not risk neutral, and that 

expected returns on these bills in Gharia are not equal since in a long-term one rate is 

not reflected in another. 

The existence of co-integration between the four rates imply that, equilibrium 

relationship exists between these variables; the set of rates co-move together in a long- 

run, and do not drift too far away from each other maintaining equilibrium and have 
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common stochastic trend which drive these movements. It also indicates that the 

stochastic trends of these rates are correlated. Deviations of each variable from 

equilibrium will be corrected over time by the estimated equilibrium correction 

factors. It is also seen that, when predictions from co-integrating equation (4.5) are 

positive, then the 91-day T -bill rate is above its equilibrium value because its 

coefficient in the co-integrating equation is positive. Likewise the 182-day T -bill rate 

is above its equilibrium value when predictions in co-integrating equation (4.6) are 

positive. The existence of co-integration between the two T -bills and inflation supports 

existing relationship between interest rates and inflation as theotorised by Fishers 

(1930). Also, the results support views by Pradyumna and Bhole (2013) of the existing 

relationship between interest rates and exchanges rates. 
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:. 

A companson of the VAR (1) and VEC (2) models revealed that, for further 

inference such as Impulse Response Analysis (IRA), Forecast Error Variance 

Decomposition (FEVD) and Granger-Causality on the relationship between the rates 

studied, the V AR (1) model which is based on the growth rates in the variables is a 

better choice. Results from the VEC (2), VAR (1) models, Granger-Causality and 

Forecast error variance decomposition analysis indicates that, past values of the 182- 

day T -bill, inflation and exchange rates as well as their growth rates in a short run do 

not have significant effects on occurrences of the 91-day T -bill rate. As seen from the 

FEVD, much of the forecast error variance in growth rates in the 91-day T -bill rate is 

explained by its own shocks. This implies that prediction of future occurrences of the 

91-day T -bill rate depends crucially on its own past occurrences and its error of 
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prediction cannot be improved by additional knowledge of past occurrences of the 

182-day T -bill, inflation and exchange rates. 

From the VEC (2) model, past levels of inflation rate is positively correlated with past 

values of the 91-day T -bill and 182-day T -bill rates; indicating that an increase in 

inflation, results in an increase in these interest rates. However, the effects of inflation 

on these rates are not statistically significant hence showing a weaker relationship. 

Also, the rate at which inflation growths over time, significantly has a positive impact 

on the rate of growth of the 182-day T -bill rate as seen in the V AR (1) model. An 

increased in inflation leads to a 0.075% increased in the 182-day T-bill rate. Although 

the relationship between inflation and the interest rates are statistically weak, its 

positive nature supports reports by the Annual reports, (2008) on the state of Ghana's 

economy and views by researchers such as Berument (1999) and Hakan (1999) who 

showed that there is a positive influence of inflation on the 91-day T -bill and also the 

88 

Although the two T-bills rates do not have long-run equilibrium relationship, results 

from VEC (2) and V AR (1) models showed that in a short run, both past values and 

the growth rates of the 91-day T -bill rates have significant positive impact on the 182- 

day T -bill interest rates. This implies that, continues increase in the 91-day T -bill rate, 

results in continues increase in the 182-day T -bill rate over time. Thus implies that, 

prediction of future occurrences of the 182-day T -bill rate can be improved by 

additional knowledge of past occurrences of the 91-day T -bill interest rate. This result 

in lower error of forecast than if the 182-day T -bill was to be predicted based on it's 

past values only. This relationship is supported by the Granger causality and FEVD 

analysis. 
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Fishers (1930) hypothesis and other supporting researches in the Fisher's hypothesis; 

Fama (1975) and Fama and Gibbons (1982) who all revealed that there exist a positive 

relationship between inflation and interest rates. 

This positive impact of inflation on the interest rates may be attributed to the fact that, 

a continuous increase in inflation leads to an increases in the prices of goods and 

services, depreciation of local currencies as compared to other currencies, an increase 

in the prices of imported good and a decline in the prices of exports to other countries. 

This can make developmental projects in the country very expensive for any 

government, thus forcing them to borrow from the public (in terms of bills) to carry 

out these projects, and therefore leading to an increase in bills rate so as to attract 

investors to investments in it. 

.:. 

Also, among the four rates studied, only exchange rate significantly impacts on the 

inflation rate over time at both its levels, and the growth rate as seen by the VEC (2) 

and VAR (1) model. It is seen that, continues increase in the exchange rate results in 

increases in inflation over time. As supported by the Granger Causality analysis, the 

91-day and l82-day T -bill cannot individual improve prediction of inflation; but a 

combination of these variables with exchange rates does improve predictions in 

inflation rate. The implication of these findings is that predicting inflation on its 

lagged together with lag values of exchange rate or a combination of the 91-day T -bill, 

182-day T -bill and exchange rates, yields better results than predicting it on its own 

lagged values alone. The findings also indicate a unidirectional relationship between 

inflation and the 182-day T -bill. 
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Levels, as well as growth rates of exchange rates as seen from the results, do not 

significantly impact the two T -bills in a short run, but the growth rates in these two T 

bill rates significantly impact the rate of growth in exchange rate in a short term. Thus, 

predicting future growth rate of exchange rates on lagged values of 91-day T -bill rate 

and 182-day T -bill rate, together with pass values of exchange rate itself yields a better 

forecast with smaller error than predicting exchange rate growth on its own past values 

alone. The insignificance of inflation in predicting exchange rate also indicates a 

unidirectional relationship between inflation and exchange rates. 

An economic implication of this relationship between exchange rates and inflation is 

that, a high exchange rate implies a depreciation of the Ghana cedi relative to the US 

dollar, thus more cedis are needed to change few dollars. This makes US goods more 

expensive, which can causes high import cost and cheaper export, which in a long run 

leads to high prices of inputs and equivalently high cost of production in Ghana 

leading to high inflation as indicated by Pradyyumna and Bhole (2013) and Noer et 

al., (2010). The results also supports views by Bernake and Gertler (1999) and Vickers 

(1999) on the impact of exchanges rates on inflation forecast in the UK. Likewise an 

appreciation in the Ghana cedi, relative to the US dollar, will cause cost of imported 

goods to be less expensive and high cost of export of Ghanaian goods, leading to a 

reduction in the cost of production and inflation depreciation. 

The inability of levels of the 91-day T -bills, 182-day T -bills and inflation rates to 

explain significant portion of variations in the exchange rates in a short run as shown 

by the VEe (2) model, support views of Meese and Rogoff ( 1983a, b) and Frankel and 

Rose (1995) and Keminsky and Schumulkler (1998), that levels of macroeconomic 
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variables cannot significantly and consistently explain variability in exchange rate 

behaviour at short term or medium term frequencies. The statistical significance of the 

T -bills in explaining variations in exchange rates, however contradicts results by 

Sargent and Wallace (1981), Furman and Stiglitz (1998) and Dornbusch (1976) model, 

which all indicated an existing positive relationship between interest rates and 

exchange rates. However the significance of the growth rates in these two T -bills in 

explaining variability in growth in the exchange rates in a short run, supports their 

views that higher interest rates leads to depreciation of local currencies and a 

considerable high exchange rates. 

The contradiction of some results of this research, with views of some researchers, 

may be due to disparities in financial liberalization, liquidity across market, 

international debt crisis, among others. Also, many of these researches used data from 

developed countries such as the US and UK among others, which have a well 

structured treasury security systems such that determination of one bill/note/bond may 

be affected by other adjacent bills/noteslbonds and inflation rate. It may also be due to 

the fact that, the Ghana government's borrowings in carrying out developmental 

projects, especially in times of high inflation and depreciated cedi, are channeled 

towards borrowing in terms of long term investments such as treasury notes or bonds, 

leaving short term investments such as T -bills not to be much affected. 

4.5 Conclusion 

This chapter focused on the analysis and discussion of the results obtained. It gave a 

detailed and concise presentation of the major findings of this study. 
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CHAPTER FIVE 

CONCLUSION AND RECOMMENDATIONS 

5.0 Introduction 

This chapter presents the conclusion and recommendations of this research. 

5.1 Conclusion 

In this research, the dynamic relationship existing between Treasury bills, inflation and 

exchange rates in Ghana was investigated using data between January, 2000 to 

October, 2012 from the Bank of Ghana (BoG). To fit an appropriate multivariate time 

series model to describe the existing relationship between these rates, the nature of 

trend and stationarity of each rate was investigated. The exploration revealed that, the 

91-day T -bill, 182-day T -bill and inflation have a quadratic constant growth rate 

whiles exchange rate have a constant linear growth rate. It was also realized that, the 

levels of these variables were not covariance stationary and are first differenced 

stationary. A Johansen's unrestricted co-integration test performed on the rates 

revealed that, the variables were co-integrated and that there exists two linearly 

independent co-integrating equations (vectors) describing this long-run equilibrium 

relationship between the rates studied. 

The VEe (2) and V AR (1) models showed that, levels and growth rate of the 91-day 

T -bills depends on its own past values but independent of inflation, 182-day T -bill and 

exchange rates. Levels and growth rate of the 182-day T -bill rate depends greatly on 
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past levels and growth rates of the 91-day T -bill but independent of itself, inflation and 

exchange rates. Future occurrences as well as growth of inflation also depend only on 

exchange rates behaviour and growth rate of the exchange rate depends on the two T 

bill rates and on its own past occurrences. The results also establish that, a continues 

depreciation of the Ghana cedi leads to high and more volatile inflation which leads to 

increases in interest rates. 

Comparing the V AR (l) and VEC (l) models by the model selection criteria showed 

that, the V AR (l) model provides an accurate model for further inference on the 

relationship between the set of rates since it has the least values of the information 

criteria than the VEC (2) model. A diagnostic test performed on the V AR (l) model 

revealed that, the parameters of the V AR (1) model were structurally stable over time 

and the residuals of the individual models and the overall V AR (l) model were white 

noise series. The results of the Granger causality test showed that, there exists a 

unidirectional causality between the 91-day and 182-day T -bill rates, a unidirectional 

relationship between inflation and the 182-day T -bill rates, between exchange rate and 

the two T-bill rates, as well as between exchange rate and inflation rate. The Forecast 

Error Variance decomposition showed that, much of the variation in the growth rate in 

the 91-day T -bill rate have been explained by innovations in the 91-day itself. The 91- 

day T -bill rate also contributes most in forecasting the uncertainty of the 182-day T 

bill rate. Apart from inflation itself, the 91-day T -bill was the most influential in 

forecasting the uncertainty of inflation. Lastly, apart from exchange rate itself, the 91- 

day T -bill rate contributes most in forecasting the uncertainty of the rate of exchange. 

A Chi-square goodness of fit performed on an out-sample forecasted growth rates for 
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each of these rates showed that the V AR (1) model fitted was adequate for 

determining the behaviour of the rates over time. 

5.2 Recommendations 

Based on the outcomes of this research, it is recommended that; 

1. The government should pay much attention to both exchange rate and 

inflation dynamics over time due to their relationship with interest rates in 

a long run; since a continuous depreciation of the cedi could lead to high 

monetary inflation which can leads to high interest rates thus making 

government borrowings through securities very expensive. The government 

must also ensure that prudent measures are put in place to ensure that 

inflation rates are kept low to keep the levels of interest rate stable over a 

period of time. 

11. Although interest rate seems to be increasing with increasing inflation, a 

continuous increase in inflation can lead to high prices of commodities and 

services in the country and this can make the returns of investments not 

worth enough; investors are therefore advised to consider factors like 

inflation and the value of the currency and its performance in the financial 

market in their investment decisions, so that best decisions can be made if 

investments in such securities is worthwhile. 

111. To appropriately model the relationship between these economic variables 

over time, it is recommended that data on many other economic variables 
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should be made available. This will help to formulate more structured 

economic models for these variables over time. 

IV. It is also recommended that further studies should be carried out with these 

variables over time, where additional exogenous variables likely to have 

impact on each of these macroeconomic variables be included in the 

V ARIVEC process so as a obtain a best multivariate time series which can 

be used by the BoG and the Treasury for forecasting each of these rates 

over time. This will help the government to identify early remedies of 

volatilities in these rates. 

v. Also, attempts can be made by other researchers to identify the causes of 

non-stationarity of the co-integrating equations and the insignificance of 

the equilibrium adjustment factors by imposing restrictions in fitting the 

VEC model or fitting non-linear co-integrating equations. 
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