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Optimal Monetary Policy
under Risk and Uncertainty

Diego Nocetti!l

ABSTRACT

This paper secks to characterise optimal monetary policy rules in the presence
of risk and uncertainty. I explore a situation in which the true parameters and
the true structure of the economy are unknown to the policymaker, and he is
reluctant to make a decision based on a single distribution estimate (i.e. he
faces Knightian uncertainty). I show analytically that if the policymaker does
not know the true structure of the economy he will be more cautious than in the
case of only parameter risk. Further, I show that Knightian uncertainty can also
lead to an extra precautionary motive when one considers its interaction with
parameter risk. In a simple exercise, I provide empirical estimates that demon-
strate that adjustments due to parameter and structural risk and Knightian
uncertainty can potentially be quite large.

The Federal Reserve’s experiences over the past two decades make it clear that
uncertainty is not just a pervasive feature of the monetary policy landscape; it is
the defining characteristic of that landscape. The term ‘uncertainty’ is meant here
to encompass both ‘Knightian uncertainty’, in which the probability distribution
of outcomes is unknown, and ‘risk’, in which uncertainty of outcomes is delimit-
ed by a known distribution. In practice, one is never guite sure what type of
uncertainty one is dealing with in real time, and it may be best to think of a con-
tinuum ranging from well-defined risks te the truly unknown. — Alan Greenspan
{2004)

1. INTRODUCTION

OW SHOULD MONETARY POLICY be selected in the face of uncertainty? This
Hlong—debated question has recently been the theme of a large body of

research. In essence, defining what the optimal policy should be
reduces to identifying the ‘“ype’ of uncertainty that the policymaker faces.2 It
is well known, for example, that when there is only additive risk and prefer-
ences are linear-quadratic the policymaker should act as if the expected val-
ues were the true values.

Brainard {1967} shows, however, that under parameter (multiplicative)
risk the policy response is more cautious than in the case of certainty.
Brainard’s ‘conservatism principle’ is an intuitive candidate to reconcile the
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gradualism commonly observed in monetary policy movements and the much
more aggressive behaviour often implied by optimising models under certain-
ty equivalence. Most empirical studies, however, find that the attenuation
effect of parameter uncertainty is not nearly enough to explain the data {e.g.
Rudebusch, 2001).

In contrast to the standard Bayesian approach that seeks to charac-
terise policy in terms of risks, recent research (e.g. Hansen and Sargent 2003;
Giannoni, 2002, 2006) has also focused on policymaking in the face of
Knightian uncertainty. This line of research has found that, in general, the
optimal policy is even more aggressive to changes in the economy than the cer-
tainty-equivalent case.

Although the literature has come a long way in assessing policymaking
in the face of risks or uncertainties, it is clear from the preceding remarks of
the former Fed Chairman that both are important determinants of monetary
policy in the US and around the world. Therefore, this paper seeks to charac-
terise optimal monetary policy rules in the presence of risk and uncertainty.
Specifically, | analyse a situation in which the true parameters and the true
structure of the economy are unknown to the policymaker, and he is reluctant
to make a decision based on a single estimate of the parameters’ distribution.
In doing so, I explore whether the model can explain the monetary policy grad-
ualism usually observed in the data.

Following Cogley and Sargent {2005) and Brock, Durlauf, and West
{2003, 2004} I assume that the monetary authority applies a technique known
as Bayesian Model Averaging to optimally guard for structural risk.? Using
this approach to derive an optimal monetary rule I show that, in addition to
‘Brainard’s conservatism principle’ due to parameter risk, structural risk
unambiguocusly leads to a more cautious policy response than the average
model considered.

Next, to describe the preferences of the monetary authority under
Knightian uncertainty I use the so called e-contamination model presented by
Epstein and Wang (1994), where the decision-maker has a reference probabil-
ity distribution (of the parameters vector) but does not trust this specification
completely. As a result of this uncertainty, the optimal instrument is one that
minimises a standard Bayesian risk function (accounting for structural risk as
described above) but gives a larger weight to the worst-case scenario.

Using a numerical simulation, I show that the conventional wisdom
that Knightian uncertainty leads to a stronger policy response is largely
dependent on its interaction with parameter risk (in the sense of the coeffi-
cients’ variance). Further, in a simple exercise, I show that when one accounts
for all ‘types’ of uncertainty, the precautionary motive can be quite large and
the implied optimal rule is close to the celebrated Taylor rule.

In the next section I present the model(s) of the economy. In section 3
I derive the optimal policy rule for a standard Bayesian regulator who faces
parameter and structural risks. In section 4 1 depict the optimal policy in the
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presence of Knightian uncertainty. In section 5 [ present empirical estimates
while section 6 concludes.

2. THE STRUCTURE OF THE ECONOMY

I depict the structure of the economy by means of a very simple model of out-
put and inflation presented by Svensson {1997) and extended to include
parameter risk by Estrella and Mishkin (1999). In particular, the model con-
sists of three equations: a dynamic Phillips curve where inflation p depends
on its lag, on a lag of the output gap y, and on a vector of other predetermined
variables x; an IS curve where the output gap depends on its lag, the mone-
tary policy instrument r (say the Fed funds rate), and the mentioned exoge-
nous variables; finally, the third equation defines the dynamics of the exoge-
nous variables. In contrast to Svensson’s analysis I consider the case where
neither the parameters nor the structure of the economy are known with cer-
tainty. I model structural risks by assuming that the central bank considers
K models that include all possible combinations of j exogenous variables (i.e.
K=2J}. Formally, model i (=1,2.....K} is given by

ﬁle ﬂ. +a]lyf+zajf rr;+E!01,i (1)
j=3

yr+l,r'= 1|yr 21 +2 i’l_,l I+11 (2}

xH-],z,j c}z 1, aur+1r,u (3]

where the subscript [ indicates that the variable or parameter correspond
exclusively to this particular model.

Since the instrument affects inflation with a lag of two periods it is con-
venient to write the reduced-form expression (for inflation two periods ahead)
in terms of current values of the variables and period t+1 and t+2 distur-
bances

4
ﬂ’-Hza ﬂ +Kly1 Ker+Z Jal 111+§r+21 [ }
i=3

where [ have defined

Kl,anl,f(1+bl,£), K, '—alnbh , and X, _.a”(l+c},)+a1, Jd

n
‘;‘14-2,:' = al,zVH],r + az,rZFm,f,J + £r+1 J + 5‘r+2 i
i=3
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Note that, despite its simplicity, the model space can potentially accom-
modate an enormous amount of information in the vector of exogenous vari-
ables. The motivation of such data-rich environment is twofold. First, recent
research (e.g. Bernanke and Boivin, 2003; Stock and Watson, 2003} has
shown that the use of a wider information set might improve inflation’s fore-
cast accuracy. Second, and probably related to the former, in practice central
bankers use a very large number of variables to set policy.

3. OPTIMAL POLICY UNDER PARAMETER AND STRUCTURAL RISKS
The problem of a Bayesian regulator who faces parameter and structural risks
can be characterised as follows

Min [I(p,8)Pr(6| D)d6 (5)
e

where I(p, 6) represents a loss function yet to be defined, that depends on p,
the policy instrument that has support P, and 8 (with support @) which rep-

X
resents the quantities that affect the function.  PN@| D) =Y Pr(6|D,i)Pr(i| D)
i=l

represents the average of the posterior distributions of # (conditional in the
data D and the particular model i), weighted by the posterior model probabil-
ities Pr({|D). (This is known as Bayesian Model Averaging?).

In the present context, we will need an estimate of the mean and vari-
ance of 6. Leamer (1978) shows that, after accounting for structural risk, these
estimates are

K
E(6| D)= Pr(i| D)E(8| D, i) {6)

and
Var(6| D)= i Pr(i| DYVar(6|D,1)+ i Pr(i| D)[ E(0]D,i)- E(6| D) ] ' (7)
i=1 i=t

To relate (5) to the problem at hand, suppose that the policymaker sets the
instrument in period ¢ to minimise the squared deviation of the current infla-
tion forecast (for each model) from the inflation targets. In particular, the pol-
icy objective is to minimise, for each model i

Ex (Euz,i - 7[*)2 = (Er”t _ﬁ*)z + Var(”uz,f) (8)

+2,
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Assuming that the central bank does not know the coefficients of the equa-
tions and that these coefficients are orthogonal across equations and the dis-
turbances, the conditional mean and variance of inflation for model i are given

by

Ejrr+2: ﬁr+K1,iy:' ?‘+Z j.! X {9)

and

2 2 2 2 c 2 2 + +
G—icl,iyr +Gx2,l‘rl + Jx3,1x17|,_j a)l,iyr m21 jxl‘lj
V 4=3 (10)
ar(ﬁuzr

-|-O' -Hzr ]_}’r 1.

where

2 __ 2.2 2 2 _ 22 2 2 2 2
o-xl,x =a],fab,,z +Ua,,i (1+b1,i) +Jb, P O-’fzsl - al-fo-bz-’ +o-ahib2,l +6‘°’i,"o-bzal 3

2
ol =d o’ +0‘22,(1+c1) +o. Ol +a 0, 4o, b vo, o,

ﬂ? [P ]

i=3 j=3

o Ez(o-i,z‘(l+bl,i)b2!z i) D) —2[‘5 zszb ZO-U’:"’ )aJ

@, ; —2(0} ;(1+b1x)2b Zo'(alﬂ M Za(blb )'}

j=3

Writing (9) and {10) in more compact form, £7,,,, = A;Zu and Var(z,,,,) = Wzli&“’?,r
I can now rewrite (5) as

f Pr(i D)(AZ,, — %) + i Pr(i| DWW, BW,
y P ’ =1 (11)
in

o

+i Pr(f|D)[A,‘ZU —iPr(ﬂ D)A;ZU}

Using (11) it is possible to find a policy rule that accounts for both, parameter
and structural risk. First, however, 1 present the certainty equivalent rule as
a benchmark.
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3.1. Certainty equivalent rule
To solve for the certainty equivalent optimal rule, suppose that the policy-
maker knows (or believes) that model / is the true model of the economy. Then,
in the case in which there is only additive risk, the variance of inflation
reduces to

Var(z,,)=0"

'>”j-

while the mean is given by (9). Thus, the optimal policy rule is given by

(EI_E*)-F yr+zx,: 117 (12}

K. 27

r=

This feedback rule has the same form as the one proposed by Taylor (1993).
Here, however, the response coefficients might be different from the ones sug-
gested in the aforementioned paper and the monetary authority responds to
other variables in addition to the output gap and the inflation gap.

3.2, Solution under parameter and structural risks
When the policymaker does not know with precision either the true parame-
ters in (1}-(3) or the true structure of the economy it is simple to verify that the
optimal interest rate rule takes the form
K .
ZPr(i| D) x,, (7""; _”*)+[K1.ixz.f ]yz + Z[ Ko K™ ]xz,f,_; (13)
i=1
r = = -
Y Pr| D)2, + o2, + (xf -5, ) )
F=1
where xj = ZPr(i|D)x2.,. represents the expected value of the parameter after
=1
averaging across the models. Intuitively, the optimal policy rule is a weighted
average of the optimal rules for each model under consideration, with the
weights given by the posterior model probabilities.
By comparing (12} tn (13} we see that, due to the variance of the policy

instrument’s parameter o’i i » the policy response is more cautious than the
certainty equwalence rule 1or the average model, which is Brainard’s famous

2
result.6 The term( K, — K‘z,,) is due to structural risk. Since this term is strict
ly positive we have the following

Proposition: Suppose the policymaker does not know the true structural model
of the economy. Then, this structural risk leads him to set a policy response that
is more cautious.
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The intuition of this result was provided by Brock et al {2003 p.12) in a gen-
eral framework of policy analysis under structural risk and is a straightfor-
ward extension of BPrainard’s conservatism principle. Since the policymaker
cannot tell which of the models is the true one, the posterior variance in (7} is
larger than in the case of only parameter risk due to the variance across mod-
els of the expected value of the response coefficients, i.e. because

K b
> Pr(i| D)[ E(0|D,))~ E@O|D)| = fPr(q D)(xf -x,,) >0

This additional risk makes him respond less aggressively to changes in the
inflation rate, the output gap, and the exogenous variables. Whether this
adjustment is economically significant is an empirical issue that I address in
a later section.

4. SEARCHING FOR ROBUSTNESS WITH UNCERTAIN DISTRIBUTIONS
To incorporate robustness under Knightian uncertainty I adapt the prefer-
ences described in Epstein and Wang {1994).7 In particular, I assume that the
policymaker’s objective is to minimise the following function®

(1-e) jz(p,e) Pr(6] D)d6 +e| Sup,, fz( p.6)Pr(8| D, i)de} (14)
0] o) .

The interpretation of (14) is as follows. As before, the policymaker has an esti-
mate of the true distribution but he does not know the true parameter values
in (1}-(3) nor the true structure of the economy. Now, however, he is reluctant
to make a decision based on a single distribution estimate. Thus, he assigns
a probability e that the true distribution (of the parameters) might be different
from his estimate. To account for this uncertainty the policymaker minimises
the worst possible loss. Thus, e reflects the degree of ambiguity aversion. In
the limiting case that e=1 he sets policy only using a minimax rule. When
e=1, (14) reduces to a standard Bayesian expected loss function. In interme-
diate cases, the policy will give a larger weight to the worst possible scenario.

Specifically, defining #’ as the optimal rule for the case of only param-
eter and structural risk and 1",l as the rule that minimises the worst-case sce-

nario, the solution for intermediate degrees of ambiguity aversion is
r=er’ +(1—-e)r (15)
Since I have already found # above {equation 13) I only need to find the min-

imax rule,

4.1. Minimax solution
To obtain the minimax sclution I follow Brock et al’s {2003} local robustness
analysis. Specifically, I am looking for a policy rule that minimises the expect-
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ed loss, given that an adversarial agent will, starting from fixed parameters in
(9)-(10}, select one or more parameters from a given interval to hurt the poli-
cymaker as much as possible.9

I consider parameter uncertainty in the model (which I denote *} that
includes the lagged output gap, the lagged inflation gap, and all other exoge-
nous variables. Further, I consider uncertainty around a subset of parame-
ters1@

' 2 2 P
6"=(al,aj,b],bz,bj,0'bz,0'a]) forj=3...n
Although I focus on estimation issues later, for expositional continuity I pres-
ent the minimax solution here. In particular, I obtain (see section 5.2) that the
maximum loss occurs when

gt*z(ﬂ,a

)

where a lower/upper bar indicate that the loss function is maximised when
the parameter is at the minimum/maximum of the boundaries con31dered (i.e.
the estimated value among all the models considered).

It follows that the optimal minimax rule is!!

| {21‘(71. F*)_,{ |'K2a'—— Jy,+2(xz 0y, ]xt'h"} (16)

?;=

[\)

Kz,:* + O-kl o

with K, =ab,, K =a(+8), &, =a,(4c)+ab, 0’ . =dol +o b’ +a  oF

The intuition of these results is the following. First, a reduction in a, and b,
makes the instrument less powerful and thus increases the policymaker’s
loss. Second, an increase in b, or | b;l moves output away from potential,
which in turn deviates inflation from target. Compared to the optimal rule
under no Knightian uncertainty, the adjustments due to changes in a,, b,, by,
and |b;| are ambiguous, depending upon the relative uncertainty over the
mean and variance of the coefficients. Third, an increase in the parameter
makes the policymaker more vulnerable to changes in the exogenous vari-
ables. To deal with uncertainty over this parameter he responds more aggres-
sively to x, ;. Finally, because the policymaker is risk averse, an increase in the
policy instrument’s parameter variance will harm him and will lead to a more
cautious response, 12

From this exercise it is clear that the effect of uncertainty on the opti-
mal response is ambiguous. In contrast to recent findings (e.g. Hansen and
Sargent 2003, Giannoni 2002, 2006) regarding the effects of unknown param-
eters’ distribution (a larger optimal feedback rule), Brock et al. {2003) show
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that whether uncertainty increases or decreases the optimal policy response
depends on which parameters have an uncertain distribution and on the
interaction among the parameters. What our exercise demonstrates is the
importance of the parameters’ risk (in the sense of the variance of the coeffi-
cients) in determining such interaction.

5. MODEL ESTIMATION
To motivate future empirical work I present a simple exercise where the vec-
tor x includes one additional lag of the output gap (y,,) and one of the Fed

funds rate (r.,}, which gives a total of four models. Further, to provide a more

reasonable account of the Fed’s behaviour I generalise the core model by
including the output gap into the objective function. The analytical solution
for the optimal rules under this setup is presented in the appendix.

I estimate the model (1)-(3) using annual U.5. data over the period
1970-2003. Inflation is defined as the average four quarters change in the
GDP chain-weighted price index; the output gap is defined as the (four quar-
ters average) percentage deviation of real GDPF to potential GDP as estimated
by the congressional budget office; and the Fed funds rate is the average rate
during year ¢ . Before proceeding with the results [ present some methodolog-
ical issues.

5.1. Bayesian model averaging methodology

To apply Bayesian model averaging we need an estimate of the posterior prob-
ahility for each model and for the parameters vector. For a particular model i
its posterior probabhility is given by

Pr(D|))Pr(D)

Pr(i| D) =—
> Pr(D}k)Pr(k)

(17)

where Pr(Dli)= _[PT(D 6.5)Pr(B]iXdf is the integrated likelihood of model i,
Pr(¢ il) is the prior density of g under model i, Pr(D|8,i) is the likelihood, and
Pr(j is the prior probability of model i

To estimate (17} two priors have to be specified, one for the model and
another for the parameter’s vector. 1 take a pragmatic approach. First, 1
assume a non-informative (uniformj prior over the model space. Thus, the pol-
icymaker assigns. a prior probability of 0.5 to the outcome that the coefficients
attached to the j exogenous variables are different from zero. With this
assumption at hand, 1 follow an approximation suggested by Rafterty (1995)
to calculate the posterior probability for each model. Specifically, the weights
are BIC adjusted likelihoods RELEIS

Pr(i|D)== -_— (18)

Z RELEZEN

i
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Table 1: Optimal rules

Model 1

Model posterior 0.2420

Certainty equivalence optimal rule {1=0.5)

Inflation gap 1.0683
Output gap 1.9537%
S
Y s

Certainty equivalence optimal rule (A=1)

Inflation gap 0.5496
Output gap 1.8642
Tt

Y1

e=1 optimal rule A=0.5
Inflation gap 0.0410
Output gap 0.2610
Tz -1.4533
Yt -0.2273
e=0 optimal rule A=0.5
Inflation gap 0.7860
Output gap 1.4207
fyy -0.6185
Yeq -1.2518
e=0.5 optimal rule A =0.5
Inflation gap 0.4135
Output gap 0.8409
T g -1.108
79 -07380

Model 2
(req)*

0.2472

0.2901
3.3350
-3.3249

0.1451
3.3330
-3.2688

0.0359
0.1892
-1.6712
-0.7888

a=1
0.4998
1.7745
-0.2979
-1.3300

A=1
0.2679
0.9819

-0.984
-1.0594

*Refers to the additional variables added to the model

Model 3
(y)*

0.2573
1.7704
3.2529
-2.2193
0.9688
2.9939

-1.8909

Model 4
(1 & Yy
i

0.2535

0.8432
2.6919
-0.1390
-1.6685

0.4304
2.6317
-0.0031
-1.5471

Average
0.9930
2.8084

-1.7319

-1.9439

Average
0.5235
2.7057

-1.6360

-1.7190

Similarly, I impose a uniform distribution to the coefficients and I assume that
the errors are ii.d. normal with known variance. As explained in Brock et al
{2003), this assumption has the advantage that the posterior estimates of the
mean and variance of the regression coefficients are given by the OLS esti-
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mates. Thus, I estimate the IS and the Phillips curves separately by OLS (esti-
mates reported in Appendix 2), I obtain the posterior probability for each, and
then average the weights obtained for each model. For example, with two mod-
els, if model i has a weight of 0.6 for the IS curve and 0.5 for the Phillips curve
while model I has a weight of 0.4 and 0.5, then I would use model posterior
weights of 0.55 for i and 0.45 for L

5.2, Minimax methodology

As mentioned above, the optimal minimax rule {e=1) that I consider is the one
that minimises the expected loss of the worst possible scenario in the model
that includes all the exogenous variables in the vector x (in this exercise the
vector x includes one additional lag of the output gap (y, ;) and one of the Fed
funds rate (r.,)). Specifically, embedding the generic optimal rule for this
mode] (given in (A.3} in the appendix) in the loss function {A.1) I ask: what
parameter configuration maximises the loss?

To answer this question I first obtain, for each parameter, the coeffi-
cient estimates for the four different models. Then, given these values, I eval-
uate the loss function using all possible permutations of the set of coefficients.
As mentioned above, I obtain that the maximum loss is given when

6.*=(5_’ a. ’b_l’b_?-’ bJ ’G;z’cjl) fOl’j = 3,4

where a lower /upper bar indicates that the parameter that maximises the loss
function is the one obtained in the model with the minimum/maximum coef-
ficient estimate. The minimax rule is the one that uses these estimates as if
they were the true values.

5.3. Results

Table 1 presents the certainty equivalent optimal rules for each model {and for
two different weights on the output gap), the optimal rule under e=1 for the
model with two additional variables, the rule under no Knightian uncertainty
(e=0), and a rule for an intermediate degree of ambiguity (¢=0.5).1% I am not
placing any particular emphasis on the absolute values of the rules, which
would be expected to vary with a number of factors (the model space, prior
specification, the boundaries selected, and so onj); rather, the overall pattern
obtained is of interest.

In the minimax ruale the optimal response to the output and the infla-
tion gaps is much smaller than the average certainty equivalent rule (around
85 to 95 percent lower}. This is due to very small mean estimates in one of the
models of the instrument’s response coefficients a, and b,, and relatively large
estimated variances. By looking at (16) one can see that this is exactly the con-
dition necessary for uncertainty to lead to an extra precautichary motive.
Second, in contrast to previous research (eg. Estrella and Mishkin, 1999;
Rudebusch, 2001), I find a quite large adjustment due parameter and struc-
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tural risks. Specifically, the optimal rule for e=0 gives a response to the infla-
tion gap that is around 20 percent {for A=0.5} and 4 percent (for A=1}) lower
than the average certainty equivalence rule. The response to the output gap
shows an even larger reduction; around 50 percent for A=0.5 and 335 percent
for A=1. Finally, the additional lags of the output gap and the Fed funds rate
show similar reductions.

Since both cases (e=0 and e=1) provide lower responses than the cer-
tainty equivalent rule, it follows directly that the average also results in lower
response coefficients. It is appealing that the reaction functions under e=0
and e=0.5 show values close to those suggested by Taylor (1993). As argued
before, however, | do not want to draw any major conclusion from the absoclute
values obtained.

6. CoNCLUSION

This paper solves the problem of a regulator who fears model misspecification
and is reluctant to assign a unique distribution to the model(s) parameters. As
expected from a standard Bayesian perspective I find that model risk leads the
monetary authority to be more cautious. Probably more surprising is the find-
ing that Knightian uncertainty also leads to a precautionary motive. This
result, however, should be corroborated with a more complete empirical study
that considers a wider model space (for example with different assumptions on
expectations formation), different priors, and other specifications that would
make the optimal rule realistically robust to uncertainty.

Accepted for publication: 20th Jarnuary 2007

APPENDIX 1

Policy rules with output in the objective function

In this appendix I generalise the model with the assumption that, in addition to infla-
tion, the policymaker includes the output gap in the objective function. Thus, follow-
ing Estrella and Mishkin {1999} the policymaker minimises for each model i

E(#,., — 7% +AE (7., (A1)

+27

where / is the weight attached to the output gap.

Using the expected values and the variances of inflation and the ocutput gap
given by the structural model in (1)-{3), I look for the rule that minimises this loss func-
tion under three alternative scenarios that depend on the degree of risk and uncer-
tainty that the policymaker faces.

The certainty equivalence rule is obtained by assuming that the policymaker
knows (or believes) that model § is the true model of the economy and he also knows
the true parameter values:
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au(zrr—ir*)+(x'14ah +5, A.)yz +Z(“1 K, +£.b )x“J (A2)

J=3

n=

The generic minimax rule (e=1) (the one that minimises the loss function of the model
with all the exogenous variables — i* —} is essentially an extension of the results
obtained by Estrella and Mishkin (1999) who consider parameter risk in a single model
that has one exogenous variable:

2;-(’; 7 ) (11* 2. b: b;-‘a_m;.]yr'*

{A3)

n
2 4
+Z(KZJ,KH. 24’2 b};' ] g%
=3

xz,.+ak J,+ar +‘1sz-

-t
I

Finally, the rule that minimises the loss function without Knightian uncertainty but
that incorporates both structural and parameter uncertainty (e=0} is:

K, (I —ﬂ-'*) [ KK bl b ,xl—%]yf +
;Pr(ily) (A4)
+Z(r X, +ilbh2b ] X,

_ZK:Pr(i|y)(x +o*m+cr +ﬂb2 (Kg—&‘u) +3(E’:—bz,:)2)

1=1

e |
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APPENDIX 2

OLS coefficient estimates used in the calculation

of the optimal policy rules

Madel 1 Model 2 (v, }* Model 3 (y,, )* Model 4

(ro1 &y }”
al 0.1727 0.0143 0.3231 0.1459
a3 -0.2146 -0.1825
a4 -0.2558 -0.1835
bl 0.5397 0.3276 0.8095 0.8525
b2 0.3050 0.0984 0.3019 0.3300
b3 -0.3160 0.0460
b4 -0.4511 -0.,4714
c3 0.8030 0.8030
cd 0.6015 0.6015
varal 0.0114 0.0131 0.0159 0.0204
var h2 0.0081 0.0261 0.0061 0.0286
var bl 0.0169 0.0361 0.0196 0.0576
cov (bl, b2) 0.0034 -0.0174 0.0012 -0.0309
cov (b1, b3) 0.0288 0.0493
cov (b1, b4) -0.0116 -0.03338
cov (b2, b3) : -0.0280 -0.0343
cov (b2, b4) -0.0001 0.0150

*Refers to the additional variables added to the model
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2, Following Knight (1921) I refer to uncertainty as a situation in which the decision
maker has an unknown probability distribution of the outcomes and to risk as a situa-
tion in which the true distribution is well identified. Further, I differentiate between
structural risk and parameter risk. The former refers to cases in which the policymak-
er does not know the true specification of the economy (for exampie, he might consider
models that have different lags or different assumptions about expectations formation}
while the latter is used exclusively for risk about the coefficients of the structural mod-
els. An equivalent terminology is used for structural and parameter uncertainty.
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3. Min and Zellner (1993) show that Bayesian Model Averaging is optimal in the sense
that it minimises the expected forecasts errors.

4. Brock et al (2003, 2004) provide a complete description of this technique in the con-
text of monetary policy.

3. Svensson (1997) shows that the sclution to the period by period optimisation prob-
lem is equivalent to the dynamic solution of two period’s ahead inflation forecasts. For
the empirical estimation I generalise this setup by including output in the obiective
function.

6. Note, however, that this result depends on the magnitude of the covariance esti-
mates.

7. See also Gilboa and Schmeidler {1989) for an axiomatic treatment of decision mak-
ing under Knightian uncertainty

8. Brock et al. (2003) suggest this specification but they do not pursue the problem fur-
ther.

9. This is different from the approach employed by Giannoni {2002, 2006) where the
policymaker considers an interval in the coefficients of (1)-(3). Because the interval is
known and constant, the variance of the parameters would not appear in the optimal
policy rule (i.e. the optimal rule is the same as the certainty equivalence rule using the
parameters that maximise the loss).

10. These are the most important parameters in terms of the feedback rule and the loss
function. Since the persistence parameter of the exogenous variables, ¢;, does not
change across models I do not consider it for the minimax analysis.

11. The general form of the rule is essentially an extension of the results obtained by
Estrella and Mishkin (1999) who consider multiple parameter risk in a single model
with one exogenous variable,

12. Many of these results are not general but the product of the numerical estimation.
The effects on the loss function, however, are in line with previous research and eco-
nomic intuition.

13, All data were obtained from the Federal Reserve Bank of St. Louis website.

14. The estimated parameters are presented in the appendix.
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