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Abstract

We study the design of monetary policy rules robust to model uncertainty across
a set of well-established DSGE models with varied financial frictions. In our novel
forward-looking approach, policymakers weight models based on relative forecasting
performance. We find that models with frictions between households and banks fore-
cast best during periods of financial turmoil while those with frictions between banks
and firms perform best during tranquil periods. However, a model without financial
frictions performs nearly as well as models with financial frictions on average. The
optimal robust policy is close to a price-level rule which is key when facing uncertainty
over the nature of financial frictions.
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1 Introduction

“All models are wrong, but some are useful.”

— George Box

We propose a general methodology to address the problem of designing simple policy
rules when all models are wrong yet every model can be useful. We consider an environment
with three forms of uncertainty. The first is standard and derives from uncertain future
shocks; the second is parameter uncertainty within each competing model, which we refer to
as “within-model uncertainty”; the third source of uncertainty is the existence of multiple
competing models, referred to as “across-model uncertainty.”

The novelty of our methodology lies in the way we handle this third form of uncertainty
in the design of simple policy rules. Specifically, we follow the procedure of Geweke and
Amisano (2012) to form prediction pools where weights are assigned to models on the basis
of their forecasting accuracy, rather than in-sample data fit as in the common alternative,
Bayesian Model Averaging (BMA). These weights are then used to solve for the simple policy
rule that is robust to all three forms of uncertainty. Unlike BMA which assumes that one
of the models is the true data generating process, prediction pools allow us to consider that
all models among a comparative set are misspecified, but they all may be useful at different
periods of time.

We apply our methodology to the design of monetary policy rules that are robust to dif-
ferent beliefs about the nature or the importance of financial frictions in the economy. These
beliefs are captured by three very different medium-scale new Keynesian DSGE models: a
benchmark model without financial frictions and two different financial frictions models. The
Smets and Wouters (2007) model (henceforth, SW) is the workhorse model in policy-making
institutions for forecasting and policy analysis. The other two models build financial frictions
into the SW model along the lines of Gertler et al. (2012) (henceforth, GKQ) and Bernanke
et al. (1999) (henceforth, BGG), respectively. These two models represent leading theories
in modelling financial frictions in the macroeconomic literature. Hence, our model pool can
be motivated by considering a policymaker who is uncertain how to incorporate financial
frictions into a DSGE model, or if they should be incorporated at all. Importantly, while
potentially useful, none of these models are believed by the policymaker to be the true data
generating process.

A key contribution of our paper is that we compare the relative predictive performance
of these three DSGE models. While we find that the models that emphasizes frictions
between households and financial intermediaries (GKQ) outperform the alternative where
frictions are between banks and borrowing firms (BGG) on average, BGG outperforms GKQ
during financial crises. Moreover, the NK model without financial friction (SW) performs
well relative to these two models on average over the entire horizon even though the latter
deliver significantly better predictions during recessions. These results highlight the need to
combine models when none can be deemed as the true data generating process as each may
have particular strengths at different points in time. As such, current methods like Bayesian
Model Averaging (BMA) are generally inadequate for this task. BMA tends to assign all
weight to a single model as implicitly it assumes that one of the models under consideration



is in fact the true data generating process.

In our novel methodology, we use past predictive performance to determine the weights
the policy maker should attach to the different models when designing robust monetary
policy rules. An important finding is that using the optimal prediction pool weights as
in Geweke and Amisano (2012) leads to a more persistent policy rule that also responds
more aggressively to changes in inflation and output growth compared to the policy rules
obtained using BMA. We also find that within-model uncertainty has only a small impact on
the optimized rule despite the non-linear nature of the models.! This provides support for
the common practice of using only the estimated posterior distribution’s mean or mode for
policy design. Moreover, we find that both within-model and across-model robustness results
in more inertial and more aggressive rules than the non-robust single model counterparts.

We restrict our attention to optimized simple rules, that is to find the welfare-optimal
parameter values in a Taylor-type monetary policy rule. There are several reasons for this.
First, simple rules are transparent and easy to implement and to communicate. Second, a
large literature has arrived at a consensus that they mimic the Ramsey-optimal policy (see,
for example, Schmitt-Grohe and Uribe (2007)). Finally, the same literature suggests that
they already contain good robustness properties compared with Ramsey-optimal policy.

The final yet crucial contribution of the paper is to show that the optimal robust policy
rule is very nearly a price-level rule. Thus we show that indeed such a rule has excellent
robustness properties and therefore should be part of a policymakers toolkit when there is
uncertainty of the nature of financial frictions in the economy.

Overall, our methodology is suited to a policymaker who does not believe any one model
to be correct. She would then be advised to use a forward-looking procedure such as pre-
diction pools to weight models rather than a backward-looking one such as Bayesian model
averaging (henceforth BMA) which is based solely on in-sample model fit. Since the former
is less likely to see one model completely dominate, she is then more cautious in rejecting
models that appear to be inferior. The intuition is that such models, while not particularly
accurate most of the time, may well be very useful some of the time. Optimal policy should
take this into consideration rather than rejecting the use of models that perform poorly sim-
ply from an in-sample likelihood perspective. Moreover, we find that prediction pooling is a
far more robust method for attaching weight to models as these are less sensitive to outliers
and therefore evolve more smoothly over time than corresponding weights from BMA.

The rest of the paper is organized as follows. Section 2 locates our contribution in the
extensive literature on model selection and robust policy design. Section 4 describes the
models in our application and summarizes the characteristics of the posterior distribution
that are most important for optimal policy design. Section 5 discusses the optimal weights in
our prediction pool while Section 6 reviews the optimal policy rules that are robust within-
and across-models and picks out optimal price-level targeting for special attention. Section
8 provides concluding remarks. Full details of the models and their estimation are provided
in Online Appendices along with additional results.

"'We solve the policy design problem using a second-order approximation around a deterministic steady
state. Consequently, the optimal policy is not certainty equivalent by construction.



2 Related Literature

This paper is related to four strands of literature. First, it is related to the extensive
statistical literature on Bayesian predictive methods for assessing, comparing and selecting
models (see Vehtari and Ojanen, 2012, for a survey). Within this literature model selection
(including more than one model) proceeds via maximization of an expected utility function
using the predictive distribution. A broad range of loss functions and various types of mis-
specification errors have been considered in the literature. Following Bernardo and Smith
(1994), all methods can be classified in accordance with two types of mis-specification error
that the method seeks to address. In their terminology, M-closed (or M-completed) refer
to methods that assume the true data generating process to be within the set of models
that are considered. Techniques that fall into these categories include BMA, and using an
encompassing model. The latter can be viewed as a more general version of the former with
a continuous rather than a discrete distribution over priors. On the other hand, our method
which is based on prediction pooling as in Geweke (2010a) and Geweke and Amisano (2011)
falls into the M-open category where the true data generating process is not assumed to be
among the candidate models.?

One particular criterion used in the literature is a scoring rule that measures forecast ac-
curacy. A particular form of selection then amounts to combining density forecast estimates
as a means of improving forecasting accuracy as measured by a scoring rule (see for example
Gneiting and Raftery, 2007; Hall and Mitchell, 2007). In Geweke and Amisano (2011), the
utility /loss function is a scoring rule that maximizes forecast accuracy, and they compare
BMA with linear combinations of predictive densities, so-called ‘opinion pools’, where the
weights on the component density forecasts are optimized to maximize the score (typically
the logarithmic score, of the density combination as suggested in Hall and Mitchell (2007)).

Kapetanios et al. (2015) develop an extension of this method whereby the weights can
vary by region of the density to allow additional focus on the variable one is attempting
to forecast. We use the method proposed by Geweke and Amisano (2011) to combine the
forecasts from different models as it allows us to be agnostic about the variables that need
to be forecast, and also as it is straightforward to implement.

Second, the application of our methodology relates to the benefits of price-level targeting
(Svensson, 1999; Schmitt-Grohe and Uribe, 2000; Vestin, 2006; Reiss, 2009; Gaspar et al.,
2010; Giannoni, 2014, see, for example). These papers examine the good determinacy and
stability properties of price-level targeting. Holden (2016) shows these benefits also extend
to a ZLB setting. A very recent literature describes these benefits in terms of “make-up”
strategies for central banks and in particular the Federal Reserve (see Powell, 2020; Svensson,
2020). Under such strategies policymakers seek to redress past deviations of inflation from
its target. Assuming a make-up rule enjoys credibility, under-shooting (overshooting) the
target will raise (lower) inflation expectations, lower (raise) the real interest rate and help
to stabilize the economy. Inertial Taylor rules have by design the make-up feature as they
commit to a response of the nominal interest rate to a weighted average of past inflation
with the weights increasing with the degree of inertia. “Average inflation targeting” is

2In the language of Geweke (2010b), for BMA the model space is ‘complete’, i.e., the space includes the
DGP whereas for prediction pools the space is ‘incomplete’. See Section 5.1 for a rigorous treatment of this
point.



a variant that sets a rolling window of cumulative past deviations; a further variant sets
an asymmetric target whereby the central bank responds to average inflation above and
below the long-run target in a different way. Hebden et al. (2020) provide details of these
different makeup strategies and analyze their effectiveness using the Federal Reserve US
macroeconomic model. Bodenstein et al. (2019) underline the benefits of a price-level rule
in a non-rational expectations learning environment provided the rule is permanent (as in
our set-up) as opposed to the temporary strategy proposed by Bernanke (2017).

Third, this paper is also related to a large literature on robust policy. Sims (2002, 2007,
2008) in particular has argued that policymakers are still very far from exploiting the full
richness of the Bayesian (or “probability models”) approach.® A related literature compares
optimized constrained simple rules with their optimal unconstrained counterparts (see, for
example, Levine and Currie (1987), Schmitt-Grohe and Uribe 2007; Brock et al. 2007b;
Orphanides and Williams. 2008; a review is provided by Taylor and Williams 2010). A
common finding in this literature is that optimized simple rules can closely mimic optimal
policies and perform well in a wide variety of models. By contrast optimal policy can perform
very poorly if the policymaker’s reference model is mis-specified. The reason for this is that
optimal polices can be overly fine-tuned to the particular assumptions of the reference model.
If the model is the correct one all is well; but if not, the costs can be high. In contrast, our
chosen simple monetary policy rules are designed to take account of only the most basic
principle of monetary policy of leaning against the wind of inflation and output movements.
Because they are not fine-tuned to specific model assumptions, they are more robust to
mistaken assumptions regarding the parameters of the model (‘within-model robustness’) or
to basic modelling features (‘between-model robustness’).

Our methodological approach differs from the existing literature in several important
respects. A recent literature draws on Hansen and Sargent (2007) in assuming uncertainty
is unstructured, with malign Nature ‘choosing’ exogenous disturbances to minimize the pol-
icymaker’s welfare criterion (“robust control”).* Robust control may be appropriate if little
information is available on the uncertainty facing the policymaker. But are policymak-
ers ever in such a “Knightian” world? CBs devote considerable resources to assessing the
forecasting properties of the approximating model, those of rival models, and estimates of
parameter uncertainty gleaned from various estimation methods. In our optimal pooling
approach, policymakers fully utilize the fruits of such exercises. Also, robust control pursues
fully optimal rather than simple optimal rules. Yet Levine and Pearlman (2010) show if
one designs simple operational rules, that mimic the fully optimal but complex one, then

3Formally, a probability model is a mathematical representation of a stochastic phenomenon, defined by
its sample space (i.e., the set of all possible outcomes), events within the sample space, and probabilities
associated to each event, Ross (2006). He views the probability-models approach as reflecting policymaking
in practice by committees comprising individuals with separate views (models) of how the economy works
and of the likely outlook (in the context of that model). Each model (or outlook) has an estimated parameter
probability distribution which embodies its own measure of within-model uncertainty. Aggregating those
views mirrors and substantiates the probability-models approach. Although any model is imperfect, the
greater the uncertainty the more policymakers may benefit from pooling information across and within
models, as we do in this paper. Our paper follows Levin and Williams (2003); Orphanides and Williams
(2007); Ibas et al. (2013) and Tetlow (2015) in focusing on simple, robust optimized Taylor-type rules.

4See, for example, Dennis et al. (2009) and Ellison and Sargent (2012). Variants of the Hansen-Sargent
approach are developed in Adam and Woodford (2012, 2020).



they take the form of highly unconventional Taylor Rules which must respond to Nature’s
malign interventions. Furthermore, robust control in general satisfies a supremum condition
rather than a maximum condition; this implies that the supremum may well on be on the
edge of being an unstable solution. Rules with these properties may be very hard to sell to
policymakers.®

Our approach also differs from studies that design robust rules across competing models,
but attach probabilities to models under the assumption that one of the models is the true
data generating process. For instance, the ‘rival models’ approach (e.g. Coté et al., 2004;
Levin et al., 2003; Adalid et al., 2005) arbitrarily calibrate the relative probabilities of alter-
native models being true. They define a robust rule as one that “works well” across several
(though not necessarily all) models. However, without accounting for how well different
models fit the data, it is difficult to assess the value of implementing a rule which performs
well in M — 1 models but poorly in the M** most data-compatible one.

Bayesian model averaging (e.g. Brock et al., 2007a; Cogley and Sargent, 2005; Levin
et al., 2006; Reiss, 2009; Levine et al., 2012; Binder et al., 2017, 2018) promotes models with
good in-sample fit over models with good forecasting performance by using estimated model
probabilities. However, modern monetary policy practices among the inflation-targeting
countries are forward-looking and rely heavily on forecasts. This is reflected in our approach
which uses a forecasting accuracy criterion to pool models. The main contribution of our
paper then is to exploit both within-model and across-model uncertainty as in Levine et al.
(2012) and Cogley et al. (2011), but using a forward-looking perspective based on prediction
pools, rather than a backward-looking perspective based on Bayesian model averaging.

The final strand of literature relates to the benefits of price-level targeting; (see, for
example, Svensson, 1999; Schmitt-Grohe and Uribe, 2000; Vestin, 2006; Reiss, 2009; Gaspar
et al., 2010; Giannoni, 2014). These papers examine the good determinacy and stability
properties of price-level targeting. Holden (2016) shows these benefits extend to a ZLB
setting. A very recent literature describes these benefits in terms of “make-up” strategies
for central banks and in particular the Federal Reserve; see Powell (2020), Svensson (2020).
Under such strategies policymakers seek to redress past deviations of inflation from its target.
Assuming a make-up rule enjoys credibility, undershooting (overshooting) the target will raise
(lower) inflation expectations, lower (raise) the real interest rate and help to stabilize the
economy. Inertial Taylor rules have by design the make-up feature as they commitment to a
response of the nominal interest rate to a weighted average of past inflation with the weights
increasing with the degree of inertia. “Average inflation targeting” is a variant that sets a
rolling window of cumulative past deviations; a further variant sets an asymmetric target
whereby the central bank responds to average inflation above and below the long-run target
in a different way. Hebden et al. (2020) provide details of these different makeup strategies
and analyze their effectiveness using the Federal Reserve US macroeconomic model. In our
paper we study optimized inertial Taylor rules that are parameterized so as to encompass a
simple form of price-level targeting - see Section 6.5.

Our paper is closely related to Del Negro et al. (2016) who develop a methodology for

®As Svensson (2000) and Sims (2001) comment, the worst-case outcome is likely to represent a low
probability event and, from the Bayesian perspective, it would be inappropriate to design policy heavily
conditioned by it. Further Chamberlain (2000) shows the conditions under which a Bayesian and worst-case
policymaker would correspond are highly restrictive.



combining forecasts across two DSGE models, one with and one without financial frictions.
The dynamic nature of their procedure, whereby the relative weights placed on forecasts
across models vary over time, leads to an improvement over real-time forecasts produced
by alternative methods. Importantly, they use the improved forecasts to carry out a novel
counter factual analysis that re-examines how policymakers should respond to labour market
conditions following a financial shock. Our paper departs from Del Negro et al. (2016) in
that we seek to use the forecasts to design robust optimal policy across models rather than
focus on a counter factual exercise. As such, we take the analysis in Del Negro et al. (2016)
a step further by asking how policy ought be designed when the policymaker is aware that
models are mis-specified.

3 Methodology: Designing Robust Rules

We restrict our attention to optimized simple rules, that is to find the optimal parameter
values in a Taylor-type monetary policy rule. The main reason is tractability since a Ramsey-
optimal policy would involve the complete state vector in the model. In medium-scale
estimated DSGE models, like those in our empirical analysis, finding the Ramsey-optimal
policy can be a very challenging task numerically. Moreover, a large literature has arrived
at a consensus that optimized simple Taylor-type monetary policy rules mimic the Ramsey-
optimal policy and they already contain good robustness properties compared with Ramsey-
optimal policy.

The goal of the policymaker is to choose the parameters of a Taylor-type monetary policy
rule to maximize welfare that are robust to both within- and across-model uncertainty.
Suppose the parameters the policy rule are collected in the vector p. We use the expected
lifetime utility of households

o
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t=0
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in model M; as our welfare measure, where [ is the discount factor, ¥; is the parameter
space for M; and Uy(p, 1) denotes utility in period ¢ given the vector of estimated parameters
1 € U; and policy rule p. We allow the parameter space ¥; to differ, but require the policy
rule p to be the same across models.

We use the estimated posterior distribution from the Bayesian estimation of the model
to account for within-model uncertainty. For a policy rule p, welfare in model M; is given
by

Qu(p) = A Qs (W lyirer M 2)

where p(¥;|y; 1.7, M) is the joint posterior probability distribution of the model parameters
estimated for model M; given the history y; 1.0 = {¥i1,...,yir} for the vector of observed
model variables ¥, ;. Notice that, unlike BMA, prediction pools do not require the models to
have the same vector of observed variables.



We attach weights to each model to account for across-model uncertainty. Given weights
w = {w; }1*,, the policymaker seeks a common rule p* across every model that maximizes

Qp,w) =Y wii(p),

a welfare measure that incorporates both within- and across-model uncertainty. Given the
weights the chosen simple rule with p = p* is our optimal robust rule.

The novelty of our paper lies in the way the weights are constructed for the above
policy problem. We use forecasting performance as a criterion for assessing the value of
different models. Specifically, we follow the procedure of Geweke and Amisano (2012) to
form prediction pools where weights are assigned to models on the basis of the accuracy of
their k-period ahead forecasts. Unlike the case of Bayesian model averaging which assumes
that one of the models is the true data generating process, prediction pools allow us to
consider that all models among a comparative set are misspecified, but they all may be
useful at different periods of time.

Let the k-period ahead predictive density of model M; for a vector of model variables
be:

p(ij.y.k’yi,l:TaMi) :/ p(ij.g.k‘yi,l:Taw:Mi)p<¢|yi,1:T>Mi)dwa (3)

v,

where p(ij +rlVir, ¥, M;) is the density of k-period ahead predictions of the model given
a parameter vector ¢» € W;. Up to time T the vector of forecast variables y{ is observed,
but after time 7" this is a random vector th . Notice that we require all models to share the
same vector of forecast variables, but not the observables used for estimation. The predic-
tive density characterizes out of sample observations that have not been used to estimate
the posterior density of the parameter vector . Furthermore, the predictive density is in-
dependent of the parameter vector ¢ which we have integrated over using the estimated
posterior distribution. As such this provides predictions about future observations that fully
incorporate the information regarding within-model uncertainty in the data.

We assess each model using the log predictive score function. Given a sample y/,,, =
{y{ yees ,y%} of forecast variables, the log predictive score of model M; is given by

T-K K

LS(y]., M > 108 Py lysre M) (4)
k=1

t=h k=

where 1 < h < T ensures that there are enough observations in the first subsample to esti-
mate the model. The log predictive score function measures a model’s predictive performance
by evaluating its predictive density at the available out-of-sample observations.

We use linear prediction pools to assess the predictive performance of a combination of
models.® Given a sample y{:T and a model pool M = {My,..., M,,}, the log predictive

6Del Negro et al. (2016) use the terminology static pools to reflect the fact that weights are time invariant.



score of the pool is given by

T-K K m

LS( 3/1 M Zlog szp Z/t+k:|3/z 1ty M) | 5 Zwi =1 w; > 0. (5)
k= i=1

t=h 1

The log predictive score function measures the predictive performance of a convex linear
combination of the models in the pool. The optimal prediction pool has weights chosen such
that the log predictive score of the pool is maximized”

w; = argmax LS(yf., M) (6)

Before we turn to our empirical analysis to demonstrate the methodology in practice,
let us highlight the differences between prediction pools and BMA (Table 1). First, BMA
attaches weights to each model based on their marginal data density. These weights can be
interpreted as the posterior probability that a given model is the true data generating process.
Prediction pools however, assume that all models are misspecified and attach weights to each
model by choosing the prediction pool with the best forecasting accuracy out of all possible
convex linear combinations of these models. Second, BMA requires all models to have the
same set of observable variables while prediction pools require them only to share the same
set of forecast variables. Finally, it is unlikely that a single model M; € M will consistently
produce the best forecasts. Thus, non-zero weights are typically assigned to several models
since there will be less tendency for one model to dominate all the others (some w; — 1) as
in the case of BMA.

Table 1: BMA versus Optimal Pooling

BMA Prediction Pools
Attaches weights to each model based on their Attach weights to each model by choosing the
marginal data density. prediction pool with the best forecasting accu-
racy.

Assumes a complete model space - one of the Assumes an incomplete model space - all models
models is the true DGP. are misspecified.

Same set of observable variables Same set of forecast variables only

Tendency to assign all weight to a single model Less of a tendency that a single model domi-
nates

4 Models

To illustrate our method, we investigate the welfare consequences of alternative monetary
policy rules using three medium-scale new Keynesian DSGE models. The first is the Smets

"Logs are used in general since they make the densities globally concave, making the maximization easier.



and Wouters (2007) model which is the workhorse model in policy-making institutions for
forecasting and policy analysis. The other two models build financial frictions into the SW
model along the lines of Gertler et al. (2012) and Bernanke et al. (1999), respectively. These
two models represent the leading theories in modelling financial frictions in the macroeco-
nomic literature. Hence, our model pool can be motivated by considering a policymaker who
is uncertain how to incorporate financial frictions into a DSGE model or if they should be
incorporated at all.

We estimate the models with Bayesian methods. For all three models we use the same
seven time series as observable variables as in Smets and Wouters (2007): the log difference
of real GDP, real consumption, real investment and the real wage, log hours worked, the
log difference of the GDP deflator, and the federal funds rate. We use US quarterly data
over the sample period 1966:1-2017:4.% The parameter prior and posterior distributions are
reported in Table D1 in the Appendix, while further details on the estimation procedure are
given in Appendix D.

We calibrate several parameters in the estimation procedure that are hard to identify in
the models. We estimate the posterior distribution of the remaining 26 parameters, which
are common in all three models. The reason that all three models have the same parameter
vector estimated is to accommodate BMA in our exercise. BMA requires the models to
share the same set of observable variables, but the SW model has no empirical implications
for financial variables. Since parameters specific to the banking sector in the GK(Q or the
BGG model are hard to identify without including financial variables among the observable
variables, we had to fix those parameters and estimate only parameters common in all three
models.’

4.1 The workhorse New Keynesian model

Our first model follows closely Smets and Wouters (2007). It is a stochastic neoclassical
growth model augmented with price and nominal wage stickiness, price and nominal wage
indexation, internal habit persistence and investment adjustment costs. The welfare of
household j in the model is defined by their expected lifetime utility

a(j) = B | 3 p Gl 7 o, - 1)—Ht(j)l+q (7)

1—o0, 1+

where Cy(7) is real consumption, H;(j) is hours supplied, S is the discount factor, y controls
habit formation, o, is the inverse of the elasticity of intertemporal substitution (for constant
labour), and 1 is the inverse of the Frisch labour supply elasticity. The monetary policy rule

8 As noted, we estimate the models using US data on the standard seven key macroeconomic variables
over the sample period 1966:1-2017:4. We have also estimated our models with a sample that stops just
before the financial crisis, and a version with the shadow federal funds rate (Wu and Xia (2016)) rather the
nominal interest rate. All our results are robust to these differences.

9We also constructed prediction pools where we allow all models to use additional financial data. This
disadvantages the SW model considerably and reduces its relative weight but the optimal policy is still nearly
a price-level rule.
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for the nominal interest rate R, ; in the model is given by the Taylor-type rule

lo Rn,t _ lo Rn,tfl
g Rn pT‘ g Rn
11 Y, Y,
+(1-p,) (Gﬂ log (ﬁ) +6,log (é) + 04y log (ﬁ)) +MPS,, (8)

where II; is inflation, Y; is real output, and M PS; is a monetary policy shock that follows
an AR(1) process. The rest of the model is described in detail in Appendix A.

We review here the estimates for the parameters that are important for our policy prob-
lem; the estimated posterior distribution for the rest of the parameters can be found in Table
D1 in the Appendix. The estimated Calvo parameter for price setting implies that prices
are updated on average every 2.07 quarters, but price indexation is rather weak given that
the indexation parameter is estimated to be lower than the prior mean. Nominal wages are
updated more frequently, on average every 1.67 quarters, but they are also indexed more
strongly to inflation. The Taylor rule parameters are very close to the original estimates of
Smets and Wouters (2007) and correspond to the typical estimates in the DSGE literature.

4.2 The banking model with outside equity

Our second model extends the SW model with a banking sector along the lines of Gertler
et al. (2012). In the model banks raise deposits and issue outside equity to finance loans to
firms. To motivate an endogenous constraint on the bank’s ability to raise funds, Gertler
et al. (2012) assume that the banker managing the bank may transfer a © fraction of assets
to their family. Hence, only 1—© fraction of assets can be pledged as collateral. Recognizing
this possibility, risk averse households limit the funds they lend to banks. Our setup for the
banking sector follows closely Gertler et al. (2012), and embeds in our SW model in a similar
fashion to Gertler and Karadi (2011). For a detailed description of the model see Appendix
B.

The posterior distributions of the estimated parameters are close to the estimates in
the SW model. The only exceptions that are important for our policy problem are the
parameters characterizing intermediate firms’ price setting behaviour. Prices are updated
less frequently, on average every 2.91 quarters, but they are indexed to inflation more weakly

than in the SW model.

4.3 The financial accelerator model

Our third model extends the SW model with a banking sector along the lines of Bernanke
et al. (1999). In the model banks collect deposits and lend to entrepreneurs who are subject
to idiosyncratic shocks that affect their ability to repay their loans. The financial market
friction in this model, which is between the entrepreneur and the bank, is driven by private
information. Banks pool loans to protect themselves against credit risk and charge a spread
over the deposit rate. The household welfare function and the Taylor-rule is the same as in
the SW model. For a detailed description of the model see Appendix C.

11



The posterior distributions of the estimated parameters resemble the estimates of the SW
model, but there a few notable exceptions that are important for our policy problem. Prices
are even less flexible than in the GK model and updated on average every 3.34 quarters.
Nominal wages are more flexible and are updated on average every 1.76 quarters.

5 Forecasting Performance

We estimate our models repeatedly with an increasing window of data, and compute log
predictive scores (4) and (5) for predictions made by our estimated models. Each estimation
sample starts at 1966:1. The first sample ends at 1970:4 (h = 20). We assess our models
based on how well they predict all seven observable variables jointly up to four quarters
ahead (K = 4).1° We increase the sample size by four quarters each time and repeat the
same steps.!’ Our last sample ends at 2016:4 (T = 208) as to allow for the computation of
predictive densities using data up to 2017:4.

The top panel of Figure 1 shows the log predictive score function for each individual
model, and for the pool using the Bayesian odds as weights, relative to the optimal pool’s.
Note that by construction the optimal pool is the linear convex combination, so it provides
the best forecast. The predictive scores are similar across models throughout most of our
sample period, indicating that the predictive performance of all models is roughly the same
in most periods. However, from the onset of the Great Recession the gain from using
prediction pools with optimal weights increases considerably. On average the SW and GKQ
models provide better predictions than BGG but several times during our sample period,
especially during times of financial turmoil, the BGG model outperforms its two rivals. This
is partiularly noticable during the dot-com bubble and the Great Recession.

Importantly, we employ prediction pooling to aggregate these relative predictive perfor-
mance differences over time. The second panel of Figure 1 shows the optimal prediction
pool weights over the sample period 1970:4-2017:4. To obtain these weights we solve the
optimization problem (6) recursively. At each point in time we use the log predictive scores
up to that point to determine the weights as if our full sample ended there. Again it is clear
that the SW and GKQ models provide better predictions than BGG generally. However,
during periods of US recessions, namely 1973-74, 1980-82. 1990-91 and 2001, we see the
BGG model outperform, or at least match the other two models. For the 2007-2009 crisis
we see a marked improvement in the performance of BGG with subsequent weights for the
three models being quite close. Weights of approximately 33, 38 and 29 percent are assigned
to the SW, GKQ and BGG models, respectively, by the end of the sample period.

The last two panels of Figure 1 show an interesting and important contrast to the first
two. The third panel show how the difference between our models’ log-likelihood evolve over
our sample. Since for most of our sample period the GKQ model provides the best fit, we
plot each model’s log-likelihood relative to GKQ’s. The last panel shows the evolution of
the Bayesian odds over our sample, given a uniform prior belief of the policymaker over the

10We modify Dynare’s estimation routine to calculate the predictive densities.

1We reestimate the models only every four quarters to reduce the computational complexity of the task.
This way we need to estimate each model only 47 times, and our forecasting periods do not overlap each
other.
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Figure 1: Pooling figure
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competing models. While for most of the sample period the GKQ model provides the best
fit and gets the highest odds, it receives much lower weight in the optimal prediction pool.
Had the policymaker used BMA to attach weights to the models, she would have put most
of her faith in the GKQ model while ignoring the other two models entirely. In fact, with
the exception of the years in the early 1990’s, BMA have the tendency to assign almost
zero weight to at least one model in our model pool. Moreover, the optimal prediction pool
weights change slowly over time while large changes in Bayesian odds can be brought by
adding only a handful of observations to the sample.

The financial crisis then demonstrates the differences between the two weighting schemes
very well. Del Negro et al. (2016) find that during periods of financial turmoil models that
incorporate financial frictions as in the financial frictions model used in that paper (BGG)
provide better forecasts, while the opposite occurs during more tranquil periods. We extend
their results to models with GKQ style financial frictions. We confirm that during tranquil
periods the importance of both financial frictions are reduced, but less so for the financial
friction between households and banks (GKQ). We also find a marked relative improvement
in the forecasting performance of the BGG model around 2007 with a large log predictive
score differential over a few quarters (see upper panel). This produces a noticeable jump in
the optimal prediction pool weight assigned to the BGG model. At the same time the BMA
weights are unchanged during this period since the relative fit of the different models in the
pool are not affected by the financial crisis.

The difference in rankings across models between prediction pooling and BMA is due to
the standard trade-off between in-sample fit and out-of-sample predictive performance. The
financial frictions models fit the in-sample data quite well relative to the SW model (and
therefore have higher marginal log-likelihoods) yet they tend to predict poorly (especially in
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Figure 2: Optimal prediction pool weights at the end of our sample period using different
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non-crises periods) in comparison to the SW model as they tend to over-fit the data. As a
result, the prediction pools assign a significant weight to the SW model. Nevertheless, the
situation is reversed at particular times (e.g. crisis times) when model complexity may be
beneficial for forecasting and therefore prediction pools should also attach significant weight
to the financial frictions models.

Figure 2 shows how the weights assigned to the SW, BGG and GKQ models at the end of
our sample period depend on the forecast horizons used. Irrespective of the forecast horizon
used, all three models are useful in terms of predictability and ought to be employed by a
policymaker when designing policy even though the forecasting performance of the SW and
BGG models are inferior to the GKQ model at every horizon.

Overall, our results suggest that if the policymaker does not believe any model to be
correct, she must nevertheless be much more cautious in rejecting models that appear to be
inferior. The intuition here is that such models while not particular accurate most of the
time, may well be very useful some of the time, and thus the optimal policy should take
this into consideration rather than rejecting the use of such models. Moreover, prediction
pooling is a far more robust method for attaching weight to models as these are more robust

to outliers and therefore evolve more smoothly over time than corresponding weights from
BMA.

6 Optimal Robust Rules

This section analyses the optimal simple rules for our model economies. First, we define
the different types of optimal simple rules we compute. Next, we examine optimal simple
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rules designed for individual models. Then, we proceed to study optimal simple rules using
different ways to attach weights to models. Finally, we examine the welfare cost of suboptimal
policy using two different sets of criteria: i) the cost of implementing the rule designed for
model i in the environment of model k # ¢ and ii) the cost of implementing a rule with
deviations from the optimal parameter values.

We assign weights to the SW, BGG and GK(Q models in our policy design exercise based
on relative predictive performance over the entire sample period from 1966Q1 to 2017Q4.
The results in following sections are conditional on the choice of these weights. However, we
also compute corresponding results using alternative end-dates. We show in the robustness
section 7 that the subsequent results are independent of this choice.

6.1 Computation and Welfare Measures

We seek policy parameters p = [,or O Oy ady} in the inertial Taylor-rule

Rn,t o Rn,tfl Ht th Y;‘
log (R_n> = p, log ( R ) + a; log ( H) + ay, log (Y) + agy log (Yt1> (9)

that maximize the unconditional lifetime utility of households. We estimate the model
using the same form of the Taylor-rule (8) and the same priors on its parameters as in
Smets and Wouters (2007). However, we reparametrize the feedback coefficients by setting
ar = (1—=pr)0r, oy = (1 = p,)0,, and agy = (1 — p,)fa, to allow for the possibility of a price
level rule (p, = 1) when computing optimized simple rules.

We evaluate policies by computing the welfare associated with a particular policy rule.
Let

> BUCilp, ), Hip, )| €W, (10)

t=0

Qi(p,v) = Eo

denote the unconditional lifetime utility of households from a second-order approximation
around a deterministic steady state in model M, conditional on a particular rule p and
a parameter vector ¢» € ;. Then given weights {w;},, the policymaker seeks a rule p*
common to every model in the pool that maximizes

m N

Q(p, w) = sz’ /lj Qi(p, V)P(Wyi 1w, Mi)dip =~ sz‘ Z Qi(p, ¥;)- (11)

i=1  j=1

where 9; is a draw from parameter space ¥;. The optimization problem defined by maxi-
mizing (11) can incorporate both within-model robustness, by averaging of N draws for each
model M; and across-model robustness by using a weighted average of model specific welfare
measures. Calculation of (11) is numerically facilitated by MCMC methods that allow the
sampling of a given distribution by simulating an appropriately-constructed Markov chain.
Thus, the integral can be approximated by a sum.

We compute two types of optimal simple rules which we will refer to as robust optimal
simple rules and mean optimal simple rules. Robust optimal simple rules incorporate within-
model uncertainty. For each model i, we draw N = 500 parameter vectors 1; € U;, j € [1, N]
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from the estimated posterior distributions of each model to approximate the integral above.
Mean optimal simple rules on the other hand are based on a single parameter vector (N = 1).
They are computed by fixing the parameter vector at the estimated posterior mean of each
model. Comparing the two types of rules allows us to assess what happens if the policymaker
ignores within-model uncertainty in the policy design.

We compare alternative policies in terms of consumption equivalent welfare changes.
Consider two alternative policies p; and ps. The consumption equivalent welfare cost of
adopting p, in model M; is the fraction w’ of the consumption stream households are willing
to give up to be as well off under ps as under p;. It is implicitly defined by the indifference
condition

Qi(p2,¢) = Eo ZﬁtU((l - wi)Ct(pb V), Hi(p1,v)) (12)
t=0
This welfare measure allows us to compare the effect of the same policy in different model
economies directly or aggregate the effect of the policy across models. To compute the welfare
cost of a policy rule common to all models in a pool, we calculate the weighted average of
the associated welfare cost from each model using the weights assigned to each model.

w= Zwiwi (13)

i=1

Before turning to optimal rules we should note the magnitude of the costs of the business
cycle in our three estimated models. They are, in consumption equivalent percentage terms,
0.49 for the SW model, 0.39 for GKQ and 0.29 for BGG.!? These are much higher than
those reported in the seminal study by Lucas (1987) and updated in Lucas (2003) which
are less than 0.01. The reason for this is his choice of utility function which, unlike our
NK-type models, excludes hours (and therefore leisure) in these original studies.’®> We view
the benefits of stabilization rules in terms of the proportion of these costs that are removed.

6.2 Optimal within-model Robust Rules

Table 2 compares three policy rules and their outcomes for each of the three models in
our prediction pool. The first is the estimated rule which are very similar across models.
The second is the robust optimal simple rule in the ‘Robust’ column and the third in the
‘Mean’ column is the mean optimal simple rule.

Both types of optimal simple rules are considerably different from the estimated rule. The
sub-optimality of the estimated rules is well-established in the literature. Our consumption-
equivalent measure w’ indicates that using either the robust or the mean optimized rules
provides a consumption equivalent welfare gain over the estimated rule ranging from around

12These are found by comparing the estimated stochastic models with their deterministic counterparts.
Differences reflect different model features and different estimates of the parameters including those for shock
processes and rules.

13But as Gali et al. (2007) point out even in the NK framework we may still be seriously understating
the welfare costs of recessions because a reduction in hours leads to a increased welfare benefit of leisure.
We return to this issue in our concluding remarks.
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0.05 percent for the GKQ model to 0.10 percent for the SW model.

The two types of optimal simple rules are very similar. The small difference between
them suggests that ignoring within-model uncertainty has only a small impact. The differ-
ence between the welfare gains of the robust and the mean optimal simple rules over the
estimated rules shows that if the policymaker ignores within-model uncertainty, then she
slightly lowers the gains from optimal policy for each model. However, comparing the wel-
fare gains associated with the robust and mean optimal simple rules reported in Table 2
directly is misleading. When we compare the robust and the mean optimal simple rules to
each other directly we find that the welfare cost associated with the mean optimal simple
rule is of order 10~*x one percent of consumption. The welfare gain in the ‘Mean’ columns
shows the fraction of the consumption stream households need to be given to be indifferent
between the mean optimal simple rule and the rule fixed at the estimated posterior mean.
The welfare gain of the robust optimal simple rule, on the other hand, is computed as the
average welfare gain of the robust optimal simple rule across the N = 500 parameter vector
draws from the estimated posterior distributions of each model including that for the esti-
mate rule. Hence, the differences in the welfare gains reported in Table 2 reflect the effect
of within-model uncertainty on the estimated rule and not on the optimal rule.!4

However, across-model differences of optimal rules are considerable. The optimal sim-
ple rules, both robust and mean, designed for the SW model are close to a pure inflation
targeting rule. They have almost zero interest rate smoothing parameter p, but see a very
aggressive immediate response to changes in inflation captured by the feedback parameter
a,.15 Consequently, the welfare gains are closely related to the large decrease in inflation
volatility implied by the optimal rules: the standard deviation of inflation decreases by a
factor of three from 0.00585 to 0.00188. By contrast the optimal rules for the GKQ and BGG
models have considerable interest rate smoothing but far more muted response to inflation.
The welfare gains from decreased inflation volatility, which works through agents’ inflation
expectations, are much smaller.

The lack of interest rate smoothing in the optimal policy for the SW model results
in a higher nominal interest rate volatility than under the estimated rule. An important
consequence of the wider interest rate distribution is that the unconditional probability of
hitting the zero lower bound pzp is much higher than with the estimated policy rule-over
9 percent per quarter or about once every 3 years.!'® This contrasts with about 2 percent
per quarter for the optimal rules in the GKQ and BGG models, or about once every 12.5
years. Available data suggest that zero lower bound episodes are rare but long-lived (Dordal-
i-Carreras et al., 2016; Ramey and Zubairy, 2018). The U.S. post-WWII experience (seven
years at the zero lower bound over seventy years) indicates that unconditional probabilities

14This difference is due to Jensen’s inequality given that the welfare function is concave.

15We do not impose an upper bound on the policy parameter o, during optimization. Imposing the upper
bound «a;, < 3 as in Schmitt-Grohe and Uribe (2007) for example would reduce the welfare gain for the SW
model slightly, but would be binding for this optimal simple rule only throughout our paper.

16The unconditional probability of hitting the zero lower bound is computed from a normal approximation
of the gross nominal interest rate’s ergodic distribution. Let Ry and opr, denote the deterministic steady
state and the unconditional standard deviation of the gross nominal interest rate, respectively, computed
from a second-order approximation around a deterministic steady state. Then the probability of hitting the
zero lower bound, pzpp is given by the probability that the gross nominal interest rate is below one in the
normal distribution N (Ry,oR, )-
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below 10 percent are empirically plausible. However, a policymaker may want to set an
upper bound on this probability as part of the policy mix.!”

Table 2: Optimized simple rules

SW GKQ BGG

Estimated Robust Mean Estimated Robust Mean Estimated Robust Mean
Or 0.667 0.000  0.000 0.667 0.714 0.703 0.718 0.808 0.831
Oy 0.661 8.355  8.206 0.649 1.195 1.152 0.566 2.567  2.857
Qy 0.002 0.042  0.048 0.002 0.003  0.003 0.002 0.018 0.025
Qgy 0.061 1.020 0.987 0.060 0.193 0.176 0.057 0.000  0.093
W (%) 0.000 0.100  0.096 0.000 0.054  0.041 0.000 0.116  0.098
oRry(x100)  0.695 0.994 1.016 0.787 0.647  0.659 0.898 0.757  0.746
o.(x100) 0.585 0.188 0.192 0.622 0.344  0.357 0.623 0.150  0.151
oy 0.178 0.178  0.169 0.177 0.177  0.170 0.143 0.145 0.133
Tay 0.858 0.831 0.830 0.835 0.807  0.803 0.792 0.865 0.845
pzr5(%) 2.802 8.980  9.492 4.555 2.026 2.170 6.924 4.003  3.704

Note: The simple rules in the 'Robust’ column are optimal robust simple rules based on 500 draws
from the estimated posterior distribution of each model. Every variable in the column is computed
for each draw then averaged across draws. The simple rules in the 'Mean’ column are optimal
simple rules computed at the estimated posterior mean of each model. w; shows the fraction
of the consumption stream households need to give up to have the same welfare as under the
estimated rule. og,, om, oy, and o4y denote the unconditional standard deviation of the gross
nominal interest rate, the inflation rate, output and output growth computed from a second-order
approximation around a deterministic steady state. Some of the standard deviations are scaled
by 100 for ease of presentation. pzrp is the probability that the gross nominal interest rate is
below one in the normal distribution N'(Ry,or, ), where Ry is the deterministic steady state of
the nominal interest rate.

6.3 Optimal across-model Robust Rules

We now turn to optimal across-model optimal rules. We compare two sets of policy
rules computed using two different set of pooling weights. The first uses BMA and the
second we call ‘Prediction Pool’ uses optimal prediction pool weights.!® Table 3 shows the
results for robust optimal simple rules which incorporate both across-model and within-
model uncertainty. The mean optimal simple rules, which are only across-model robust with
parameters in each model set at their estimated posterior means and are very similar to the
robust simple rules, are reported in Table E3 in the Appendix.

The contribution of within-model robustness, just like in the case of individual models
in the previous section is very small regardless of which sets of weights we use to account

17See Dedk et al. (2020).
18We have also experimented with an equally weighted pool, but the results are very close to those
obtained using the prediction pool weights.
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for across-model uncertainty. Comparing the welfare gains from robust and mean optimal
simple rules shows again that the policymaker underachieves the gains from optimal policy
if within-model uncertainty is ignored. But the resulting optimal rules are very similar in
Tables 3 and E3 and ignoring within-model uncertainty has only a small impact.

The choice of pooling weights matters for the optimized rule. The optimal simple rule
obtained using the optimal prediction pool weights implies a higher welfare gain over the
estimated rule compared to the policy rules obtained using the BMA weights, 0.077 against
0.054 consumption equivalent percent. This higher welfare gain is explained by a combination
of two factors: differences in i) the weights and ii) in the rules. The first is a composition
effect since the weights used in (13) to aggregate the welfare gains from the individual models
are different. If we aggregated the welfare gains of the prediction pool optimal rule from the
individual models using the BMA weights, then the aggregate welfare gain would be only
0.047. Hence, differences in the optimal rules would imply a higher difference in welfare
gains were the weights the same.

The second factor is the differences in the rules themselves. Using the optimal prediction
pool weights implies a more persistent policy rule that also responds more aggressively to
changes in inflation and output growth compared to the policy rules obtained using the
BMA weights. The welfare gains from the individual models in the w’ row reveal that the
prediction pool rule trades off welfare gains from the GKQ model for welfare gains from the
SW model given that it attaches more weight to the latter. Interestingly, inflation volatility
is reduced in all three models the most by the prediction pool optimal rule, but the likely
welfare gains from this reduced volatility are partly negated by the interest rate smoothing
parameter being above its optimal level in all three models.

Finally, across-model robustness removes the high probability of hitting the nominal in-
terest rate lower bound seen in Table 2 for the SW model with only within-model robustness.
Since the optimal values for the interest rate smoothing parameter are well above the es-
timated values regardless of the weights we use, interest rate volatility decreases for every
optimal policy and so does the probability of hitting the zero lower bound.

6.4 The Welfare Cost of Suboptimal Policy

In this section we examine the welfare cost of suboptimal policy using two different sets
of criteria. First, we quantify the cost of implementing the rule designed for model ¢ in
the environment of model j # ¢. Then, we analyse the cost of implementing a rule with
deviations from the optimal parameter values.

Table 4 shows the welfare cost of using a rule optimized for a specific model in another
model. This is a counterfactual exercise that shows the cost of incorrectly identifying the
data generating process. For example, the first row shows that if we use the robust simple
rule optimized for the SW model in the GKQ and BGG models, then the welfare loss is 0.135
and 0.005 percent of consumption respectively relative to that from the robust simple rules
optimized for the latter two models themselves. The results show that incorrectly identfying
the GKQ model as the data generating process implies the largest welfare costs. Using the
rule optimized for the SW model in the BGG model, or vice versa, imply rather small welfare
losses. Using the robust simple rule optimized for the GKQ model in the other two models,
however, implies much larger welfare losses than the other way around. The final row shows
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Table 3: Optimized robust simple rules

BMA Prediction pool

NK GK BGG NK GK BGG
w(%) 1.72 98.28 0.00 32.81 38.26 28.94
Pr 0.716 0.805
Qi 1.207 1.721
Qy 0.000 0.006
Qgy 0.200 0.242
w'(%) 0.067 0.053 0.097 0.083 0.046 0.110
w(%) 0.054 0.077
Ry (%x100) 0.610 0.645 0.744 0.597 0.632 0.693
0.(%x100) 0.353 0.342 0.310 0.270 0.261 0.226
oy 0.177 0.177 0.142 0.178 0.178 0.143
Ty 0.811 0.806 0.777 0.814 0.817 0.792
o (%) 1.507 2.004 3.766 1.346 1.809 2.833
pzrB(%) 1.996 1.954

Note: The robust optimal simple rules in the table are based on 500 draws from the estimated
posterior distribution of each model. Every variable in the table is computed for each draw then
averaged across draws. w; shows the fraction of the consumption stream households need to give up
to have the same welfare as under the estimated rule in ach model. og,, o1, oy, and o4y denote the
unconditional standard deviation of the gross nominal interest rate, the inflation rate, output and
output growth computed from a second-order approximation around a deterministic steady state.
Some of the standard deviations are scaled by 100 for ease of presentation. pzrp is the probability
that the gross nominal interest rate is below one in the normal distribution N'(Ry,op, ), where
Ry is the deterministic steady state of the nominal interest rate.

the welfare cost of using the robust rule optimized for the prediction pool in Table 3 relative
to the model specific robust optimal rules reported in Table 2. These now avoid the large
costs of the single model optimized rules and the costs are generally small relative to the
gains from using optimal rules.

Although the welfare gains from using the optimal robust policy across models as opposed
to rules designed for each model remain modest, there can be very significant gains if there
are small deviations from the precise optimized rules. Figure 3 shows how sensitive welfare
is to changes in the coefficients in the robust optimal simple rule in each model. Each panel
in the graph shows the consumption equivalent variation in welfare when changing a single
parameter in the robust optimal simple rule at a time in a given model. Each column shows
the welfare consequences of changing a parameter in the Taylor rule, while each row shows
the welfare costs of deviating from the optimal parameter values in a given model.

In the SW model welfare is quite flat around the optimal point along every dimension.
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Figure 3: The cost of bad policy I
Note: The graph shows the welfare cost of deviating from the optimal Taylor-rule parameters in
the optimal robust rule. Each column shows the welfare cost of changing a single parameter in
the Taylor-rule while keeping all other parameters constant. The first three rows show the welfare
cost of deviating from the robust rule optimized for that particular model. The last row shows
the welfare cost of deviating from the common robust rule in all three models at the same time
optimized for the prediction pool. Welfare costs are measured in consumption equivalent welfare
changes. The vertical red line shows the optimal value of the parameter that is changed in each

column.
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Table 4: Welfare cost of robust optimal policy ¢ in model j # 4

SW GKQ BGG
SW 0.000 0.135 0.005
GKQ 0.033 0.000 0.019
BGG 0.010 0.052 0.000
Pool 0.016 0.008 0.006

Note: The table shows what happens when an optimal simple rules optimized for model 7 is used
in model j # 4. The first column shows the consumption equivalent welfare loss in the SW model
relative to the welfare attained using the robust simple rule optimized for the SW model if, for
example, we use the robust simple rules optimized for the SW, GKQ, BGG models, respectively.
The last row shows the welfare cost incurred in model ¢ when instead of using the robust simple rule
optimized for model ¢ we use the robust optimal simple rule obtained with the optimal prediction
pool weights.

Deviations have small effects and welfare is most sensitive to changes in the output feedback
parameter «,.'? In the financial friction models deviations from the optimal value «,, still
dominate the policymaker’s objective: deviations can have large welfare consequences that
can reach as much as a 5% consumption equivalent. However, welfare in those models is also
more sensitive to deviations of the interest rate smoothing parameter, p,, from its optimal
value. The panels in the last row show the welfare cost of deviating from the optimal
parameter values of the common robust rule in all three models at the same time optimized
for the prediction pool. These panels are essentially weighted averages of the three panels
above them using the weights assigned to each model in the prediction pool. The numbers
here avoid the large welfare losses in the GKQ model due to the fact that the SW model
receives the largest weight in the prediction pool.

To summarize this sub-section, the welfare gains from using the correct robust rather
than non-robust rule in model ¢ when model j # ¢ turns out to be the actual DGP are
apparently quite low and of the order of a 0.135% consumption equivalent permanent loss
at most. However using the robust optimal rule does avoid substantial losses from deviating
slightly from the rule. In addition it should be noted that optimized simple rules in general
have good robustness properties and using non-optimized rules can lead to substantial losses
compared with all such we have considered in this paper. One such ‘bad policy’ is the non-
optimized inertial Taylor of 1999 examined in Hebden et al. (2020). In our parametrization
it has parameter values: p, = 0.85, a; = (1—0.85)1.5 = 0.2250, o, = (1 —0.85)0.5 = 0.0750
and ag4, = 0. With DGPs given by the estimated SW, GKQ and BGG models at the mean
of estimates we find this rule actually decreases welfare compared with the estimated rule
in all cases with substantial consumption equivalent percentage losses of up to 30% for the
GKQ model which is close to instability under this rule.

19Schmitt-Grohe and Uribe (2007) termed this result the "importance of not responding to output’.
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Figure 4: The cost of bad policy II

Note: The graph shows the welfare cost of deviating from the optimal value of a,; in in the optimal
robust price level rule. Price level rules use the restriction p, = 1 and ay = agy = 0. The first
three panel show the welfare cost of deviating from the robust price level rule optimized for that
particular model. The last panel shows the welfare cost of deviating from the common robust price
level rule in all three models at the same time optimized for the prediction pool. Welfare costs are
measured in consumption equivalent welfare changes. The vertical red line shows the optimal value
of the parameter that is changed in each column.

6.5 A Price Level Rule

Our results then show that even small deviations of p, and «, have serious welfare
consequences with losses far greater than any gains relative to the estimated rule. So suppose
that the monetary policymaker commits to a rule with p, = 1 and o, = agy, = 0. Then
. . . o, _ P/Pi
integrating (9) and putting F = BB
rate steady state, we arrive at the rule

where P, is the price trend in the constant inflation

Rn,t Pt

R, "R

(14)

which is a price-level rule that adjusts the deviation of the nominal interest rate to changes
in the price level relative to its long-run trend.

We have described the literature on the benefits of price-level targeting versus inflation
targeting in Section 2 where we describe price-targeting (and indeed any inertial Taylor rule)
as possible makeup strategy as follows. It anchors expectations as follows: faced with of an
unexpected temporary rise in inflation, price-level stabilization commits the policymaker to
bring inflation below the target in subsequent periods. In contrast, with inflation targeting,
the drift in the price level is accepted.

Our results in Table 5 and Figure 4 indicate a further benefit of price-level targeting:
when the robust rule is implemented, even with departures from its optimal setting of the
single feedback parameter a, that defines the policy, it remains robust across models with
and without financial frictions.
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Table 5: Optimized simple robust price level rules

SW  GKQ BGG BMA Prediction Pool

SW GKQ BGG SW GKQ BGG

Pr 1.000  1.000 1.000 1.000 1.000

o 4.826 1.233 2.618 1.239 1.585

Qy, 0.000  0.000  0.000 0.000 0.000

Oy 0.000  0.000  0.000 0.000 0.000

wi(%) -0.010 -0.027 -0.002 -0.030 -0.027 -0.009 -0.022 -0.031 -0.005

w(%) -0.027 -0.020

wH(%) 0.090 0.027 0.114 0.070 0.027 0.107 0.078 0.023 0.111

w(%) 0.027 0.066

ory(x100) 0.726  0.536  0.688  0.502 0.537 0.610 0.536  0.572  0.634
o-(x100) 0.118 0.266 0.129 0277 0.265 0.215 0.234 0.225 0.180
oy 0.17v8 0.17v9 0.145 0.178 0.179 0.144 0.178 0.179 0.144
Ody 0898 0874 089 0873 0.874 0846 0.873 0877  0.852

pzrp(%)  3.402 0.694 2757  0.444 0.700 1.554 0.701  1.044  1.892

Note: Simple price level rules use the restriction p, = 1 and oy = a4, = 0 and only the value
of a; is optimized. All rules in the table are based on 500 draws from the estimated posterior
distribution of each model. Every variable in the column is computed for each draw then averaged
across draws. w; shows the fraction of the consumption stream households need to give up to have
the same welfare as under the estimated rule in each model. og,, o, oy, and o4y denote the
unconditional standard deviation of the gross nominal interest rate, the inflation rate, output and
output growth computed from a second-order approximation around a deterministic steady state.
Some of the standard deviations are scaled by 100 for ease of presentation. pzrp is the probability
that the gross nominal interest rate is below one in the normal distribution N'(Ry,op, ), where
Ry is the deterministic steady state of the nominal interest rate.

7 Robustness

In this section we demonstrate that our benchmark results are not affected by the par-
ticular estimation strategy we have employed. Specifically, we show that the following do
not affect our results:

1. Financial Crisis. We re-estimate all models using a sample that stops just before the
financial crisis to exclude the time period when the zero lower bound was binding in
the US. We show these are largely identical to our existing results.

2. Unconventional monetary policy. We re-estimate all models using the shadow federal
funds rate of Wu and Xia (2016) to obtain estimates that incorporate the effects of
unconventional monetary policy near or at the zero lower bound. Again, results are
very similar to those presented above.
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3. Using an expanding vs rolling window for estimation and weighting. We also estimate
our models repeatedly with a fixed sample size of 84 observations and we increase the
start date and the end date of our sample period by four quarters each time. This
shows that observations at the beginning of our sample period do not influence the
weights more than observations at the end since they are used more often to compute
the log predictive scores.

4. Alternative samples. We carry out the optimal weighting and policy exercises using
the full sample. However, we can repeat this exercise at each point in time to show
that the choice of when to carry out the exercise does not affect our results. This is
essentially akin to using a dynamic weighting scheme as in Del Negro et al. (2016).

7.1 Excluding the Financial Crisis of 2007-2008

We estimate our models using a sample that stops just before the financial crisis to
exclude the time period when the zero lower bound was binding in the US. Our sample
contains the same seven time series as observable variables as before over the sample period
1966:1-2007:4.

Tables 6 and 7 show the optimized simple rules for each of the three models in our
prediction pool and the optimized simple rules using BMA and optimal prediction pool
weights, respectively. Comparing them to the optimized simple rules in Tables 2 and 3 we
can see that our results are not due to the specific sample used in our exercise.

Table 6: Optimized simple rules

SW GKQ BGG
Estimated Robust Mean Estimated Robust Mean Estimated Robust Mean
Pr 0.643 0.000 0.000 0.642 0.588  0.565 0.710 0.657  0.646
o 0.693 8.989  9.093 0.708 1.086 1.014 0.570 2.329 2.255
oy 0.003 0.048  0.057 0.003 0.006  0.007 0.007 0.016  0.020
Oy 0.064 1.232  1.250 0.066 0.132  0.000 0.058 0.080  0.000
W' (%) 0.000 0.091  0.086 0.000 0.027 0.015 0.000 0.081  0.073

Note: The simple rules in the 'Robust’ column are optimal robust simple rules based on 500 draws
from the estimated posterior distribution of each model. Every variable in the column is computed
for each draw then averaged across draws. The simple rules in the 'Mean’ column are optimal
simple rules computed at the estimated posterior mean of each model. w; shows the fraction of the
consumption stream households need to give up to have the same welfare as under the estimated
rule.

7.2 Using the Wu-Xia Shadow Federal Funds Rate

We also estimate our models using the shadow federal funds rate of Wu and Xia (2016).
The shadow rate is estimated from a nonlinear term structure model and it incorporates the
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Table 7: Optimized robust simple rules

BMA Prediction pool

NK GK BGG NK GK BGG
w(%) 6.93 93.07 0.00 36.38 51.31 12.31
Pr 0.592 0.600
o 1.110 1.276
Qy 0.006 0.008
Qgy 0.135 0.000
w'(%) 0.051 0.026 0.059 0.063 0.017 0.070
w(%) 0.028 0.040

Note: The robust optimal simple rules in the table are based on 500 draws from the estimated
posterior distribution of each model. Every variable in the table is computed for each draw then
averaged across draws. w; shows the fraction of the consumption stream households need to give
up to have the same welfare as under the estimated rule in ach model.

effects of unconventional monetary policy. Hence, it is not bounded by the zero lower bound
and provides more reliable analysis of an economy operating near or at the zero lower bound.

Tables 8 and 9 show the optimized simple rules for each of the three models in our
prediction pool and the optimized simple rules using BMA and optimal prediction pool
weights, respectively. Comparing them to the optimized simple rules in Tables 2 and 3 we
can see that our results are not due to the specific sample used in our exercise.

7.3 Weights obtained using a rolling window

Recall that we estimate our models repeatedly with an increasing window of data, and
compute log predictive scores (4) and (5) for predictions made by our estimated models.
Each estimation sample starts at 1966:1 and we increase the sample size by four quarters
each time. One might argue that observations at the beginning of our sample period influence
the weights more than observations at the end since they are used more often to compute the
log predictive scores. Hence, we also estimate our models repeatedly with a fixed sample size
each time using a rolling window of data. Each estiation uses a sample of 84 observations
and we increase the start date and the end date of our sample period by four quarters each
time.

The top panel of Figure 5 shows the log predictive score function for each individual
model, and for the pool using the Bayesian odds as weights, relative to the optimal pool’s.
Note that by construction the optimal pool is the linear convex combination, so it provides
the best forecast. The predictive performance of all models is again very similar to each other
in most periods and from the onset of the Great Recession the gain from using prediction
pools with optimal weights increases considerably. Using a rolling window of data it is the
SW model that provides the best predictions on average followed closely by BGG. Weights
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Table 8: Optimized simple rules

SW GKQ BGG
Estimated Robust Mean Estimated Robust Mean Estimated Robust Mean
Pr 0.676 0.000 0.000 0.665 0.727 0.713 0.725 0.831 0.831
o 0.681 9.059 8.719 0.689 1.261 1.194 0.582 3.067 3.056
oy 0.002 0.042 0.051 0.003 0.003  0.004 0.003 0.022 0.027
Oy 0.060 1.136  1.066 0.060 0.198  0.175 0.056 0.118 0.111
W' (%) 0.000 0.107  0.098 0.000 0.052  0.040 0.000 0.111  0.094

Note: The simple rules in the 'Robust’ column are optimal robust simple rules based on 500 draws
from the estimated posterior distribution of each model. Every variable in the column is computed
for each draw then averaged across draws. The simple rules in the ’Mean’ column are optimal
simple rules computed at the estimated posterior mean of each model. w; shows the fraction of the
consumption stream households need to give up to have the same welfare as under the estimated
rule.

of approximately 42, 22 and 36 percent are assigned to the SW, GKQ and BGG models,
respectively, by the end of the sample period.

Table 10 shows the optimized simple rules using BMA and optimal prediction pool
weights. Since we only compute the weights for the optimal prediction pool differently,
the optimized simple rules for each of the three models in our prediction pool remain the
same. Comparing the results to the optimized simple rules in Table 3 we can see that our
main results are robust despite using a different way to compute the weights.

7.4 Weights and policies obtained using alternative samples

We do a thorough analysis of the optimal simple rules using weights assigned to the
SW, GKQ and BGG models based on their relative predictive performance over the entire
sample period from 1966Q1 to 2017Q4. Hence, our results are conditional on the choice of
those weights. In this section we present optimal simple rules computed for different sample
periods to show that our results are independent of this choice.

The first four panels of Figure 6 show the optimal simple rule parameters computed over
the sample period 1980:4-2017:4. To obtain these parameters, we solve the optimization
problem recursively. At each point in time we use the log predictive scores up to that point
to determine the weights as if our full sample ended there and use those weights to solve
our policy design problem. The last panel shows the consumption equivalent welfare gain
from the optimal simple rule over the estimated rule.?’ As we can see from the plots or
benchmark results are not sensitive to our choice of the sample period.

20We only compute mean optimal simple rules since computing robust optimal simple rules would be
computationally too costly.
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Figure 5: Pooling figure
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Table 9: Optimized robust simple rules

BMA Prediction pool

NK GK BGG NK GK BGG
w(%) 0.33 99.67 0.00 31.18 40.03 28.79
Pr 0.727 0.815
fovm 1.263 1.755
Qy 0.003 0.006
Qgy 0.198 0.244
w'(%) 0.073 0.052 0.094 0.089 0.046 0.105
w(%) 0.052 0.076

Note: The robust optimal simple rules in the table are based on 500 draws from the estimated
posterior distribution of each model. Every variable in the table is computed for each draw then
averaged across draws. w; shows the fraction of the consumption stream households need to give
up to have the same welfare as under the estimated rule in ach model.

8 Conclusion

This paper studies the problem of designing robust simple rules when the policymaker
has at her disposal a finite set of models, none of which are believed to be the true data
generating process. We assign weights to models on the basis of the accuracy of their 4-
period ahead forecasts rather than their in-sample fit, consistent with the forward-looking
viewpoint of the policymaker. We study the robust optimal policy problem in the form of an
optimized Taylor-type inertial nominal interest rate rule under this weighting scheme using
three estimated models exemplifying the policymakers’ uncertainty about how to incorporate
financial frictions into the canonical DSGE model of Smets and Wouters (2007). In compar-
ison with Bayesian model averaging, we find that our prediction pool choice has a significant
impact on the robust optimized rule. We find that the price level rule has particularly good
robustness properties.

Our approach provides a very general framework for the combination of models in a policy
design problem. It only requires models to share the same policy instrument, to provide a k-
period ahead predictive density given macro-economic data, and to have a welfare criterion
to rank alternative policies. The models in the pool do not need to share the estimated
parameter vector, nor even the observables; they can be nested as well as non-nested. Thus,
the methodology can be applied to a wide range of macroeconomic models from mainstream
DSGE, behavioural to agent-based, and indeed to other non-macroeconomic settings as long
as these three requirements are met.

Within the DSGE framework, several open questions offer possible avenues for further
research. First we can extend our choice of models with financial frictions to include for
example a housing sector as in Iacoviello (2005), Tacoviello and Neri (2010) and Adam and
Woodford (2020). A model that combines firm-bank and bank-household frictions as in
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Table 10: Optimized robust simple rules

BMA Prediction pool

NK GK BGG NK GK BGG
w(%) 1.72 98.28 0.00 41.97 22.50 35.53
Pr 0.716 0.818
fovm 1.207 2.130
Qy 0.000 0.009
Qgy 0.200 0.272
w'(%) 0.067 0.053 0.097 0.088 0.037 0.113
w(%) 0.054 0.086

Note: The robust optimal simple rules in the table are based on 500 draws from the estimated
posterior distribution of each model. Every variable in the table is computed for each draw then
averaged across draws. w; shows the fraction of the consumption stream households need to give
up to have the same welfare as under the estimated rule in ach model.

Rannenberg (2016) is another possible competing model. Our policy problem can also be
extended to accommodate macro-prudential instruments where banks are subjected to a
common capital, or equivalently leverage-ratio requirement (see, for example, Karmakar
(2016).)

Second, we have confined our study to one standard form of interest rate rule responding
with interest rate inertia to inflation, output and output growth. This nested a price level
rule which we have found to have good robustness properties. Other rules, such as wage
inflation targeting, and more general optimized hydrid price-level targeting/ inertial Taylor
rules as studied in Hebden et al. (2020) can be explored.

Third, whereas the results we have obtained in the paper examine the possibility of
a hitting a zero-lower bound for monetary policy, they are not designed to minimize this
outcome as in Levine et al. (2012) and Dedk et al. (2020). In a recent paper Dordal-i-
Carreras et al. (2016) demonstrate that a regime switching representation of risk premium
shocks can generate a realistic distribution of zero-lower bound durations in a standard New
Keynesian model. Incorporating zero-lower bound considerations into our policy problem
may reveal policy trade-offs that are not present in our results.

Fourth, we have confined our study to one standard form of interest rate rule responding
with interest rate inertia to inflation, output and output growth. This nested a price level
rule which many papers in the literature have found to have good robustness properties. Our
study strongly endorses this finding. Other rules, such as wage inflation targeting, and more
general optimized hydrid price-level targeting/ inertial Taylor rules as studied in Hebden
et al. (2020) can be explored.

Fifth, the use of real-time data when analysing the out-of-sample forecast performances
of competing models to compute weights would be an interesting exercise. An application of
density forecasting using real time data, but without model pooling, is provided by McAdam
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and Warne (2019).

Finally an aspect of the robustness approach, largely ignored by the literature, is the
scope for expectation differences between private and public sectors. There is a need to
consider the possibility that the private sector may also believe there are competing models.
By assuming that each model has RE with model-consistent expectations our application has
ruled out this possibility. This case of model-inconsistent expectations needs to be factored
into truly robust Bayesian rules. An alternative is to pursue a behavioural approach and
drop the RE assumption altogether.?!

21Possible models for such an exercise can be found in the survey Calvert Jump and Levine (2019).
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ONLINE APPENDICES
A The SW Model

Final good producers The representative final good producer uses a continuum of inter-
mediate goods Y;(m) to produce a homogeneous final good

1 Cp/(Cp—1)
Y, = (/ y;(m)(Cpl)/dem) (A1)
0

Final goods producers are perfectly competitive and choose output to maximize profits P, Y, —
fol P,(m)Y;(m)dm, where P,(m) is the price of intermediate good m and P, is the aggregate
price index. This implies the standard demand function

Yi(m) = (Pﬁ))_@ ¥, (A2)

Intermediate good producers Intermediate good m is produced using the technology
Yi(m) = (A (m))* K-y (m)' = (A.3)

where Hi(m) and Ky(m) are labour and capital demand, respectively. Labour productivity
is decomposed into a cyclical component and a deterministic trend A; = A; A7, where the
cyclical component follows the process

log AY — log A° = pa(log A7 | — log A®) + €. (A.4)

Intermediate producer m maximizes profits P;(m)Y;(m) — W, H(m) —rE K;_1(m), where
W; and rX are the real wage and return on capital, respectively. This implies the marginal
cost

MCy = a™ (1 — )" I9Iwl-o k) (A.5)

which is the same for all intermediate producers.

Following Calvo (1983) we assume that each period the price of retail good m is set
optimally to P?(m) with probability 1 — &,. If the price is not re-optimized, then prices
are indexed to last period’s aggregate inflation, with indexation parameter 7,. Each retail
producer m chooses P (m) to maximize discounted profits

= PP(m) (Pap1\ ™
Etkgg,’fm,ﬁm%(m){ ;Dik) ( gfll) —Mom} (A.6)

subject to demand (A.2) given the stochastic discount factor A,y of the households.
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The solution to the above problem is the first-order condition

- P2(m) ( Prx1\™ 1
E KA oinYon(m { ¢ ( + ) — MCy  MS;ir| =0 AT
tkz:%fp ttrk Yok (M) Pk P A=1/C) kM Sk (A7)

where we have introduced a mark-up shock M S; that follows the process
log M S; —log MS = prrs(log MS;—y —log MS) + €psie- (A.8)

Note that this is a small departure from the original SW model where the elasticity of
substitution ¢, is the sum of its long-run mean and a mark-up shock the follows an AR(1)
process; i.e. the shock is hitting the elasticity of substitution directly.

Labour markets Households supply their homogeneous labour to trade unions that dif-
ferentiate the labour services. A labour packer buys the differentiated labour from the

trade unions and aggregate them into a composite labour using the Dixit-Stigliz aggregator
Cw/(Cw—1)
H, = <f01 Ht(j)(gw_l)/%dj> , where H; is aggregate labour supply, (,, is the elastic-

ity of substitution among different types of labour, and we index trade unions by j. The
labour packer minimizes the cost fol Wi.t(j)He(j)dj of producing the composite labour ser-
vice, where W, ;(j) denote the nominal wage set by union j. This leads to the standard
demand function

H,(j) = (WW—“))C ! (4.9

where W, ; is the aggregate nominal wage.
Sticky wages are introduced through Calvo contracts supplemented with indexation. At
each period there is a probability 1 — £, that trade union j can choose Wgt (j) to maximize

WarlG) ( Prpxa\™
,t<>< bk ) _WW] (A10)

E FNerorwHeir(G
tzgw tt+k t+k(]) Prn P

k=0

subject to the demand function (A.9), where 7, is the indexation parameter.
The solution to the above problem is the first-order condition

W%@)(HM1)% 1
i - W =0 A.11
Por \ Py (1= 1/¢,) M (A.11)

B> &Mk Hir(d)

k=0

where we have introduced a mark-up shock M RSS; that follows the process
log MRSS; —log MRSS = parrss(log MRSS;—1 —log MRSS) + €nrrssi (A.12)

Note that this is a small departure from the original SW model where the elasticity of
substitution ¢, is the sum of its long-run mean and a mark-up shock the follows an AR(1)
process; i.e. the shock is hitting the elasticity of substitution directly.
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Households Household j maximizes its expected lifetime utility

Q) = B | 37 ot 0D =XCGN'™ T 1)M} (A13)

1—o. 1+

where C; is real consumption, H; is hours supplied, £ is the discount factor, y controls
habit formation, o, is the inverse of the elasticity of intertemporal substitution (for constant
labour), and ® is the inverse of the Frisch labour supply elasticity. Note that, unlike in the
original SW model, we use internal instead of external habit formation.

The household’s budget constraint in period ¢ is given by
By(j) Bi1(j)

+ Ty = ——> +rF K 1(j) + Wi Hi(5) + Ty (A.14)

S
)T mps R, B P,

where [; is investment into physical capital, B; is government bonds held at the end of
period ¢, R, ;1 is the nominal interest rate paid on government bonds held at the beginning
of period ¢, RPS; is an exogenous premium in the return on bonds that follows the process

log RPS; — log RPS = prps(log RPS;_1 —log RPS) + €rpsy, (A.15)

T} is lump-sum taxes, 7/ is the real rental rate, W}, is the real wage rate, and I'; is profits of
intermediate firms distributed to households. Notice that we deviate from the original SW
model and do not allow for variable capital utilization in the model. The capital stock K,
accumulates according to

Ki(j) = (1 = ) K1 (4) + (1 = S(Xe (1) e (4) LSy (A.16)
where IS; is an investment specific technological shock that follows the process
log I.S; —log IS = prs(log 1S;—1 —log I.S) + €15, (A.17)

Xi(j) = L(j)/1:-1(j) is the growth rate of investment, and S(-) is an adjustment cost
function such that S(X) =0, §'(X) =0, and S”(-) = 0 where X is the steady state value of
investment growth.

The solution to the household’s problem imply the arbitrage condition

Et[At,t+1Rt+1] - Et[At,t—&-lR{il] — 1 (A18)

where

Rn,t—l
1T

[TtK + (1 —=0)Q]
Qi1

are the real gross returns on government bonds and physical capital, and @), is the price of
capital (Tobin’s ). The modelling strategy when we introduce financial frictions into the
model will be to break the above no arbitrage condition and introduce a wedge between the
two returns.

Ry = Rf =
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The Government Problem A monetary policy rule for the nominal interest rate is given
by the Taylor-type rule

lo Rn,t _ 1o Rn,tfl
g R, Pr 108 R,
II Y, Y,
+ (1 —=p,) | Oxlog =)+ g, log L)+ 84y log ! + MPS,;, (A.19)
I Y Yia

where II; is inflation, and M PS} is a monetary policy shock that follows the process

log MPS, —log MPS = pyps(log MPS, 1 —log MPS) + €xpsi (A.20)

The government budget constraint is

B
Pth + Bt,1 - Tt + ¢ <A21>
Rn,t
where Gy is government spending that follow the process
log Gy —log G = pi(log Gi—1 — log G) + ey (A.22)

B The GKQ Model

The GKQ model extends the SW model with a banking sector to introduces a wedge
between the expected ex ante cost of loans from households, R; and the return on capital
ri. Our setup follows closely Gertler et al. (2012) but embeds in our SW model in a similar
fashion to Gertler and Karadi (2011). Apart from the arbitrage condition (A.18), the details
of the model are unchanged, so we concentrate here on the banking sector only.

The financial market friction in this model is driven by the costs of enforcing contracts.
Financial frictions affect real activity via the impact on funds available to banks but there
is no friction in transferring funds between banks and nonfinancial firms. Given a certain
deposit level a bank can lend frictionlessly to nonfinancial firms against their future profits.
In this regard, firms offer to banks a perfect state-contingent security.

Banks The flow of funds constraint of an individual bank is given by

Qis¢ = ny + qeey + dy (B.23)

where s; denotes claims on non-financial firms to finance capital acquired at the end of period
t for use in period ¢t + 1, and @), is the price of a unit of capital. Therefore );s; is the value
of loans funded in period ¢, which equals the sum of bank net worth n;, household deposits
d; and outside equity raised from households ge;.

The net worth of the bank accumulates according to

ny = RtKQt—lst—l — Rydy—q — Re,tQt—let—l (B.24)

where the real return equity is given by R.; = [ + (1 — §)aq:]/q—1-
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Banks exit with probability 1 — o per period and pay dividends only when they exit.
The banker’s objective is to maximize expected discounted terminal wealth

e}

W = Et Z(l — UB>UiB_1At,t+int+i <B25)

i=1

subject to an incentive constraint for households to be willing to supply funds to the banker.

To motivate an endogenous constraint on the bank’s ability to obtain funds, we introduce
the following simple agency problem. We assume that after a bank obtains funds, the bank’s
manager may transfer a fraction of assets to her family. In recognition of this possibility,
households limit the funds they lend to banks.

Divertible assets consists of total gross assets ();s;. If a bank diverts assets for its personal
gain, it defaults on its debt and shuts down. The creditors may re-claim the remaining
fraction 1 — © of funds. Because its creditors recognize the bank’s incentive to divert funds,
they will restrict the amount they lend. In this way a borrowing constraint may arise. In
order to ensure that bankers do not divert funds the following incentive constraint must
therefore hold:

Vi > O(x4)Qrst (B.26)
— 4iét

where z, = &= is the fraction of bank assets financed by outside equity, 0, >0/ >0
captures the idea that it is easier to divert assets funded by outside equity than by households
As before, the incentive constraint states that for households to be willing to supply funds
to a bank, the bank’s franchise value V; must be at least as large as its gain from diverting
funds.

The optimization problem for the bank is to choose a path for loans, {s;;;} to maximize
V; subject to (B.23) and (B.24).
Aggregation At the aggregate level the banking sector balance sheet is:

QiSy = Ny + ¢t By + Dy
At the aggregate level net worth is the sum of existing (old) bankers and new bankers:
Ny = Noi + Ny

Net worth of existing bankers equals earnings on assets held in the previous period net
cost of deposit finance, multiplied by a fraction og, the probability that they survive until
the current period:

Noy = UB{('f’tK + (1 —=0)Q:)Si—1 — (Tt +(1—=90)@¢)Ei—1 — RiDy 1}

Since new bankers cannot operate without any net worth, we assume that the family
transfers to each one the fraction {g/(1 — op) of the total value assets of exiting bankers.
This implies:

Nt = E5r + (1= 6)QU) S+ (B.27)

Links to the SW model In the absence of credit policy by the authorities the model is
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closed by household arbitrage conditions
Ei[Arir1Reg1] = Eg[Ars 1 Repn] = 1. (B.28)

Moreover, the market for loans clears implying that S; = K;.

C The BGG Model

In a ‘costly state verification model” due originally to Townsend (1979), the modelling
strategy is once again to replace Ei[Aysy1Riv1] = EifAr1RE L] with a wedge that arises
from the friction between a risk neutral entrepreneur and a financial intermediary. The
former borrows from the latter to purchase capital from capital producers at a price ); and
combines it with labour to produce an intermediate good. In order to ensure they cannot
grow out of the financial constraint, entrepreneurs exit with probability or. As we shall see
this setup introduces a wedge between the expected ex post (non-riskless) rate, E;[R;.1] and
the expected return on capital E,;[R[,].

The entrepreneur seeks loans [; to bridge the gap between its net worth ng, and the
expenditure on new capital (Q;k;, all end-of-period. Thus

lt = tht - nE7t (029>

where the entrepreneur’s real net worth accumulates according to

R

t

K
Nps = Rt Qt—lk’t—l -

lia

where R;; is the nominal loan rate to be decided in the contract.

In each period an idiosyncratic capital quality shock, 9; results in a return RXv; which
is the entrepreneur’s private information. Default in period ¢ 4+ 1 occurs when net worth
becomes negative, i.e., when ng,,; < 0 and shock falls below a threshold 1, given by

Riqly
M1 RS Qi

With the idiosyncratic shock, 1, drawn from a density f(v¢) with a lower bound )y, the
probability of default is then given by

Pryr = (C.30)

Y1
p(§) = /w F()dy

min

In the event of default the bank receives the assets of the firm and pays a proportion
1 of monitoring costs to observe the realized return. Otherwise the bank receives the full
payment on its loans, R;l;/Il;1, where R;; is the agreed loan rate at time ¢.
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At the heart of the model is the bank’s incentive compatibility (IC) constraint given by

1Z_Jt+1
E (C.31)

7/}'min

Ry Qi ((1 — i) V(W)Y + P (1 - p(”@m))) 2 Ryl

The LHS of (C.31) is the expected return to the bank from the contract averaged over all
realizations of the shock, the RHS is the return from a riskless bond. To be incentive compat-
ible, the expected return from the contract must be equal or greater than the intermediary’s
opportunity cost, which is the rate R;;.

Now define I'(¢;11) to be the expected fraction of net capital received by the lender (the
bank) and uG(1s,1) to be expected monitoring costs where

_ Y1 B ~

I(Y1) = . Y f()dY + Y1 (1 — p(Yrsr)) (C.32)
_ Pry1

Gl = [ wstian (.39

Then the optimal contract for the risk neutral entrepreneur solves

max [E; [(1 - F(&Hrl)) Ri&@t’%}
Yet1,ke

given initial net worth ng,, subject to the IC constraint (C.31).

So far we have set out the optimizing decision of the representative entrepreneur. We
now aggregate assuming that entrepreneurs exit with fixed probability 1 — og. To allow new
entrants start up we assume exiting entrepreneurs transfer a proportion &g of their wealth
to new entrants. Aggregate net worth then accumulates according to

Ngi = (05 + &) (1 = T(00))RE Q1K
and on exiting the entrepreneur consumes
Cre=(1=0p)(1—£&p)(1 = T()) Ry Q1 Ky
The resource constraint becomes

Yi=Ci+Cpi+ G+ I, + uG(zﬁt))Rf{Qt_th_l

D Bayesian Estimation

We estimate the three models in our pool with Bayesian methods. For all three models
we use the same seven time series as observable variables as in Smets and Wouters (2007):
the log difference of real GDP, real consumption, real investment and the real wage, log hours
worked, the log difference of the GDP deflator, and the federal funds rate. The corresponding
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measurement equations are

dlGDP, v [y — yi1 |
dICON S; ~ Ct — Ci1
AIINV, 5 i =t
dIW AG, = 7| + |w — w4 (D.34)
IHOURS, [ Iy
dlP, T T
\FEDFUNDS,| |7| | |

where 7 is the common quarterly trend growth rate of real GDP, consumption, investment
and wages, 7 is the steady state inflation rate, [ is steady-state hours worked and 7 is the
steady state nominal interest rate. The trend growth rate and all three steady state values
entering the measurement equations are not estimated, but set to their corresponding sample
means.

We fix several parameters in the estimation procedure that are hard to identify in the
model. The steady state value of the government spending-GDP ratio is set to 18 percent.
The depreciation rate is fixed at 2.5 percent per quarter and the output elasticity of labour
is set to 0.67. The elasticity of substitution among different types of intermediate goods ¢,
and among labour types (,, are fixed at 7 and 3, respectively.

The parameters of the banking sector in the GKQ model are calibrated the following
way. We choose the functional form ©(xz;) = (1 + ex; + rx?/2) for the fraction of divertible
funds. We follow Gertler et al. (2012) and set ¢ = —2 which, together with the steady state
relationship ©'(z) = 0, implies that we can calibrate x to imply a target of 0.15 for the
steady state outside equity ratio .22 We choose the values for 6 and £z in order to match
an economy wide leverage ratio of four and an average credit spread of 276 basis points per
year observed in the data. Finally, we choose op = 0.942 using micro data from Bankscope,
implying that bankers survive on average for 4.3 years.

The financial parameters of the BGG model are oy, og, (g and p. We follow Del Negro
et al. (2016) and set the survival rate of entrepreneurs to o = 0.99. We calibrate the
other three parameters jointly to hit the following three targets: a default probability of
p(¥) = 0.03, p(h) = 1.0069 corresponding to a credit spread of 276 basis points per year as
in GKQ and an entrepreneurial consumption to GDP ratio of C—YIE = 0.075.

The remaining 26 parameters, which are common in all three models, are estimated
using data over the sample period 1966:1-2017:4.23 We use the same priors as in Smets and
Wouters (2007), which are all reported in Table D1.2* To compute the log predictive scores
we estimate our models repeatedly with an increasing window of data. Each estimation
sample starts at 1966:1. The first sample ends at 1970:4 and increase the sample size by four

22Note that only the ratio + is pinned down in the deterministic steady state, so € remains undetermined
using this calibration strategy.

2We use the same sample as Smets and Wouters (2007) extended to the last full year observations are
available for. We have also estimated the model with a sample that stops just before the financial crisis, but
parameter estimates are robust to the sample size.

24We implement the models in Dynare. Instead of log-lineariznig the equations by hand as Smets and
Wouters (2007), we include them in their nonlinear form and let Dynare do the log-linearization. Conse-
quently, we rescaled the priors on the standard deviations of the shock processes accordingly.
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quarters each time. Our last sample ends at 2016:4. We estimate each model a total of 47
times.

Table D1 reports the parameter priors and their estimated posterior distributions and
the loglikelihood values. Table D2 compares the moments of our observable variables implied

by our model at the estimated posterior mean to the data.

Table D1: Parameter prior and posterior distributions

Prior distribution SW GKQ BGG

Parameter  Density Mean  Std

o. Normal 1.500 0.375 1.216 [ 1.047; 1.390]  1.357 [ 1.185; 1.524]  1.154 [ 0.803; 1.493]
P Normal 2.000 0.750 2.440 [ 1.635; 3.270]  1.858 [ 1.080; 2.611]  1.003 [ 0.514; 1.492]
X Beta 0.500 0.100 0.397 [ 0.318; 0.475]  0.422 [ 0.352; 0.493]  0.463 [ 0.382; 0.543]
ox Normal 2.000 0.750 0.564 [ 0.341; 0.782] 1.533 [ 0.889; 2.173]  2.813 [ 1.866; 3.744]
& Beta 0.500 0.100 0.605 [ 0.547; 0.663]  0.657 [ 0.610; 0.704]  0.685 [ 0.627; 0.747]
Ew Beta 0.500 0.100 0.518 [ 0.450; 0.590]  0.508 [ 0.429; 0.588]  0.389 [ 0.296; 0.481]
o Beta 0.500 0.100 0.357 [ 0.210; 0.499]  0.277 [ 0.157; 0.394]  0.342 [ 0.197; 0.482]
Yo Beta 0.500 0.100 0.612 [ 0.462; 0.761]  0.608 [ 0.461; 0.757]  0.589 [ 0.436; 0.746]
PR Beta 0.750 0.100 0.671 [ 0.609; 0.732]  0.665 [ 0.597; 0.733]  0.718 [ 0.669; 0.768]
0 Normal 1.500 0.250 1.998 [ 1.771; 2.231]  1.953 [ 1.727; 2.183]  2.009 [ 1.779; 2.234]
o, Normal 0.120  0.050 0.005 [-0.015; 0.026] 0.008 [ -0.012; 0.027] 0.007 [ -0.018; 0.033]
By Normal 0.120 0.050 0.186 [ 0.119; 0.256]  0.180 [ 0.113; 0.249]  0.204 [ 0.134; 0.277]
PA Beta 0.500 0.200 0.978 [ 0.968; 0.987]  0.987 [ 0.981; 0.994]  0.983 [ 0.972; 0.993]
G Beta 0.500 0.200 0.961 [ 0.951; 0.970]  0.962 [ 0.951; 0.972]  0.971 [ 0.955; 0.987]
pMCs Beta 0.500 0.200 0.912 [ 0.881; 0.943] 0.925 [ 0.892; 0.959]  0.880 [ 0.826; 0.935]
PMRSS Beta 0.500 0.200 0.968 [ 0.952; 0.985]  0.967 [ 0.952; 0.982]  0.968 [ 0.949; 0.987]
PMPS Beta 0.500 0.200 0.294 [ 0.173; 0.412]  0.308 [ 0.188; 0.430]  0.194 [ 0.095; 0.295]
PRPS Beta 0.500 0.200 0.599 [ 0.476; 0.720]  0.552 [ 0.431; 0.674]  0.906 [ 0.854; 0.957]
pIs Beta 0.500 0.200 0.939 [ 0.906; 0.973]  0.861 [ 0.830; 0.892]  0.822 [ 0.750; 0.897]
oA InvGamma 0.001 0.020 0.009 [ 0.009; 0.010]  0.009 [ 0.009; 0.010]  0.010 [ 0.009; 0.010]
oG InvGamma 0.001 0.020 0.032 [ 0.030; 0.035]  0.031 [ 0.028; 0.033]  0.028 [ 0.026; 0.031]
oMCS InvGamma 0.001 0.020 0.015 [ 0.012; 0.017]  0.016 [ 0.013; 0.019]  0.019 [ 0.014; 0.023]
OMRSS InvGamma 0.001 0.020 0.034 [ 0.026; 0.042]  0.030 [ 0.022; 0.038]  0.022 [ 0.017; 0.027]
oMPS InvGamma 0.001 0.020 0.003 [ 0.002; 0.003]  0.003 [ 0.002; 0.003]  0.003 [ 0.002; 0.003]
ORPS InvGamma 0.001 0.020 0.005 [ 0.003; 0.007]  0.006 [ 0.004; 0.009]  0.002 [ 0.002; 0.003]
ors InvGamma 0.001 0.020 0.017 [ 0.013; 0.020]  0.037 [ 0.029; 0.045]  0.065 [ 0.047; 0.083]
Loglik 5294.4 5299.0 5260.3

Note: All estimations are done with Dynare version 4.4.3. A sample of 500,000 draws was created
and the first 125,000 draws were discarded. The numbers in the brackets show the 90% HPD
intervals.

E Additional Results

This sections presents some additional results that are omitted from the main text to
conserve space.

Table E3 shows the results for mean optimal simple rules which are only across-model
robust with parameters in each model set at their estimated posterior means. We compare
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Table D2: Data and model moments
SW GKQ BGG

Observable Data Mode Mean Mode Mean Mode Mean

Second moments

dIGDP, 0.8017 0.8505 0.8554 0.8281 0.8274 0.7923 0.7868
dICON S, 0.6791 0.8120 0.8310 0.8012 0.8218 0.9209 0.9419
dlINV, 2.1127 2.0545 2.0730 2.3075 2.2799 2.2151 2.2109
diW AG, 0.7531 1.0807 1.1089 1.0515 1.0869 1.0916 1.1271
I[HOURS, 3.7669 4.2799 4.2745 4.7095 4.6099 5.2716 4.8199
dl P, 0.5855 0.5602 0.5743 0.5919 0.6031 0.5985 0.6114

FEDFUNDS,; 0.9493 0.6658 0.6966 0.7599 0.7820 0.8775 0.8864
Correlation with dIGDP,

diIGDP, 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
dICON S, 0.6797 0.5187 0.5140 0.5434 0.5447 0.5417 0.5415
dlINV, 0.6791 0.7228 0.7128 0.6713 0.6555 0.5388 0.5170
AW AG, 0.0167 0.4726 0.4622 0.4285 0.4185 0.4427 0.4455
IHOURS, 0.1383 0.1225 0.1239 0.1280 0.1281 0.1163 0.1151
dl P, -0.1772  -0.1298  -0.1461  -0.0585  -0.0881  -0.1433  -0.1746

FEDFUNDS, -0.0675 -0.1555  -0.1660 -0.0984  -0.1154  -0.0731  -0.0902

Note: Data moments computed at the estimated posterior mean with second-order approximation
using Dynare version 4.4.3. The sample used for computing the data moments is 1966:1-2017:4.

three sets of policy rules computed using three different set of pooling weights. The first
termed ‘Naive’ weights the three models equally. The second uses Bayesian Model Averaging
(BMA) and the third we call ‘Prediction Pool’ uses optimal prediction pool weights. These
are to be compared with robust optimal simple rules in Table 3 which incorporate both
across-model and within-model uncertainty.

Figure 7 shows how sensitive welfare is to changes in the coefficients in the mean optimal
simple rule in each model. Each panel in the graph shows the consumption equivalent
variation in welfare when changing a single parameter in the mean optimal simple rule
at a time in a given model. Each column shows the welfare consequences of changing a
parameter in the Taylor rule, while each row shows the welfare costs of deviating from the
optimal parameter values in a given model. The results in Figure 4 incorporate only across-
model uncertainty, which is compared to the results in Figure 1 which incorporate both
across-model and within-model uncertainty.
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Figure 7: The cost of bad policy

dy

Note: The graph shows the welfare cost of deviating from the optimal Taylor-rule parameters in
the optimal rule computed at the estimated posterior mean. Each column shows the welfare cost
of changing a single parameter in the Taylor-rule while keeping all other parameters constant. The
first three rows show the welfare cost of deviating from the rule optimized for that particular model.
The last row shows the welfare cost of deviating from the common rule in all three models at the
same time optimized for the prediction pool. Welfare costs are measured in consumption equivalent
welfare changes. The vertical red line shows the optimal value of the parameter that is changed in

each column.
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Table E3: Optimized simple rules at the estimated mean

BMA Prediction pool

NK GK BGG NK GK BGG
w(%) 1.72 98.28 0.00 32.81 38.26 28.94
Pr 0.704 0.794
oy 1.161 1.684
Qy 0.003 0.007
gy 0.178 0.233
W (%) 0.061 0.041 0.079 0.079 0.033 0.092
w(%) 0.041 0.065
Ry (%x100) 0.629 0.659 0.763 0.613 0.642 0.701
o.(x100) 0.366 0.355 0.328 0.276 0.268 0.233
oy 0.169 0.170 0.131 0.169 0.171 0.131
Ody 0.812 0.803 0.776 0.813 0.812 0.789
o 5(%) 1.709 2.160 4.039 1.490 1.903 2.877
pzr(%) 2.152 2.049

Note: The mean optimal simple rules in the table are computed at the estimated posterior mean
of each model. ogr,, om, oy, and o4y denote the unconditional standard deviation of the gross
nominal interest rate, the inflation rate, output and output growth computed from a second-order
approximation around a deterministic steady state. Some of the standard deviations are scaled
by 100 for ease of presentation. pzpp is the probability that the gross nominal interest rate is
below one in the normal distribution N'(Ry,or, ), where Ry is the deterministic steady state of
the nominal interest rate.
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