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Abstract

Applying the MCMC algorithm for time varying Bayesian VAR model, I have estimated the
impulse response, stochastic volatility and forecast error variance decomposition. The model
allows both parameters and stochastic volatility to vary. The impulse response of
unemployment, inflation and interest rate to the interest rate shock using the UK data during
1971:Q1-2016:Q4 has taken place for a horizon of 40 quarters. The obtained result indicates
that the response to interest rate shock does not decay entirely and the shocks have substantial
effect on error variance in the forecast horizon, and the stochastic volatility has reduced over

time except unemployment.
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Dynamics and Interactions of Monetary Policy and Macroeconomic Variables:

Empirical Investigation in the UK Economy with Bayesian VAR

1. Introduction
In the macroeconomics research, different types of vector autoregression (VAR) model have
been using extensively. Contemporary development in the field of empirical research and
application is the Bayesian econometric tools and the use of Bayesian VAR has been increasing
in this area. In the VAR model, all variables are depended on all other variables and their lag
including its own lag. Therefore, VAR models need to estimate a large number of parameter,
which can make the estimate imprecise. Bayesian VAR model has to estimate the prior
information into the estimation process that makes the estimates more precise. I have applied
Bayesian VAR in modelling and conducting the empirical analysis of this study for the United

Kingdom (UK) economy data of unemployment, inflation and interest rate.

The relationship between unemployment and inflation has gone through loads of scrutiny from
both theoretical and empirical perspectives in the economics literature. A long-standing debate
exists about the effectiveness of monetary policy to stimulate the macroeconomic performance,
to be specific, determining the relationship between unemployment and inflation, still this is
speculative idea (Tobin, 1972; Mankiew, 2001). Thankfully, the world has been able to accept
the core principles of monetary policy as a working consensus (Goodfriend, 2007; Arestis and
Sawyer, 2008). However, this is neither a real agreement nor a conclusive result on the rule of
monetary policy, and relationships between unemployment and inflation. Empirical
macroeconomic researchers have been using different econometric tools including reduced
form regression, VAR, correlation analysis etc. for a better understanding of the relationship
of unemployment and inflation, and the role of monetary policy to obtain the best outcome.
Recent literature has been trying to explore unemployment and inflation relationship applying
the Bayesian methodology (e.g., Cogley and Sargent, 2001; Cogley and Sargent, 2005;
Primiceri, 2004; Sim and Zha, 2006; Benati, 2008).

Due to the drifting coefficients or other potential nonlinearities, monetary policy shock in the
time series variables evolves over time. Upon these criticisms of invariant parameters in the
model a few empirical researchers, for example, Cogley and Sargent (2005), Primiceri (2004),

have started to analyse VAR allowing time varying parameter and at the same time variation



in the stochastic volatility. My interest in this paper is to understand the small UK economy
case applying the similar identification of the model, as most of the analyses in literature have
used the data of the United States (US) economy. I have chosen the variables and model in
such a way that keep the number of parameters small as calculation of a large number of

parameters is troublesome and cover the theoretical base of Philips curve.

VAR model with stochastic volatility is difficult to estimate because this makes the likelihood
function intractable. Bayesian inference with Markov Chain Monte Carlo (MCMC) algorithm
methods overcome this difficulty of intractability (Nakajima, 2011). Geyer (1992) endorses
that in the simulation of stochastic processes whose probability densities are known up to a
constant proportionality, MCMC method is a general statistical application. However, to date,
the macroeconomic researchers have paid most focus on Bayesian applications. To compute
posterior densities of the model encompassing the drifting coefficients and stochastic

volatilities, I have applied the Bayesian VAR with the MCMC algorithm.

In the estimation process of the impulse response function in this model, [ have considered the
unemployment and inflation rate variables in the non-policy block, and the interest rate in the
policy block. I mainly concentrate to the shock to the interest rate, as this is considered to be a
policy variable. The reason of counting the interest rate in the policy block is that the monetary
policy is intimately connected with the new consensus in macroeconomics where this, as a key
policy instrument, has become firmly based on the use of interest rate (Arestis and Sawyer,
2008; Goodfriend, 2007). I have presented the posterior densities of the forecast horizon for
the variables applying time varying Bayesian VAR model. The reported results are the impulse
response of the unemployment, inflation and interest rate to the interest rate shock, estimated
stochastic volatility and forecast error variance decomposition (FEVD) due to the interest rate

shock.

The empirical findings of the research, presented in the three-dimensional graph, mostly go
with the view of the non-neutrality of monetary policy in the long run. The monetary policy
shock does not entirely die out, and it has some implications to interpret the forecast horizon
of unemployment and inflation relations as well as interest rate itself. However, the response
and the relationship cannot be confirmed as I did not conduct the significance test. The
methodological and empirical development of the model is the primary focus of this research

than the empirical confirmation of a theory. The related interest of this research is to understand
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the role of monetary policy, to be specific, the interest rate in forecasting the unemployment
and inflation, and determining their relationship. To understand the pertinence of a monetary
policy variable in explaining the relationship between unemployment and inflation, I measured
the impulse response of shock to the interest rate. The data used in this research on the UK
economy are quarterly data for inflation, unemployment and bank rate as a proxy of interest
rate. This research mainly contributes to the following key issues for the UK economy case
during 1971: Q1 to 2016: Q4. Design Bayesian framework using MCMC algorithm for the
above variables in the UK economy and present of the effect of the shock to the monetary
policy on unemployment and inflation as studies have been done on this topic using the UK

data is few.

I'have organized the paper as follows. Section 1 has introduced the topic and methodology, and
summed up the core findings. Section 2 covers the review of the literature on concepts,
theoretical and methodological development. The third section presents the theoretical
framework of the model. Section 4 is on the data source and description, and section 5 gives
the empirical framework. The penultimate section contains the research result, and the last

section concludes this study.

2. Literature Review

2.1.Unemployment, inflation and monetary policy
Unemployment, inflation and interest rate are some of the very core issues in the
Macroeconomic extent. The study on the relationship among them has developed a rich set of
literature in the range of both theoretical and empirical aspect. Friedman (1977) remarks that
the professional view of the relationship between unemployment and inflation has passed
through three stages. First, acceptance of a stable Phillips curve, that is a stable trade-off
between unemployment and inflation. Second, the introduction of expectation in the
unemployment-inflation model. Third, the development of empirical evidence favouring an
apparent positive relationship between unemployment and inflation. Since then quite a few
structural shifts have taken place, and studies have endeavoured to capture them. Taylor (1997)
to summarise the findings of research of monetary policy, clusters the research issues and
results in four blocks. First, attaining the long run neutrality feature of monetary policy, that is,
the result does not find the evidence of the long run trade-off between the unemployment and
inflation rate. Second, the finding that confirms that monetary policy is non-neutral in the short-

run. Third, the collection of researches that are concerned about the function of the monetary
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policy if it should be viewed as a contingency plan or a policy rule, the focus of these research
is the credibility, time inconsistency and rational expectations of monetary policy. Fourth, the
studies that deal with determining the broad characteristics that sound monetary policy should
contain. Though draws no specific conclusion about how should monetary policy be used to
influence unemployment and inflation, Parkin (1998) analysing DGE models for The US, UK
and Canadian data opines favouring the consensus rule that arises from an accumulation of
evidence and theory which has led most macroeconomists to describe the world in terms of
four propositions as follows. First, as changes in the demand for money is not predictable, it is
better to target directly the inflation than to target a monetary aggregate. Second, contingency
rule has taken as superior to discretion, as the credibility and time consistency problems remain.
Third, though with the constant inflation at the natural rate of unemployment a trade-off exists
between the unemployment and inflation, there is no long-run trade-off between them. While
independent of monetary policy the natural rate of unemployment may varies for many reasons,
so targeting zero inflation incurs no permanent costs but brings enduring benefits. Fourth, the
research cannot fine-tune unemployment and inflation, as the time lags in the effects of
monetary policy extend beyond its forecast horizon. Referring to the historic quote in Hume’s
1752 easy, Ball and Mankiw (2002) point that even though two centuries passed, professional
of economics could not reach a consensus about the reason of trade-off between unemployment
and inflation while classical theory takes money as neutral. According to Dobrescu, Paicu and
Iacob (2011), in the post-war era the analysis of the trade-off between unemployment and
inflation has undergone numerous stages— the acceptance of the 1957 hypothesis of A.W.
Phillips and the succeeding Phillips curve; contributions of Friedman by revealing a long-run
vertical Phillips curve and introducing the natural rate of unemployment. Mankiew (2001)
stipulates that unemployment and inflation trade-off is not about deriving a stable downward-
sloping Phillips curve by plotting these two variables in scatter diagram or not running specific
regression of these variables with well-fitted data and producing precise coefficients. At its
heart, the idea of trade-off between unemployment and inflation is about the influence of
monetary policy that claims that these two variables go opposite directions in the short-run

with the changes in monetary policy variable.

Empirical researchers have conducted a bunch of study on unemployment, inflation and
monetary policy. Applying different methods for the semi-annual US dataset, Karanassou and
Sala (2010) argue for the trade-off between unemployment and inflation. However, considering

as a superior indicator, their focus is on the money growth than the federal fund rate in getting
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the response of unemployment and inflation to the shocks. Blanchard and Gali (2010) show
that from the normative point of view when frictions and real wage rigidities are a presence in
the labour market, monetary policy that tends to stabilize inflation strictly is not the best. They
conclude that monetary policy implies some accommodation of inflation, but limited
fluctuations in unemployment. Coibion (2012) finds, for US data during 1970-1996, variation
in results based on different methodology. While standard VAR results give a minimal
fluctuation in unemployment and inflation accrued from the shock to the monetary policy, the
Romer and Romer methodology implies substantial fluctuations in both unemployment and
inflation determined by the monetary policy. Medium sized real effects of shocks to the
monetary policy have been found from Taylor rules, which also indicate the significant
historical contribution to real fluctuations due to the monetary policy shocks. Several factors
influence the strengths of the monetary policy shocks. These include the pattern of contraction,
lag structure, the period for a target, which are responsible for the consistent and most likely
medium size effects of the monetary policy shocks from the different approach. Louis and Balli
(2013) attempt to explore if the distinctive unemployment rate in organization for economic
cooperation and development (OECD) with the US is the result of unanticipated deviation of
the short-term OECD rates from the fund rate and to understand if monetary policy target for
low-inflation is responsible for the financial crisis. In the very short-run, they do not find any
effects of interest rate differential shocks on unemployment, but there is effect in the long-run.
Drastic deviation from the US monetary policy incur a higher cost and persistent
unemployment in the OECD countries, on average the inflation targeting countries incur higher
cost. Applying an identification scheme for the non-accelerating inflation rate of
unemployment (NAIRU) estimate allowing regime shifts in the structural shocks, Kajuth
(2014) concludes that there are significant statistical and economic relationships between
unemployment and inflation in Germany, and justify the trend of the unemployment rate as
NAIRU. To understand the unemployment and inflation relation, Bhattarai (2016) analyse the
data of OECD economies with panel data using fixed and random effect, and panel VAR
models for the period 1990-2014. In the country specific regressions, out of 35 of OECD
economies 28 observe empirically significant Phillips curve phenomena.

Gerlach, Lydon and Stuart (2016) study the determination of inflation between 1926 and 2012
in Ireland to test the overarching view about the unemployment-inflation relationship that the
small economy Ireland does not have the Phillips curve relationship. They incorporated
unemployment relative to the NAIRU and import prices to estimate a backwards looking

Phillips Curve and found that unemployment has a statistically significant effect on inflation.
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Literature has also been dealing with different analytical dimensions. According to Karanassou,
Sala and Snower (2009), as the conventional wisdom accepts that no long-run relationship
exists between unemployment and inflation, the evolution of unemployment and inflation can
be sufficiently modelled by separate branches of economics. Hence, the macro branch with
inflation dynamics accepts the existence of the natural rate of unemployment (NRU) and
estimates the unemployment rate compatible with inflation stability (NAIRU), and the labour
macro branch accepts the existence of the NAIRU and attempts to identify the real economic
driving forces of NRU. They recommend adopting a holistic framework to be able to model
inflation dynamics jointly, estimate the unemployment-inflation trade-off and determine the
factors that are responsible for the movements of the equilibrium unemployment rate in the
long run. Beyer and Farmer (2007) study the co-movements in unemployment, inflation and
federal funds rate in the US and observe that these can be well described as non-stationary but
cointegrated variables from 1970 through 1999. They find stable cointegrating equation over
the entire period that links unemployment with inflation and the evidence through the neo
Keynesian model leads to be sceptical of the theories that maintain super neutrality assumption
so the ‘natural rate doubts’. Berentsen, Menzio and Wright (2011) investigate the long-run
relationships between inflation or nominal interest as a measure of monetary policy and
unemployment as a measure of labour market performance for the quarterly US data during the
period 1955-2005. The paper documents that in the low-frequency, inflation and interest rates
have a positive relationship with the unemployment rate. Using the search-and-bargaining
approach to model labour markets and goods markets, they find that monetary policy as a sole

driving force accounts for quite a lot of unemployment behaviour.

2.2.Relevant VAR and Bayesian literature
Stock and Watson (2001) use two related structural VAR model to incorporate the various
identifying assumption of the causal relationship monetary policy with unemployment,
inflation and interest rate. Using the quarterly US data for 1960:1-2000: IV, they find the VAR
model to be instrumental in four macroeconometrics tasks—for describing the data, for
forecasting, for structural inference and policy analysis. Claiming natural alternative methods
to estimating the impulse response from VAR, Jorda (2005) recommends computing the
impulse response of a given VAR model for each period’s local projections but not for
extrapolating into horizon progressively. Ribba (2006), identifying a small structural vector
error correction model by using the long-run and short-run combination of restrictions for the

period 1980-2001, studies the dynamic interactions at various frequencies among
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unemployment, inflation and federal fund rate. The study finds that in the short run
unemployment and inflation move in opposite directions due to aggregate demand and
monetary policy shocks. While analysing the pre and post 1980 data for the US economy using
the VAR model, Boivin and Giannoni (2006) find fewer effects of the shock to the monetary
policy during the post-1980 period. Lanne, Lutkepohl and Maciejowska (2010) estimate two
model to understand the applicability of a Markov regime switching property of structural VAR
analysis in identifying shocks when the matrix of reduced form error covariance varies across
states. According to the study, to obtain identification under general conditions assumption of
the shocks to be orthogonal and of the impulse responses to be invariant across regimes is
enough. In case of regimes more than two, the regime invariance condition is advised to test.
D’Agostino, Gambetti and Giannone (2013) using a VAR of time varying coefficients with
stochastic volatility, produce real time out of sample forecast up to 3 years ahead for the
unemployment rate, inflation rate and a short term interest rate for the US economy. The
findings confirm the time varying VAR as the only model that delivers precise forecasts
systematically for these variables. Therefore, the paper concludes that for forecasting structural
economic change is vital to take into account and as the incorporation of the prominent features
of a time varying economy in a time varying VAR is flexible but parsimonious, it is a reliable
tool for real time forecasting. However, Clark and Ravazzolo (2015) estimate the Bayesian
autoregressive and VAR models by incorporating a different form of time varying volatility
including stochastic volatility models coupled with random walk, stationary AR process and
fat tails, and GARCH and mixture of innovation models. They find that conventional stochastic
volatility in the autoregression and VAR specifications dominate other specifications of

volatility mainly in density forecasting and to some extent in point forecasting.

A well set of analysis has been done applying the Bayesian VAR with stochastic volatility to
explain and forecast the interactions among unemployment, inflation and monetary policy.
Cogley and Sargent (2001) apply nonlinear stochastic state space model with time varying
parameters in Bayesian VAR to detect the features of unemployment and inflation dynamics
of US economy in the post World War II period and describe the evolving nature of the law of
motion for inflation. They use time variant coefficients and unknown time invariant innovation
covariance matrix for error variance that conflicts with quite a few existing literature, which
used changing VAR innovation over time. The model predicts that the evidence goes against
the natural rate hypothesis of Philips curve when the observations of lower and more stable

inflation are accumulated. Upon controversies with some contemporary literature and
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criticisms, Cogley and Sargent (2005) conduct a similar type of analysis with same data set.
However, to address some of the criticisms, they use VAR allowing both coefficients and the
volatilities (R) to vary. They apply the MCMC methods to present posterior densities for
numerous objects that are pertinent for monetary policy. They use posterior distributions in
evaluating the strength of some tests, which they do for testing the null hypothesis that the
autoregressive coefficients of VARs are time invariant against the alternative hypothesis of
time varying coefficients. After taking into account the stochastic volatility, the results accept
the drifting variances within the new specification and preserves the previous evidence for
drifting systematic parts. However, evidence of having drifting coefficients is a concern as
detecting evidence for movements in the systematic part is more challenging than detecting the
stochastic volatility of a VAR. Cogley, Morozov and Sargent (2005) also estimate a Bayesian
VAR for the UK economy allowing coefficients to drifted and the stochastic volatilities during
the period 1957-2002. To compute the posterior densities, they used the MCMC algorithm.
When they illustrated the model by constructing different fan charts for the UK inflation for
2003-2008, they find that to forecast inflation parameter uncertainty and drift matter greatly
for the longer forecast horizon while only slightly matter for one or two years ahead. Primiceri
(2004) also uses multivariate stochastic model for US data from 1953:1 to 2001:1II to model
time varying VAR allowing both coefficients and variance covariance matrix to vary over time.
The study considers literature as divided into two categories in explaining the strong evidence
volatility, those focuses the heteroschedasticity of the exogenous shocks, and those emphasise
the ways of responses of macroeconomic variables to the shocks. Specifically, the variability
of the monetary policy over time has the potential effect on the transmission of innovation, and
the rational and forward looking agents induce additional modifications in the transmission
when the macroeconomic system with the rational agent is dynamic and interconnected. The
paper confirms the non-policy exogenous shocks to be more dominant than the interest rate
policy to explain the occurrence of unemployment and inflation in the considered recent time
in the US economy. To address the dynamic evolution of variables with interconnection among
them, VAR with time varying parameters performs better (Primiceri, 2004; Cogley and
Sargent, 2005). Applying a structural VAR model that allows coefficients and stochastic
volatility to vary over time for post war the US, Benati and Surico (2008) report having a strong
negative correlation of the persistence and predictability evolution with the long-run coefficient
evolution of inflation in the monetary rule. Canova and Gambetti (2009), using 1959-1967 data
for prior calibration and 1967-2006 data for estimating the model for US economy, find that in

time varying model with robust sign restriction, monetary policy shock is responsible for a
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little amount of the level and variation of volatility and persistence in the inflation and output
growth. They observe little significant evidence of the interest rate response to inflation in the
long run. Cogley, Primiceri and Sargent (2010) estimating VAR with drifting coefficients and
stochastic volatility, investigate if any change has taken place in the persistence of US inflation.
They use similar VAR model as Cogley and Sargent (2005) and Primiceri (2004), but unlike
those previous studies, they allow stochastic volatility in the state innovations (Q) as like the
VAR innovation (R). Nakajima (2011) estimate a similar model of time varying VAR for Japan
economy's inflation rate, output and interest rate. The study suggests that the time varying VAR
model with incorporation of stochastic volatility indicates a great potential to be considered as
a very flexible toolkit in analysing the structure of evolution in the modern economy. However,
the study makes a few cautions about applying this model in case of a negative real interest
rate. Blake and Mumtaz (2012) present a very comprehensive book of empirical Bayesian

econometrics along with calibration in matlab code.

In this article, I have heavily depended on the content of Cogley and Sargent (2005) and
Primicery (2004) for the theoretical framework, and Blake and Mumtaz (2012) for the

empirical analysis.

3. Theoretical Framework
I have developed a multivariate stochastic volatility VAR model for the law of motion of
variance covariance matrix of the observation equation to observe the response of
unemployment and inflation to the monetary policy shock. The model is structural VAR in the
sense that it captures well-developed economic theory. For numerical evaluation of the model
with drifting coefficients and multivariate stochastic volatility, I evaluate the posterior of the

parameter by using MCMC algorithm.

The model contained in this study is a multivariate state space model with observation equation
and transition equation. The typical use of this type of model is in detecting structural changes
in the relationships and extracting unobserved components from the data in time series set up.
Since early 1990s, a considerable amount of literature has been developed that employs VAR
model in the attempt of identifying and measuring the effects of monetary policy innovations
on unemployment, inflation and other macroeconomic variables (Bernanke and Blinder, 1992;
Sims, 1992; Bernanke, Boivin and Eliasz, 2005; Nakajima, 2011). I have used both time

varying coefficients and time varying variance covariance matrix of the additive innovations
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in observation equation in this state space VAR model. The idea of stochastic volatility has
been used extensively in the recent empirical literature, particularly in finance since Black
(1976) originally proposed the idea (Black, 1976 cited in Nakajima, 2011). Currently, the
empirical macroeconomic researcher has been using the stochastic volatility concept (Cogley
and Sargent, 2005; Primiceri, 2004). Drifting coefficients and shocks of stochastic volatility
are a common observance in the data generating process of economic variables. The
consideration of time varying coefficients but a constant volatility in disturbances ignoring
possible variation of the volatility raises a possible misspecification bias, so VAR model with
both time varying coefficient and time varying stochastic volatility is used (Nakajima, 2011).
Time varying coefficients and time varying variance covariance matrix together allow the data
to determine where the time variation of the linear structure is derived from—if it is from the
changes in the size of the impulse shocks or from the response to the shock, that is changes in
the propagation mechanism (Primiceri, 2004). In the considered model, the devised drifting
coefficients are supposed to capture the possible nonlinearities or time variation in the lag
structure and the multivariate stochastic volatility to capture the possible heteroschedasticity

of the shocks and nonlinearities in the simultaneous relations of the variables.

3.1.The model: general specification of the state space model

Observation equation of the state space VAR model is
Yi=ci+ Z?:l Bj,th_j e PO (1)

Here, Y. is a vector of endogenous variables of observed data (U, I, B)
ctis a vector of constant terms

Biis a vector of VAR parameters; Bt = {B1...... Bp.}

Yejis alag of Yq

viis a vector of heteroschedastic unobservable shocks

This VAR can be written in a compact form as follows

Y= XP+ vi
Xi={ct, Yie1,........
There are identical regressors in each equation of the VAR so that it can I rewrite as

Vec (Y = (IN®X:) Vec (Br) + Vec (v¢) for each time period t=1..... T.

&® (Kronecker product) allows to present the transition equation in terms of VAR coefficients

in vectorised form at each point in time.

The residuals, v is conditionally normal with mean zero and covariance matrix R;
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Time varying coefficients B in the equation (2) below are formulated to follow the first order
condition of random walk process, which allows both temporary and permanent shifts in the
parameters. Following Cogley and Sargent (2005), I assume that the state vector B¢ evolves as
driftless random walk subject to reflecting barriers.

Br =B, eevnen.. , Pr) represents history from dates 1 to T for the VAR parameters. A joint
prior of the driftless random walk component can be represented by

p(B", Q= p(B"| Q) p(Q)=p(Q) [1¢ =g p(Brs1] Br, Q)

Bt evolves in the transition equation as follows
Bt: Bt_l B e~ S (2)
The innovation e; is normal with mean zero and variance Q; e ~ N (0, Q); Cov (v, e) = 0.

In this model both f¢and covariance matrix R¢are allowed to vary.

The drifting coefficient is supposed to capture a possible nonlinearity like a gradual change or
structural break; in practical estimation, this assumption implies a possibility that the time
varying coefficients capture some spurious movements as well as the actual movement as [
can move freely under the random walk assumption. To avoid such situation it is advised to
assume the time varying coefficients to be stationary while downside of this formulation is that
even if there is structural change or permanent shift exists it is difficult to estimate (Nakajima,
2011). However, we need to specify the model in such a way that is suitable for the data set
and goes with the policy prioritization. The stability condition for the VAR reflects an apriori
belief about the implausibility of explosive representations for unemployment, inflation and
interest rate. The stability prior follows from the belief that the Bank of England (BoE) has
some purpose when sets monetary policy rules. When the BoE observes a loss function that
penalizes the variance of inflation, it will take a policy rule that results compensate the loss and
will not allow a unit root in inflation to end up with an infinite loss. B" is drawn for p(B"|R, Q,
Y1) but ensure the stability of VAR in each point of time (Cogley and Sargent, 2005).

The reflecting barrier for stability can be encoded as an indicator function as below

1B = M7= 1(Bs)

The value of the function I(f3s) varies between O and 1, when the roots of the associated VAR
polynomial are inside the unit circle the value is 0 and it is equal to 1 otherwise. The stability

restriction truncates and renormalises the random walk prior as follows

p(B".Q)  I(B") f(B".Q).
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The covariance matrix of the error term (v¢) of time varying VAR, R has the time varying
elements as [ am allowing the time varying stochastic volatility. Following Blake and Mumtaz
(2012), I prefer to present R in a simplistic way as follows

Ri=ATH A (3)

Here, ajj; are the elements of a lower triangular matrix A and h;, are the diagonal elements of

a diagonal matrix H;. For my three variables model, A; and H; can be presented as below

1 0 0
A= A12,t 1 0
Qi3 Qzzr 1
Here, ajjt=ajje1 + Viyeorooiiioniiins (4)
Var(Vy) =D
hit O 0
H; = 0 hye O
0 0 hg

I assume that diagonal elements of H; are independent, univariate stochastic volatilities. The

elements evolve as driftless geometric random walks

Inh;; = Inhj— FZif, o (5)
Var (ziy) = gi
Zi=cimi, fori=1,..... 3.

Therefore, B¢ and ajj; are two sets of time varying coefficients in the model and the diagonal
elements h; entail a stochastic volatility model for in the matrix Hi. It is assumed that the
standard deviations (i) evolve as geometric random walks in the stochastic volatility model,
which establishes a substitute for ARCH models (Primiceri, 2004).

For clarification purpose, it is worth noting the following relationship

Awve =g

Where, Var (&) = H;

For the VAR consisting of three variables the relationship implies the following set of

equations

1 0 0 Vl,t sl,t
Aot 1 0 <V2,t> = < 2,t>
aizr azzc 1/ \Vat €3t

It is convenient to expand the above relationship as follows

Vit = Sl,t .................................................................. (6)
VZ,t: - alZ,tV]_,t + SZ,t; Var (EZ,t) = hZ,t ............................... (7)
V3t =-a13tVit- A3Vt + €3¢ Var (€3¢) =hze.ooi (8)
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aize=anct +Vio Var (Vi) = Diooooo 9)

a1zt _ (A13,t-1 Vat Vzt)_
(ae) = Gzt ) (32 Var ()= Dz (10)

Therefore, ajj are the time varying coefficients on regressions involving the VAR residuals.

Here is the main difference between the specification of this paper and the one by Cogley and
Sargent (2005) paper. They take A as constant over time while I am taking At as changing
over time. It is crucial to allow the matrix A¢ to vary in a time varying structural VAR because
otherwise an innovation to the i variable would make a time invariant effect on the j variable.
Hence, to model time variation in a simultaneous equations set up, among variables

simultaneous interactions are necessary (Primiceri, 2004).

For permanent shifts in the innovation variance, the random walk specification is devised.
Independent of one another and of the other shocks in the model, the volatility innovations zi
are standard normal random variables. o is a scale free parameter in the volatility innovations
to determine their magnitude. R; is a positive definite confirmed by the factorisation in equation
(3) and log specification in equation (5). Correlation among the elements of v¢ is allowed
because of the free parameters in A;. The matrix A orthogonalizes v, however, this is not

considered as an identification scheme.

Cogley and Sargent (2005) found that with the stability condition imposed the ordering of the
variables in the VAR model has little evidence of differences in posterior estimate of Q and
hence shifting drift in Bi. As specification of model in this paper is mostly similar to that of

Cogley and Sarget (2005), I have not cared much about the ordering of the variables.

In drawing posterior, I cannot apply Carter and Kohn algorithm only because observation
equation in my state space model is non-linear in the state variable hi. As stochastic volatility
hic makes the observation equation of the state space model, I need to use independence MH
method as Jacquier, Polson, and Rossi (2004) suggested to apply this algorithm at each point
in time to sample from the conditional distribution of hj rather than the carter and Kohn
algorithm. MH method offers an alternative algorithm to Gibbs sampling when conditional
distribution of the parameter is not available in the closed form. Thus this VAR model can be
estimated by combining the Carter and Kohn algorithm to draw ; and ajj, the independence

Metropolis Hastings (MH) algorithm for the stochastic volatility. Time varying coefficients ajj,
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in the regression of VAR residual can be sampled similarly as B¢ as contain similar

characteristics.

3.2.Forecast using the model: IRF and FEVD
The purpose of forming the model and algorithm is to calculate the impulse response function
(IRF) of the three macroeconomic variables to the shock to policy variable and decompose the
error variance. An impulse responses trace out the response of each of the variables, that is
unemployment, inflation and interest rate, to a one-unit change in the current value of interest
rate in the VAR errors. In calculating the impulse response, it is assumed that all other errors
are equal to zero and the interest rate error returns to zero in subsequent periods. For calculating
the impulse response the coefficients and error obtained from the above model for the selected

variables can be presented as follows

(Zy) (© @ (Ze1) (E)
Uty (C1 BI1 B12 P13\ /ye—1\ (vl
(1t>: (cAz) + | f21 p22 23 (11:—1) +<v2>
Bt/ \C3 31 32 p33) \Bt—-1/ \v3
vl
Var (UZ):ZZAQ'AQ
v3

Before shock occurring assume Zy is zero and ¢ is zero.
Because E; are correlated rewrite the model in terms of orthogonalized shock to distinguish

the shock effect.
(Square root of Y, Ay) (U¢: Uncorrelated/ orthogonal shocks)
vl A1l A21 A31 pult
V2 |= Al2 A22 A32 u2t
v3 A13 A23 A33 u3t

So the VAR model become

U\ so\ /P11 BI2 BI3\ /)0 A11 A21 431\ sul
1 |=(o |+ p21 p22 p23 <U0>+ A12  A22 A32> <u2
B1/ \0o/ \g31 g32 433/ \BO A13 A23 A33/ \u3

OrZi=AZi1+AoUt oo, (1 1)
10

In the first period Zo = | U0 ] is assumed to be O.
BO

So if shock is given in period 0 it is transmitted as
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U1\ /0 ﬁzl ﬁEZ BE3 Uo A11 A21 A31\ /0
(11>:<o>+ 21 22 [23 <Io>+<A12 A22 A32> <0>
B1/ \o/ \g31 g32 33/ \BO A13 423 433/ \1

A31
= A32

A33
The given shock in period 0 is transmitted to period 2 as
v2\ [BI1 B12 BI3\ /1
(12>= p21 (22 p23 (11)
B2/ \pg31 p32 p33/ \Bl

u2n [B11 B12 B3\ /431 A31811 + A3212 + A33413
(12 >= 21 22 23 <A32> = | A31621 + A3222 + A33[23
B2/ \p31 p32 p33/ \433 A31831 + A3232 + A33[33

and so on

Therefore, the impulse response for shock in period O is cumulated in future as

Period Unemployment (U) Inflation (I) Interest rate (B)

1 A3l A32 A33

2 A31B11 + A3212 + A33B13 | A31621 + A32[322 + A33[23 | A31831 + A32[32 + A33433

FEVD traces out the percentage of the variance of the error made in forecasting a variable due
to a specific shock to the error term in the bank rate equation at a givzen horizon, for this model
the horizon is 10 years or 40 quarters. Error variance decomposition can be represented as
follows for a two period simplified version.

The two period ahead forecast, for example, is presented as

Zuwi =c+ AZ

Zio=c+AZwni=c+A(c+AZ)=c+Ac+A’Z

The true value Zi> and the estimated value Zu> will be different because of future shock Us.
The FEVD calculates the degree of importance of the shocks in driving the variance of the
forecast error. We need to calculate the actual Z» for calculating the FEVD.

Ziv1=cC+ AZi+ AoUwi

Zur=c+AZu1 + AoUma=c + A (c + AZ+ AoUp) + AUz =c + Ac + A?Zi+ AAoU 1+ AoUii2

The forecast error is for two period
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{=Zu2 - Zirr = AA0Uu1 + AgUi2

Var ({)= [AAo)* Var (Uw1)+ [A¢]? Var (Uuz2) =[AAo(IRF periodd2) >+ [Ao (IRF period1)]?
Var ({ (1)) is the cumulative sum of the square of the impulse response to shock i

Mean square error (mse) is the total variance in the model due to all the shocks in in the model.
mse= Var ({(I)) + Var (C(U)) + Var ({(B))

FEVD here is the variance of the error made in forecasting three variables due to a specific
shock to the error term in all variables at the given 40 quarters horizon.

Therefore, the FEVD for i variable is

FEVD (i) = Var ({(i)) / mse

3.3.Bayesian inference
This paper estimates the state space model with time varying state variables. I have used
Bayesian methods to evaluate the posterior distributions of the parameters to deal with
unobservable components. A Bayesian approach is the commonly used when the parameters
and shocks are less clearly distinctive than in other situations. Primiceri (2004) mentions three
other factors favouring the suitability of Bayesian methods for estimating this type of models
and prefers Bayesian to classical approach. a) The classical maximum likelihood estimator of
the variance generates pile-up problem that gives a point mass at zero in case of small variance
of the time varying coefficients; b) There is high chance of getting a likelihood with multiple
peaks in classical model when there are high dimensionality and nonlinearity in the parameter.
In addition to the possibility of the peaks being uninteresting or implausible regions of the
parameter space, the likelihood may reach particularly high values if peaks are very narrow.
Consequently, the representative may not fit on a wider and interesting parameter region; c)
Though in principle it is possible to write up the likelihood of the model, in reality maximising
the functions over such a high dimensional space is a difficult task. In a Bayesian setting the
use of uninformative priors of the parameter space on reasonable regions helps effectively to
rule out these misbehaviours. Bayesian method splits the original estimation problem in smaller
and simpler one, and hence is efficient to deal with the high dimensional parameter space and

the nonlinearities.

In this study, I have used Gibbs sampler for numerical evaluation of posterior of the parameters.

Due to the non-linearity of state space model derived from the stochastic volatility maximum
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likelihood estimation entails heavy computational burden to repeat the filtering for many times
in evaluating the likelihood function for each set of parameters until reach at maximum. In such
situation MCMC method provides a precise and efficient estimation. A particular variant of
MCMC methods, Gibbs sampling draws from lower dimensional conditional posteriors as
opposed to the high dimensional joint posterior of the whole parameter set. Being a smoothing
method MCMC generates smoothed estimates, that is, the estimates of the parameters is based
on the entire available set of data. However, the appropriateness of smoothed estimates
compared to filtered ones cannot be established apriori, but depends on the specific problem
we are dealing with. For constructing model diagnostics or forecasting evaluation, filtered
estimates are more appropriate but smoothed estimates are more efficient for investigating the
true evolution of the unobservable states over time. In such cases, filtered estimates are
inappropriate but smoothed one as they may have transient variation even if the model is time
invariant.

The history of a variables M" in generic vector up to a time period T can be expressed as

..............

Y= S T y'T] and
hi1  hyy  hz

HT hiz  hz,  hs
hir har hsr

Y" and HT represent the history of data and stochastic volatilities up to date T respectively.
I shall use MCMC methods to simulate the posterior density. n;i and & are assumed to be
independent in this stochastic volatility model to simplify the algorithm greatly for simulating

the posterior distribution.

4. Data and Sources (1971:Q1-2016: Q4)
For this research, I have collected data for all three variables from the Central Bank, BoE. The
interest rate variable is captured by the quarterly average of monthly bank rate series. The Bank
rate 1s considered as the single most important interest rate in the UK, which is set usually eight
times a years by the Monetary Policy of Committee of the Central Bank. The BoE adjusts bank
rate in order to reach the inflation target (BoE website). The inflation is captured as CPI
inflation rates for wedge adjustment, and the unemployment is labour force survey
unemployment rate. All variables are quarterly for the period 1971-2016, from first quarter

1971 to fourth quarter 2016. Therefore total number of observation is 184.
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Figurel presents the trend of the variables from first quarter of 1971 to fourth quarter of 2016.
The figure shows that in the first half of the sample period inflation was very high at some
points and more volatile. Unemployment and interest rate were also high with comparatively
more volatility than the second half of the observation period. While over the whole period
unemployment trend is nearly unchanged, both interest rate and inflation followed downward
trends, shown in the dotted linear trend line. In the first half of the period, it seems
unemployment and inflation broadly followed opposite direction while in the latter half
observes similar direction. The naked eye observation in this figure is that the unemployment
in general follows a standard natural rate path that is not much volatile and inflation follows

the similar path of the interest rate.

Figure 1: Data plotting and linear trend line for 1971Q1-2016Q4
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Source: Author's presentation from the dataset

Descriptive statistics of the variables are presented in the Tablel. For the 184 observations,
interest rate observed the highest mean followed by unemployment and inflation. The largest
difference between maximum and minimum value is observed for inflation (25.06 percentage
point), the difference for interest rate is 16.75 percentage point and for unemployment is 8.50

percentage point. In the same token the largest standard deviations is for inflation followed by
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interest rate and unemployment. The highest unemployment was in 1984Q2 and lowest in
1973Q4, the highest inflation rate was observed in 1973Q3 and lowest in 2015Q2. Since
2009Q2 bank rate has been fixed at 0.50.

Table 1: Descriptive Statistics of the Variables

Variables Observation Mean Std. Dev. Min Max
Unemployment rate 184 7.08 2.33 3.40 11.90
Inflation rate 184 5.34 5.09 -0.02 25.04
Interest rate 184 7.17 4.45 0.25 17.00

Source: Authors calculation from dataset

5. Estimation Framework
For estimating the time-varying parameters in the VAR model, the Gibbs and MH algorithm
consists of the follows steps.
Stepl: Setting prior and obtaining starting values using the training sample
Step2: Drawing P conditional on A, Hy, and Q using the Carter and Kohn algorithm; 3 A, Hs,
Q.
Step3: Sampling Q using the draw of Bi; Qi A, H, Pe.
Step4: Drawing ajj; the elements of A applying the Carter and Kohn algorithm; A Hs, B, Q:
StepS: Calculating the residuals Vi, Vi, and V3
Step6: Calculating Avi = &
Step7: Drawing gi
Estimation framework in this section is mostly in line with Blake and Mumtaz (2012) as I have

used heavily the contents of this book.

5.1. Priors and ordering
In Bayesian inference process, the priors are chosen depending on intuitiveness and
convenience in the application. If the unknown parameter is 0, for example, the prior density
need to be specified for the parameters., for instance, n(0)

_ fIe)m(e)
m(Oly) = [7(y|0)mn(6)de

n(0]y) is posterior distribution, f(y|0) is the likelihood function for the data y.
General practice is that the prior information concerning the unknown parameter is updated by

observing the data y (Nakajima, 2011). Assuming the independence of initial states for the
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coefficients, covariance and log volatilites, and hyperparameters is convenient (Primiceri,
2004). I assume the hyperparameters and initial states are independent across blocks, as a result,
the joint prior can be expressed as the product of marginal priors as follows

P(Bo, hio, h2o, h30)

=p(Bo) p(hio) p(h20) p(h30) p(Qo) p(c1) p(c2) p(c3)

Normal distribution is assumed for the priors for initial states of the time varying coefficients
p(Bo), simultaneous relations p(ao), and standard errors p(co). These assumptions together
with (3), (4) and (5) imply normal priors on the entire sequences of the B’s, a’s and ¢’s
(conditional on Q, D and g).

As a typical practice in setting the prior, I calibrate the prior distributions using the
observations of first 10 years (40 observations, from 1971: Q3 to 1981: Q2) as a training
sample. o is estimated from a standard fixed coefficient VAR applying OLS for the initial

small sample, Bo = (X'oXoo) ' (X'oXor) and the coefficient covariance matrix is given by Pop =

YoQ®X'oXo) ™!, where Xot= {Yoe1,... Yoep, 1}, Zo:(YOt_XOtﬁ;SfZOt_XOtﬁ 0) T set the prior for

Q, D and hjj as follows.

I begin with setting a prior for Q and starting values for the Kalman filter. The marginal prior
p(Q) for a multivariate model makes Q an inverse-Wishart variate, p(Q) ~ IW(Qo,To). The prior
of Q influences the amount of time variation in the VAR model, a large value of the scale
matrix Qo would mean more fluctuation in the ;. Therefore, it is critical to fix prior in a
prudential way. Inverse-Wishart prior distributions need the degrees of freedom and scale
matrices of the hyperparameters. The scale matrix Qo is set equal to Pojo*To*t, here t 1s a scaling
factor. Sometimes a small number t=3.5*10"* is used to reflect the fact the training sample in
typically short and the resulting estimates of Pop may be imprecise. Varying t can control the
amount of time-variation in the model. Set the starting value for Q, the initial state is set equal

to PBojo = vec(Bo) and the initial state covariance is given by Pop.

After Q, I set the prior for Dy and D»; the prior for Dy is inverse Gamma p(D1) ~ IG (D10, To)

and the prior for D2 is inverse Wishart p(D2) ~ IW (D20, To). Following Benati and Mumtaz

0.001 0
0 0.001

matrix C that has the diagonal elements normalised to 1. The initial state is aijoj for aj; values.

(2006) I use D10=0.001 and D20=( ) I take C = Yp'"”?and Cy as the inverse of the

The ajj; is the non-zero elements of Co and as in the Benati and Mumtaz (2006), the variance

of the initial state set equal to abs(a;)*10. Set a starting value for ajj .
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I obtain a starting value for hiy, i=1..3 and t=0....T as vit>. I set the prior i, G. Here, it can be
set equal to the log of the i element of the diagonal of Y and & to a large number. Set an

inverse Gamma prior for g; like p(gi) ~ IG(g0, v0). Set the starting value for gi.

Usually, the degrees of freedom are set to the dimension of each matrix plus one. Degrees of
freedom are chosen differently because for proper inverse-Wishart distribution the degrees of
freedom need to exceed the dimension respectively to g and the blocks of A. Because a slightly
tighter prior is necessary in order to avoid implausible behaviours of the time varying
coefficients, I take the size of the initial subsample 40 as the degrees of freedom Q. Following
the literature (Cogley and Sargent, 2005, Cogley, 2003, Primicery, 2004), I have chosen the
scale matrices, Q, gi, D1 and D3, as constant fractions of the variances of the corresponding

OLS estimates on the initial subsample.

5.2.Simulation method and model estimation
Given the data, the model is estimated by simulating the distribution of the required parameters.
Applying the MCMC algorithm a sample from the joint posterior of BT, AT and HT has been
generated. In exploiting the blocking structure of the unknowns Gibbs sampling has been used
in order. Gibbs sampling is carried out in four steps, drawing time varying coefficients (B7),
simultaneous relations (AT ), volatilities (H") and hyperparameters (Q and R) conditional on
the observed data and the rest of the parameters in turn. The following steps has been followed

to draw the posterior distribution for the parameter of interest

Draw [ conditional on A, H and Q using the Carter and Kohn algorithm. The only difference
of the algorithm in drawing f; from the VAR with and without time varying stochastic volatility
is that in time varying case the variance of v; changes at each point in time and this needs to be
taken into account when run the Kalman filter. The detailed algorithm for drawing B from

Carter and Kohn algorithm is presented in Appendix Al.

Using the draw for B, I calculate the residuals of the transition equation B¢- B1 = e.. Then with
the help of the scale matrix e/e. + Qo and degrees of freedom T + To, sample the Q from the
inverse-Wishart distribution. The innovation variance Q in the unrestricted transition equation
for VAR parameters is influential in determining the movement of f, larger values Q imply

rapid movements in B, smaller values mean a slower rate of drift, and Q=0 gives a time-
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invariant model. The stability constraint pushes the system away from the unit root boundary
and amplifies evidence for drift in B.. With imposition of stability condition, posterior mean
estimates for Q are smaller, and withdrawal of the stability prior increases the rate of drift in

Bi. I have imposed the stability condition in the estimation process.

Conditional on B¢, Hi, D1 and D2, I draw the elements of Ay, ajj;, using the Carter and Kohn
algorithm. The state space formulation for a2, are (7), (9) and the state space formulation for
a13,e and a3, are (8), (10). These two formulations are time varying regressions in the residuals
and the Carter and Kohn algorithm is applied similarly as B to each separately for drawing aj2,

ai3,c and az3z;.

Conditional on a draw for a2 ai3¢ and a3, calculate the residuals Vi, Vo and V3. Draw D

V1t'V1t+D1,0

from the inverse-Gamma distribution with scale parameter and degrees of freedom

T+To. Draw D> from the inverse-Wishart distribution with scale matrix Va2 V2 + D2 and

degrees of freedom T+T).

elt
Using the draw of A calculate & = A where & = <€2t>. € are contemporaneously
e3t

uncorrelated. We can therefore draw hi, for i=1...3 separately by merely applying the
independence MH algorithm described above for each & conditional on a draw for gi. The

detailed distribution and algorithm are presented in Appendix A2.

Conditional on a draw for hjfor i = 1..3, draw gi from the inverse Gamma distribution with

(Inhi,t—Inhi,t—1)'(Inhi,t—Inhi,t—1)+go0
2

T+V0 . .
scale parameter and degrees of freedom Tv This is the

combination of MH and Gibbs sampling algorithm.

The simulations are based on 50000 iterations of the Gibbs sampler, discarding the first 49000
for convergence. From the total draw, the last 1000 draws provide an approximation to the
marginal posterior distributions of the model parameters. The recursive means of the retained
draws for the time-varying parameter VAR has been considered for checking convergence of
the Gibbs sampler. The result is presented as three-dimensional surface diagram for the impulse
response and for error variance decomposition. The samples run from 1971:Q1 to 2016:Q4. 1
have used two lags for the estimation. After taking 2 lags and 40 training sample the posterior

density is drawn from 1981: Q3 to 2016: Q4.
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6. Results

Measuring the impulse response of the variables to monetary policy shocks is the primary focus
in this research, so I reported the impulse response of the variables. The estimated impulse
response to the shock and the estimated stochastic volatility are plotted in Figure 2.

The surface diagram from Monte Carlo simulation gives some interesting response results. The
impulse responses do not die out toward zero in the long forecast horizon ever after 10 years
(40 quarters). This is more applicable for the unemployment rate, which never shows any
indication of zero response. Interest and inflation rate response show a signal to end up with
zero response in the later part of the impulse horizon. According to Mankiew (2001), for long-
run neutrality the estimated impulse response need to die out toward zero. The impulse
response result generates draws some interesting observations here. Bernanke and Mihov
(1998) do not highlight the large impact of monetary policy even after ten years on GDP in
point estimates because the standard errors rise with the time horizon and thus for far enough
the estimated impact becomes statistically insignificant. However, considering that if one does
not approach the data with a prior view favouring long-run neutrality, one would not leave the
data with that posterior, Mankiew (2001) emphasise the data's best guess that monetary shocks
leave permanent scars on the economy. This research has been approached the data with a prior

view.

This result could be aligned with some well-supported category of research findings that there
is no long run trade-off between unemployment and inflation, there is long run trade-off, there
is short term relationship or even not. No trade-off view comes from one group of commonly
accepted literature that takes monetary policy as insignificant in the long run. In this paper
monetary policy shock is only responded by the unemployment rate and has little influence on
the long run inflation rate. The co-movement of unemployment and inflation response to shock
is in same direction up to certain horizon then inflation starts to fall but not unemployment.
While current day researchers almost agreed on no long-run trade off between unemployment
and inflation, most cases they accept the case of short run trade-off. However, at present this
topic has been puzzling the researcher when both unemployment and inflation are low. The
BoE adopted the principle of inflation targeting (IT) in October 1992 and the changes
introduced in May 1997. The strategy has been successful in terms of keeping the UK inflation
rates within the targets, however, other countries including USA, non-IT country has also been
successful in this regards (Angeriz and Arestis, 2007; Goodfriend, 2007). In bare eye, I can see

the relationship in different dimensions but whether they are significant or not is unknown at
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this point. So it might not be the case why monetary policy can directly influence inflation or
not. From the point that people set their expectation for inflation which influence the natural
rate of unemployment, it is good to give an expectation benchmark for inflation through
credible monetary policy target. As Primiceri (2004) concludes, even though there is little
evidence for a causal link between changes in systematic responses of interest rate, and the
unemployment and inflation episodes, this is not a statement about neutrality of monetary
policy. However, in this research, I do not make any specific conclusion about their relation,

as [ have not done any test for significance.

Figure 2: Impulse response to an interest rate shock (top panel) and the estimated

stochastic volatility (bottom panel)
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The bottom panel in the figure 2 presents the estimated stochastic volatility in the variables.
Since 1990s volatilities in all the variables reduced profoundly except unemployment. The
highest volatility in the unemployment is observed around 2010 which had been increasing
since 2000s. Similar volatility appearances for inflation too. Highest volatility in interest rate
is found in around 1985 and there is a small peak in recent time. For all three variables

stochastic volatilities featured highest peak in recent time is around 2010, which is very much
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the result of 2008 financial crisis. The estimated stochastic volatility has been highly reduced
for interest rate and somewhat for the inflation. In contrary opposite has happened for
unemployment. These pattern of stochastic volatility may makes response of unemployment to
shock comparatively less reliable than the response of inflation. One of the reason of reducing
stochastic volatility of inflation could be the monetary policy activism of targeting the inflation,

while unemployment is responsive to different policy indirectly.

FEVD is the related concepts to the impulse response function. FEVD represents the
percentage of variance of the error made in forecasting a variable due to shock to the specific
variable at the horizon of 10 years. The result suggests considerable interaction among the
variables. FEVD shows that there is substantial part of error variation in the model due to the
shocks even in the distant horizon, particularly in case of the interest rate. This indicates that
the shocks are influential in the error variance in the forecast horizon. This variance
decomposition is consistent with the variance decomposition of the Federal Funds interest rate

in Stock and Watson (2001).

Figure 3: Forecast error variance decomposition
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The MCMC algorithm is applied to calculate posterior using 50000 iterations and discarding
first 49000 as burn-in. The recursive means presented in the figure (Appendix B) has been
calculated every 20 draws for the retained draw for P, hit and aj;.. The X-axis of each panel

represents these parameterised vectorised, the Y-axis represents the draws. The recursive
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means suggest convergence has almost taken place for B¢ and ajj, as there is tiny fluctuations in
the figure. However, the recursive mean for hj; shows more fluctuations, probably needs more
iteration for convergence. This is because here Jacquier, Polson, and Rossi (2004) suggested
algorithm has been used which is a single-move algorithm so requires a large number of draws

before convergence occurs.

7. Conclusions
By developing the MCMC algorithm for Bayesian VAR with stochastic volatility for the UK
data between 1971 and 2016, I have calculated the impulse response of the variables to
monetary policy shock. Estimated stochastic volatility and FEVD are useful as a supplement
of the impulse response to understand the data behaviour and importance of shock to different
variables in the forecast horizon. Bayesian VAR gives more precise estimation result compared
to the classical VAR because it incorporates the prior in producing posterior. I allow both
parameter and stochastic volatility to vary to capture the possible non-linearity or drifting
coefficients in the model. To calibrate the state space model with both time varying parameter
and stochastic volatility, I have applied the Carter and Kohn algorithm for parameters and MH

algorithm for stochastic volatility in producing posterior densities.

The calculated impulse response of unemployment, inflation and interest rate to the interest
rate shock shows that the impulse response does not die out entirely toward zero at the 10 year
horizon. Although estimated stochastic volatility is downward trending with some high picks
for inflation and interest rate, this is upward trending for the unemployment. FEVD indicates
that shock to the variables have a substantial effect on the error variance of the variables in the

forecast horizon.

However, as the methodological issue is the primary focus of this research, I have not
conducted any significance test for the obtained result so do not draw the specific conclusion.
Ample scope remains to apply and develop further this method in forecasting, determining
relationships, exploring more the issues concerning methods, country experience and
observation period. With some additional test, this research can be used to explain the effect of

the shock to the economy and specify the relationship between unemployment and inflation.
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APPENDICES

Appendix Al: Drawing Bt (conditional on A, Ht and Q) applying Kalman filter and
Carter and Kohn algorithm

We can compute the mean (f;;) and the variance (Py);) using the Kalman Filter. Kalman filter
consists of the following equations which are evaluated recursively through time starting from
an initial B9 and Py

ﬁt|t—1 =p+ Fﬁt—1|t—1

Pojo=FP_1;:-1F +Q

Nejt-1= Y- Hﬁt|t—1

frje-1= HPy H +R

Btit = Brje—1 + KNeje—1

Py = Pjg—1 + KHPyq

K=Pyje—1H' e

These equations for t=1,....... ,T deliver Brr and Pr 7 at the end of recursion.

The conditional distribution of the state variable

P@BTY") = PRTY") TTE21 £ (ByBerr)

BT“’ N(.BTlTr PT|T)

Bt|.3t+1~ N(ﬁqt,[}t“: Pt|t,[3t+1)

BT~ N (,8T|T, PT|T)is already presented by Kalman filter. The computation of the mean and
variance in N (Bt(¢.,,,» Pt|t,g,4,) TEQUiTES

Bi Be+1r = Bee + Pt|tF‘(FPt|tF\+Q)_1(ﬁt+1'”'Fﬁt|t)

Py, Bri1 = Pee — PyyeF (FPuF +Q)'FPy,

These are computed going backwards in time from period from t—1 to 1.

Similar approach as Bcin Al, just need to do separately for ai2 (conditional on B, H, D1), and

a1, and a3, (conditional on B, Hi, D2)
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Appendix A2: Drawing hit of Ht applying MH algorithm

Conditional distribution of hy

f (he| h-t, yo) (-t is all other dates than t)

As the transition equation of the model is a random walk, the knowledge of hi1 and hi
contains all relevant information of h, Therefore h: can be simplified as

f (he| h-¢, yo) = f (hy he, hee1, yo)

The density is

f (hy het, het, yo) = b exp (-y/2hy) * he'! exp {(-Inh¢-p)*/20n)}

u=(Inhgs1 + Inhe.1)/2

on=g/2

Simplifying some algorithm, acceptance probability can be obtained

o = {henew > exp (-y/2hinew) }/ {heoa®? exp (-yi*/2heoa)} (see Blake and Mumtaz, 2012)
Initial value of hyis ho, the prior Inho~N(u, ) and posterior for Inhois

f (ho| hy) = ho! exp {(-Inho —po)2/2co}

here co= ag/(c+g)

o= oo {(u/d) + (Inhi/g)}

Modified candidate generating density

q(®SH=h¢! exp {(-Inh¢-p)*/20n}

u = Inhe

Ch=§g

The steps of the MH algorithm for the stochastic volatility model consists of the following
Step 1: Obtain a starting value for hy, t = 0....T as € and set the prior #, . Set an inverse
Gamma prior for g. Set starting value for g.

Step 2: Time 0, Sample the initial value of h; denoted by ho from the log normal density

f (ho| hy) = ho! exp {(-Inho —po)2/2(so}

here

Time 1 to T-1, For each date t=1 to T-1 draw a new value for h; from the candidate density
q(®%*H=h! exp {(-Inh,-u)*/20n} and compute the acceptance probability

Draw p ~ U(0,1). If u< a set h = henew, otherwise retain old draw.

Time T:for the last period t=T compute u = Inh¢.; and on = g and draw hnew from the candidate
density and compute the acceptance probability. Draw p ~ U(0,1). If u< a set h; = henew,

otherwise retain old draw.
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Appendix B: Recursive mean for the parameters in the model (Convergence)

ﬂ( h it

I lenlnm i, |
11}
"

Vectorised parameters Vectorised parameters

Vectorised parameters

Appendix C: Matlab code
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1 clear
2 addpath('G:\MSc Economics 2017-18\Semester 3
Dissertation\Estimation\Practice4\functions'});

data=xlsread('Practiced4\UnemInfBrate.xlsx"')/100;

1=2;
Y=data;
9 X=[1lagO(Y,1) lag0(Y,2) ones(size(Y,1),1) 1;
10 Y=Y (3:end, :};
11 X=X(3:end, :};

4
5
€ N=size(data, 2} ;
7
8

13 %step 1 set starting values and priors using a pre-sample of 10 years
14 TO0=40;

15 y0=Y(1:T0,:};

16 x0=X(1:TO,:);

17 b0=x0\y0;

18 e0=y0-x0*b0;

19 sigma0O=(e0'*e0)/T0;

20 vO0=kron(sigmaO,inv(x0'*x0));

22 %priors for the variance of the transition equation
23 Q0=V0O*T0*3.5e-04;

24 POO=VO0;

25 betalO=vec(b0)"';

27 %priors and starting values for aij
28 CO0=chol (sigmal};

29 C0=C0./repmatidiag(Cc0},1,N);

30 CO=inv(CO)"';

31 %aij, 010

32 alo=c0(2,1);

33 a20=C0(3,1:2);

34 %the variance of the initial state set equal to abs(aij)*10
35 palO=abs (al0)*10;

3€ pa20=diag(a20)*10;

37 D10=10"(-3);

38 D20=10"(-3) *eye(2);

40 Sremove linlLial Sample
41 Y=Y(TO+1l:end,:);

42 X=X (TO+1l:end,:);

43 T=rows (X);

46 %priors and starting values for the stochastic volatility
47 hlasl=(dif[(Y}).”2)+0.0001;

48 hlast=[hlast(l:2,:);hlast];

49 g=ones(3,1);

50 g0=0.01"2;

51 Tg0=1;

52 mubar=log(diag(sigma0}};

53 sigmabar=10;

55 %initialise parameters
56 0=Q0;

57 D1=D10;

58 D2=D20;

59 al=repmal (alQ,T,1);



60 a2=repmal (a20,T,1);

61

62 %Gibbs sampling algorithm Step 2
63 reps=50000;

€64 burn=49000;

65 mm=1;

66

67 f[or m=1l:reps

68 m

69 $%SLep 2a Sel up malrices f[or Lhe Kalman Filler

70

71 ns=cols (betal); %from here the time varying coefficients conditional on R and o

using Carter and Cohn algorithm
72 F=eyel(ns);

73 mu=0;
74 beta_tt=[1; %will hold the filtered state variable
75 ptt=zeros(T,ns,ns); % will hold its wvariance

7¢ beLall=belLal;
77 pll=P00;

78

79 %%Step 2b run Kalman Filter
80

81 for im1:T

82 x=kron(eye(N),X(i,:));
83

84 a=[al(i) a2(i,:)];

85 A=chofac(N,a'};

86 H=diag(hlast (i+1l,:));

87 R=inv(A)*H*inv(A)"';

88

89 $Prediction

90 betalO=mutbetall*F';

91 plO=F*pll*F'+Q;

92 yhat=(x*(betal0)"')"';

93 eta=Y(i,:)-yhat;

94 feta=(x*plO0*x'}+R;

95

96 %updating

97 K=(plO0*x')*inv(fela);

98 betall=(betall'+K*eta')"';
99 pll=pl0-K* (x*pl0);

100 pttii, :,:)=pll;

101 beta_tt=[beta_tt;betall];
102

103 end

104

105 %%end of Kalman Filter%%
106

107 %step 2c Backward recursion
108 chck=-1;

109 while chck<0

110 beta2 = zeros(T,ns);

111 wa=randn(T,ns};

112 error=zeros(T,N);

113 roots=zeros(T,1);

114

115: i=T;

116 p0O0=squeeze(pLL(i,:,:));
117 beta2(i,:)=beta tt(i:i,:}+(wa(i:i,:)*chol(p00)};
118 error(i,:)=Y(i,:)-X(i,:)*reshape(bela2(i:i,:),N*L+1,N);



112
120
121
122
123
124
125
126
127
128
129
130
131
132
183
134

135 %

136
187
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
lel
162
163
164
165
166
167
168
169
170
TF1
172
173
174
L5
176
7T
178

rools(i)=slLabilily(beta2(i,:)",N,L);
speriods t-l..to .1l

Eor 1=T—1 y=1.41

pt=squeeze (ptt(i,:,:));

bm=beta_tt(i:i,:)+(pt*F'*inv (F*pt*F'+Q)*(beta2 (i+l:i+1,:}-beta_tt(i,:)*F")")";

pm=pt-pt*F'*inv(F*pt*F'+Q) *F*pt;
beta2(i:i, :)=bmt+(wa(i:i,:)*chol(pm});
error(i,:)=Y(i,:)-X(i,:)*reshape(beta2(i:i,:),N*L+1,N);
roots (i)=stability(beta2(i,:)"',N,L};
end
if sum(roots)==0
chck=1;
end
end

step 3 sample Q from the IW distribution
errorq=diff (beta2);
scaleQ=(errorq'*errorq)+Q0;

Q=iwpQ (T+TO0, inv(scaleQ)});

$stepd4 sample ai] using the carter kohn algorithm
v3=error(:,3);
v2=error(:,2);
vl=error(:,1);

[al,trash]=carterkohnl (al0,palO,hlast(:,2),Dl,v2,-vl);
[a2,trash]=carterkohnl (a20,pa20,hlast(:,3},D2,v3, [-vl -v2])};

%step 5 sample D1 and D2
alerrors=diff(al);
D1=IG(TO,D10,alerrors};
a2errors=diff(a2);
scaleD2=(a2errors'*a2errors)+D20;
D2=iwpQ(T+TO0,inv(scaleD2}) ;

$step € sample h_i seperately for i=1,3
%step 6a calculate epsilon=A*v
epsilon=[];
Eer i=1:T

a=[al(i}) a2(i,:)];

A=chofac(N,a"');
epsilon=[epsilon;error(i,:}*A'];
end
$sample stochastic vol hit, i=1l...3 for each epsilon using the MH algorithm
hnew=[];
for i=1:N
htemp=getsvol (hlast(:,1),g(i},mubar (i), sigmabar,epsilon(:,1i)};
hnew=[hnew hlLemp];
end
hlast=hnew;
$step 7 Sample G for IG distribution
for i=1:N
gerrors=diff(log (hnew(:,1))};
g(i)=IG(Tg0,g0,gerrors); $draw [rom Lhe inverse Gamma dislLribulion
end
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172
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
1937
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
21:5
216
207
218
2189
220
221
222
223
224
228
226
227
228
229
230
231
232
233
234
235
236
287
238

if m>burn
outl (mm,1:T, :)=beta2;
out2 (mm,1:T,1:N)=hlast(2:end,:};
out3 (mm, 1:N* (N*L+1),1:N* (N*L+1))=Q;
outd (mm,1:T,1: (N*(N-1))/2})=[al a2];
outS (mm, 1)=D1;
oult6 (mm,1:2,1:2)=D2;
out? (mm, 1:N)=g"’;
mm=mm+1;

end

end
%save results

save tvp.mat outl out2 out3 outd4d out5 out€ out?

$compute irf to a policy shock
horz=40;*%

irfmal=zeros (size(oull,1l),T,horz,N};
for i=l:size(outl,l);

for j=l:size(outl,2)

H=diag(squeeze(out2(i,j,:})};

a=squeeze (outd (i, j, :));
A=chofac(N,a);
sigma=inv (A) *H*inv (A)';

AQhat=chol (sigma} ;

%shock to the bank rate
shock=[0 0 1];
btemp=squeeze({outl (i, j,:}};
btemp=reshape (btemp,N*L+1,N) ;

zz=irfsim(btemp,N,L,AOhat, shock,horz+L);

irfmat(i,j,:,:)=zz;

end
end

horz=40;% impulse response horizon
irfmatl=zeros{size(outl,1l),T,horz,N);

for i=l:size(outl,l);
for j=lisize(outl;2)

H=diag(squeeze(out2(i,j,:})};
a=squeeze(out4 (i, j,:));
A=chofac(N,a);
sigma=inv (A)*H*inv(A)"';
AOhat=chol (sigma) ;
$shock to the inflation
shock=[0 1 0];
bLemp=squeeze(oulLl (i, j,:});
btemp=reshape (btemp,N*L+1,N) ;

zz=irlsim(blemp,N,L,AOhal, shock, horz+L);
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239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
261
268
269
270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298

irfmatl(i,j,:,:)=zz;

end
end
horz=40;
irfmat2=zeros(size(outl,1l),T,horz,N);
for i=l:size(oull,l);
for j=l:size(outl,2)
H=diag(squeeze(out2(i,j,:})};
a=squeeze(outd (i, j,:));
A=chofac(N,a);
sigma=inv (A) *H*inv (A)';
AOhat=chol (sigmaj ;
%shock to the unemployment
shock=[1 0 0];
btemp=squeeze (outl(i,j,:});
btemp=reshape (btemp,N*L+1,N) ;
zz=irfsim(btemp,N,L,AOhat, shock,horz+L)};
irfmat2(i, j, s v )=22;
end
end
TT=1981.75:0.25:2017.00;

HH=0:horz-1;

gfor shock to bank rate
irfl=squeeze (median (irfmat(:,
irf2=squeeze (median(irfmat(:,
irf3=squeeze (median (irfmat(:,

%zfor shock to inflation rate
irf4=squeeze (median (irfmatl(:
irf5=squeeze (median(irfmatl(:
irfé=squeeze (median (irfmall(:

i, 1i, 1000
o2y, 100
0,30, 100

by el g 1) ¥
rieis2),1) )0
riri,3),1) )3

$for shock Lo unemploymenlL rale

irf7=squeeze (median (irfmat2 (:
irf8=squeeze (median(irfmat2 (:
irf9=squeeze (median (irfmat2 (:

PR NI M
rirts2),1) )5

riri,3),1) 05

%Forecast error variance decomposition

$shock Lo bank rale
irfyvl=irfl.*2;

varl=cumsum(irfvl,2);

irfv2=irf2 %2}
var2=cumsum(irfv2, 2);

irfv3=irf3.%2;
var3=cumsum(irfv3, 2);

$shock Lo inflalion
irfv4=irfd4."2;

vard=cumsum(irflv4d,2);

%unemployment
2inflation
¢bank rate
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299

300 irfv5=irf5."2;

301 varS5=cumsum(irfv5,2);

302

303 irfvé=irf6.72;

304 varé=cumsum(irfve,2);

305

306 Sshock Lo unemployment

307 1rEv?=irf7.”23

308 var7=cumsum(irlv7,2});

309

310 irfv8=irf8."2;

311 var8=cumsum(irfvs,2j;

312

313 irfv9=irfc.”2;

314 var9=cumsum(irfv9,2);

315

31€ mseB=var3+varec+tvar?

317 mseI=var2+varS5+var8

318 mseU=varl+vard+var?

319

320 cl=var3./mseB

321 c2=var5./msel

322 c3=var7./mseU

323

324 %%Figure

325 figure(1l)

326 subplot(2,3,1});

327 mesh(TT,HH,irl1")

328 ylabel ('Impulse Horizon'};
329 xlabel ('Time'};

330 axis tight

331 title('Unemployment Rate');
332

333 subplot(2,3,2};

334 mesh(TT,HH,irf2")

335 ylabel ('Impulse Horizon'};
336 xlabel ("Time"}:

337 axis LighL

338 title('Inflation Rate'});

339

340 subplot(2,3,3);

341 mesh (TT,HH,irf3")

342 ylabel ('Impulse Horizon'};
343 xlabel('Time');

344 axis tight

345 title('Interest Rate');

34¢

347

348 Lemp=(squeeze(oult2(:,:,1))});
349 subplot(2,3,4});

350 plot (TT,prctile(temp, [5S0 1€ 84],1));
351 axis tight

352 title('Stochastic Volatility Unemployment Rate')
353

354 temp=(squeeze(out2(:,:,2}));
355 subplot(2,3,5);

356 ploL(TT,prcLile(Lemp, [50 16 84],1));
357 axis tight

358 Liltle('Stochastic VolaliliLy Inflation RaLe')



359
360
361
362
363
364
365
366
367
368

369
370
371

373
374
3%:5
376
377
378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416

Lemp=(squeeze(out2(:,:,3}));

subplot (2,3,6};

plot (TT,prctile(temp, [50 16 84],1));

axis tight

title('Stochastic Volatility Interest Rate')

%recursive means

$%Figure of Lhe recursive means calculaled every 20

mbeta=rmeanl (outl, 20);
mh=rmeanl (out2,20);
ma=rmeanl (outd4,20) ;

figure(2)

subplot(2,2,1);

mesh (mbela) ;

axis tight

Litle(*\beta {t}");

xlabel ('Vectorised parameters');
ylabel ('Draws"')

subplot(2,2,2);

mesh (mh) ;

axis tight

Eitle( Yh {it¥")i

xlabel ('Vectorised parameters');
ylabel ('Draws"')

subplot(2,2,3);
mesh (ma) ;

axis tight
title('a {ijt)");

xlabel ('Vectorised parameters');
ylabel ('Draws"')

Ligure (3)

subplot(2,3,1};

mesh (TT,HH,c3")

ylabel ('Error Variance Horizon'};
xlabel ('Time"');

axis tight

title('Unemployment Rate');

subplot(2,3,2);

mesh (TT, HH, c2')

ylabel ('Error Variance Horizon'};
xlabel ('Time');

axis tight

title('Inflation Rate'};

subplot(2,2,3);

mesh (TT,HH,cl')

ylabel ('Error Variance Horizon'};
xlabel ('Time');

axis Lighl

title{'Interest Rate');

draws [or belal, hil, and aij,[
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