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This paper proposes to incorporate an asymmetric interest rate rule into a DSGE
model to test whether it allows the model to capture the asymmetries of the real
data for the Fed funds rate. The asymmetric Taylor rule includes a smooth state
dependent transition between two regimes, modelled as a logistic function. Such
formulation captures asymmetric preferences of the central bank over recessions
and booms. The model is solved by the second order perturbation and is estimated
with the particle filter.
Posterior odds ratio tests speak in favour of the model with the asymmetric Taylor rule. However, the posterior predictive checks proposed by Aruoba, Bocola,
Schorfheide (2017) indicate that the model still misses important nonlinearities
of the data. More specifically, the coefficients of a non-linear time series model
(QAR) which was fitted to the real data are different from the QAR coefficients
that were obtained for the data simulated from the estimated DSGE.
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1 Introduction
Several empirical papers have showed that large nonlinearities are present in the macroeconomic data. For example, interest rates were shown to behave differently in recessions
and in booms. Kesriyeli et al. (2004) conducted analysis for the US, Germany and the
UK, Qin and Enders (2008) used the US data and Martin and Milas considered the
reaction of the Bank of England. All papers showed that nonlinearities over different
subsamples are present in the data and are important for policy description and forecasting. Martin and Milas (2004) showed that BoE reacts stronger when inflation is
above the target and weaker when it is below the target. Cukierman and Muscatelli
(2008) and Dolado et al (2005) suggest a similar pattern for the US monetary authority.
Markov and de Porres (2012) demonstrated with a non-parametric estimation that in
8 OECD countries central banks use a significantly nonlinear Taylor rule. The largest
nonlinearities appear along the size of current inflation level.
The reaction of the central banks might be asymmetric for different reasons. If the aggregate supply is convex then the optimal reaction of inflation increases with the magnitude
of the output gap (Dolado et al 2003, 2004). Latxon et al. (1995, 1999), Alvarez-Lois
(2000), Gerlach (2000) among others provide some empirical evidence of a convex Philips
Curve in several European countries and the US. Second, the central bank might have
asymmetric preferences over output recessions versus booms and high inflation versus
low inflation. for example, Orphanides and Wieland (2000), Ruge-Murcia (2002), Dolado
et al. (2002), Surico (2002) and Cukierman and Muscatelli (2002) find that the coefficients of the monetary policy reaction function differ in booms and recession (as well
as across different Fed’s chairs). Finally, the way the expectations are made might be
sensitive to current economic conditions which leads to a nonlinear optimal policy rule
(for example, Meyer et al., 2001).
Monetary policy asymmetries can be modeled in different ways. The examples are regime
switching models (for example, Garcia and Schaller, 2002, Kaufman, 2002, Peersman and
Smets, 2002, Ravn and Sola, 1999 among others), time-varying coefficients and timevarying targets of central bank. Smooth transition between different policy regimes over
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the business cycle can be captured by smooth transition functions. For example, Bunzel,
Enders Alcidi et al (2005 and 2009), Gerlach and Lewis (2010) and Bruegermann and
Riedl (2011) estimate monetary policy rules with smooth transitioning between regimes.
The regime indicators are represented as a logistic or an exponential function of the state
(for example, the output gap). These papers show that smooth transition regressions
are more appropriate to model the policy rule than the standard linear rule.
This paper studies whether an asymmetric policy rule improves the goodness of fit of
a nonlinear DSGE. The motivation for the paper is twofold. First, with the broad
adaptation of the Monte-Carlo methods an estimation of DSGE with non-Gaussian
shocks and nonlinearities (Fernandez-Villaverde and Rubio-Ramirez, 2007) has become
feasible. The goal of the paper is to test whether an asymmetric monetary policy rule
as opposued to the standard Taylor (1993) rule can bring a nonlinear DSGE closer to
the data.
Second, Aruoba, Bocola, Schorfheide (2017) proposed a novel approach to evaluate the
goodness of fit of a nonlinear DSGE. They developed a nonlinear time series model quadratic autoregression (QAR) - and suggest to compare QAR estimates for real data
and for the data simulated from a nonlinear DSGE. Similar QAR-coefficients would favor
the model. They analyse the US data for 1960-2007 and find four types of nonlinearities:
GDP drops faster then recoveries, inflation and wages feature higher volatility in times of
high inflation and, finally, cuts in interest rate are faster then increases. They augmented
a New Keynesian DSGE model with asymmetric price and wage adjustment costs and
showed that such a model can reproduce wage and inflation nonlinearities found in the
data. However, as the authors state, these nonlinearities do not generate nonlinear
dynamics of output growth and interest rate.
I extend the model of Aruoba et al (2017) with a nonlinear simple rule which includes
a smooth threshold on output gap modelled as a logistic function. Such a specification
allows for different policy reaction depending on the business cycle. I approximate the
model up to the second order and estimate the parameters with a particle filter as in the
Fernandez-Villaverde and Rubio-Ramirez (2006), Herbst and Schorfheide (2015). I then
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conduct posterior predictive checks in line with Aruoba et al (2017). More precisely, I
fitted a QAR model to the simulated data and compared parameter estimates to the
QAR coefficients obtained from the US data.
I found that non zero coefficients for the nonlinear part of the interest rate rule. Both
reaction to inflation and to the output gap are stronger during the recession as compared
to boom. Posterior odds ratio test indicates that the model with a nonlinear Taylor rule
is a more realistic description of the reality. However, the QAR analysis show that the
model still misses a nonlinear part of the interest rate data. Federal funds rate is shown
to increase slower in booms versus recessions while in the model the behaviour of the
interest rate is symmetric.
The rest of the paper is organized as follows. Section II develops a DSGE model which
incorporates nonlinear interest rate rule. Section III provides the details on the model
estimation and identification test. Section IV presents a comparison of QAR for the
simulated and for the actual data series. Section V concludes.

2 Empirics of Fed Funds Rate
For the empirical analysis I used a quarterly data for 1960-2012 for the nominal interest
rate, output gap and output growth rate as well as inflation (Appendix 8.1). All data
series are taken from FRED database of the Federal reserve Bank of St Louis. Real
GDP growth rate is obtained as log differences of rel GDP. To compute per capita real
GDP growth I used smoothed population growth rates as in Aruoba et al. (2014).
Inflation was computed as the log differences of GDP deflator. Nominal wage growth
is the log difference of compensation per hour in the non farm sector. Quarterly data
for the nominal interest rate is computed from the monthly averages of the Fed funds
rate. Observing the raw data for the interest rate one might notice a difference in its
dynamic prior and post the mid of 1980th. Some authors suggest that ”pre-Greatmoderation” ”post-Great-moderation” episodes should be analyzed separately. Aruoba
et al. (2014) showed more formally that after 1984 the nominal interest rate was moving
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non-linearly and asymmetrically with faster and sharper falls and slower rises. The
authors themselves explain that this empirical finding might come from the recession
avoidance policy of the FED.
To access the standard Taylor rule I run a regression of the nominal interest rate on
the inflation and output growth rate (or alternatively output gap, which was computed
by HP-Filter with the smoothing parameter 1600) for the whole data period as well as
separately for 1960-1983 and 1984-2012. Appendix 8.2 through 8.4 plots the results for
residuals from the Taylor rule together with the output gap or the output growth rate.
A correlation coefficient between output and Taylor residuals for the whole time period
is around zero, whereas in the second part of the sample 1984-2012, corresponding to the
”post-Great-moderation” period, a correlation of residuals and the output gap or the
output growth rate becomes negative: -0.34 and -0.0031 respectively. This means that
in episodes when output is above its trend or its potential level, interest rate tends to
be below the level that is prescribed by the Taylor rule. In other words, Fed is reluctant
to increase an interest rate to slow down the economy. And similarly, when output is
too low or output growth is too weak, interest rate is not decreased strong enough. By
observing the graph one can see that this corresponds to the ”zero-lower-bound” episode
when the reduction of the interest rate hit the fundamental constraint. One can also see
a more pronounced nonlinear pattern in the residuals for the second part of the sample.
I, therefore, used the second part of the data sample, starting from 1984, to fit a DSGE
model. Moreover, I stopped the sample in 2007 so to focus my attention on normal
times and not on the zero-lower-bound episode.

3 DSGE Model
The DSGE that is used for the analysis is taken from Aruoba et al. (2014) or An,
Schorfheide (2007) and is a version of Smets and Wouters (2007) New Keynesian model.
The model features an existence of a balanced growth path in a form of a labor augmenting technology growth. Moreover, the model is augmented by asymmetric wage and price
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adjustment costs as in Kim, Ruge-Murcia (2009). As was shown in Aruoba et al (2014)
these asymmetric costs enable the model to reproduce nonlinear features of wages and
inflation. The economy is populated by a continuum of heterogeneous workers. Every
worker k optimizes a utility (1) from her specific consumption level C(k) relatively to
the current technology level
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minus her disutility from working. All workers live in one

representative household and perfectly insured against each other by ”sharing the same
table”.
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Every household member sets a wage for her specific labor of type k and bears wage
adjustment costs (2) expressed as a share of nominal wage income (Dolado et al, 2004).
γπ is a growth rate of nominal wage at balanced growth path (BGP), where γ is a
technology growth rate and π is inflation rate on BGP. The costs are asymmetric (linearexponential) and the degree of asymmetric is controlled by the parameter ψw . The cost
function is strictly convex for any φw > 0 and nests quadratic cost function as a special
case. For ψw > 0 wage increase is associated with linear costs while wage decrease
induces exponential costs. Hence, wages are more downward rigid.

Φw (x) = ϕw

exp(−ψw (x − γπ)) + ψw (x − γπ) − 1
ψw2


(2)

Household members buy government bonds Bt (k) which pay nominal interest Rt ,
receive profit from firms Dt and pay lump-sum taxes Tt . The budget constraint is given
by


Wt (k)
Pt Ct (k)+Bt (k)+Tt = Wt (k)Ht (k) 1 − Φw
+Rt−1 Bt−1 (k)+Pt Dt (k)+Pt SC(k)t
Wt−1 (k)
Labor union aggregates all labor types via a CES aggregator (3). Demand for each
labor type negatively depends on the wage according to (4). λw is an elasticity of
1

Such a formulation ensures the existence of the balanced growth path
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substitution between different labor types.
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Nominal wage paid to workers is determined as (5).


 λλw−1

Z1

Wt = 

w

Wt (k)

λw −1
λw

dk 

(5)

0

Intermediate goods producers indexed by j operate under monopolistic competition.
They higher labor services H(j) and produce differentiated goods according to (6).
Because of the monopolistic power firms can set prices for their goods. Price adjustments
are subject to costs (7) expressed as a share of sales revenue in the same manner as wage
adjustments. The degree of asymmetry is controlled by the parameter ψp .
Yt (j) = At Ht (j)
Φp (x) = ϕp

(6)

t
t
exp(−ψp ( PP(j)(j)t−1
− π)) + ψp ( PP(j)(j)t−1
− π) − 1

ψp2

!
(7)

At is an exogenous technology which follow an AR process ln At = ln γ + ln At−1 + ln zt
where ln zt = ρz ln zt−1 + z,t .
All goods produced on the intermediate market are aggregated into a consumption basket by a final goods producer according to (8). As a result of profit maximizing behavior
the demand for an intermediate good j is negatively related to its price. Aggregated
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price level is given by (10).
 1
 1−λ1
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(8)
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0

Demand elasticity λp,t ≤ 1 is assumed to follow an AR(1) process λp,t = (1 − ρp ) ln λp +
ρp ln λp,t−1 + p,t .
Indeterminate firms maximize their profits subject to the demand equation (9):
"
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Lagrange multiplier associated with the constraint µt is the marginal profit which is
equal to price corrected for the adjustment costs minus marginal costs.
The decision for optimal price combined with (11) gives the Phillips Curve:
"
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(12)
Benefits of one unit increase in the price: increase is revenue and lower future expected
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adjustment costs (left hand side) are equal to its costs: decrease in revenue due to drop
in demand depending on the elasticity of demand and price adjustment costs (right hand
side of the equation). In a symmetric equilibrium all firms set equal prices and produce
Pt
Pt−1

denotes



1 − λp,t
M Ct
Yt+1
0
+
(1 − Φp (πt )) =
+ βEt Qt|t+1
πt+1 Φp (πt+1 )
λp,t
At λp,t
Yt

(13)

equal amount. An aggregated Phillips curve looks like (13), where πt =
gross inflation rate.
πt Φ0p (πt )

Inflation today depends on the marginal costs and expected future inflation. Note that
due to the price adjustment costs expected growth rate of output becomes important for
the price decision. In the log-linear approximation of the model πt is a linear function
of Yt . This means that parameters in the interest rate rule ψychange and ψπchange cannot
be jointly identified. Moreover, parameters of the original monetary policy rule ψy and
ψπ cannot be identified either. In the second order approximation, however, πt depends
on the quadratic terms of Yt as well as products of price adjustment costs and output.
It is, thus, theoretically possible to distinguish reaction of the interest rate to inflation
and to output gap. Further identification checks are presented in the next chapter.
It is important to note that since price adjustment costs are convex the Philips curve
is convex as well. Dolado et al (2003, 2004) show that a convex aggregate supply
curve leads to a nonlinear optimally-derived Taylor rule. More precisely, a central bank
will increase an interest rate by more when inflation is above the target then when it
is below the target. These asymmetry arises even when the objective function of the
central bank is quadratic 2 . The authors show that an optimal interest rate rule includes
an interaction term between inflation and output gap. My specification of the policy
rule tries to incorporate this fact.
Fiscal authorities collect lump-sum taxes to finance its exogenous government purchases expressed as a share of output Gt =
2

gt −1
Yt
gt

where gt follows an exogenous process

Even though Dolado et al (2004) paper does not find an empirical evidence for the nonlinear Philips
curve in the US data after 1983, they do find asymmetries in the interest rate rule behavior with
respect to inflation
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ln gt = (1 − ρg ) ln g + ρg ln gt−1 + g,t .
Finally, monetary authority follows a nonlinear interest rate rule (14). The first part
of the equation is a standard Taylor rule with reaction to inflation and output gaps from
their target levels (expressed as growth rates) and the interest rate smoothing term.
The second part in the brackets represents the changes of the reaction to corresponding
variables as central bank policy moves between regimes. Transition between regimes
is governed by the logistic distribution with the reaction parameter FF. The smooth
indicator function is adjusted such that in takes value zero at the BGP. When output
growths faster than on BGP L(Yt ) is positive whereas in times of economic downturns
logistic function takes negative values. According to this rule central bank reacts to
inflation deviations with a coefficient ψπ + L(Yt ) ∗ ψπchange and to output gap with ψy +
L(Yt )∗ψychange . The coefficients in the Taylor rule are thus functions of the current output
gap. This represents the idea that central bank might have asymmetric preferences. For
example, the coefficient for output gap might increase as economy falls deeper into
recession. One of the other advantages of the soft threshold specification is that one
does not need to specify the level of threshold ad hoc, by narrative reasoning or via a
grid search (as in Bunzel, Enders, 2007). Parameter FF controls for the strength of the
switching between two extremes (see A IV).
log Rt = ρR log Rt−1 + (1 − ρR ) log R∗ + ψπ (log πt − log π ∗ ) + ψy (log Yt − log γYt−1 )+


+ L(log Yt ) ψπchange (log πt − log π ∗ ) + ψychange (log Yt − log γYt−1 )
L(Yt ) =

1
− 0.5
1 + exp (−F F (log Yt − log γYt−1 ))

(14)

I did not include a change in the interest rate smoothing parameter due to two reasons.
First, large increase in coefficients for inflation or output already imply stronger reaction
to current economic conditions and less inertia. Second, parameter for the change in the
interest rate smoothing is badly identified if included in the model.
Smooth transition specification is similar to state dependent regime switching. ST is,
however, mode flexible due to allowing for smooth and slow changes in the parameters.
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4 Estimation Results
The model was solved using the approach of Schmitt-Grohe and Uribe (2004). First I
used a linear approximation of the model solution. In the nonlinear estimation exercise
I included second order terms. I added zero-mean measurement errors with a variance
equal 10% of the variance of a respective observed variable. Two versions of the model
were estimated: one with a standard Taylor rule and one with an interest rate rule
augmented with a smooth transition function. For the likelihood approximation I used
a Kalman filter in the linear case and a Particle Filter in a nonlinear case3 with 80000
particles. Large number of particles is required for efficient and smooth likelihood approximation. An upper limit is imposed by computational time (see Figure AIII in the
Appendix). Posterior distributions of 17 or 22 estimated parameters depending on the
version of the model were obtained by a Random Walk MH. In the linear estimation I
simulated 500,000 posterior draws and dropped the first 300,000 as a a burn-in sample.
In the nonlinear case I ran simulations 200,000 draws with a 100,000 burn-in. The scale
parameter for the variance of the proposal density was adjusted such that the average
acceptance rate was between 20 and 60%.
Priors except for the additional parameters of the nonlinear interest rate rule are
adopted from Aruoba et al. (2014) and based on the regressions on the pre-sample data.
To eliminate ambiguity I assume the scale parameter of the logistic function FF to be
positive and distributed according to the normal distribution around 5 4 . Logistic function, therefore, takes positive values when output rises above the balanced growth path
and negative values when output grows slower than on the balanced growth path. Coefficients ψychange and ψπchange are normally distributed to allow for positive and negative
values. I want the values for these parameters to be in the region where they are identi3

General procedure is described in Doucet, de Freitas and Gordon (2001) or Andrieu, Doucet and
Holenstein (2010). Macroeoconomic applications are provided in Fernandez-Villaverde and RubioRamirez (2006) and among others Herbst and Schorfheide (2015)
4
In the first run of the estimation I imposed a uniform prior on the scale of the logistic function.
Resulting posteriors for some of the parameters were bimodal (with pretty close corresponding
likelihood values). This should not be surprising since the resulting reaction parameters depend on
the product of the logistic function and additional parameters ψπchange ] and ψychange .
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fied and at the same time I restricted the value for ψychange to be less then 1.5 in 70% of
the cases. By doing this I reduce the probability that the total reaction of the interest
rate to output deviations ψy + L(Yt ) ∗ ψychange flips the sign for extreme values of output
gap. The value for ψπchange to be under 4 with a high probability for the same reason.
Parameter FF, thus, controls the responsiveness of the central bank policy and parameters ψychange and ψπchange define whether reaction gets stronger or weaker with the output
gap increase. All priors and estimation results can be found in Table 1 in Appendix II.
Before turning to the estimation I discuss some of the identification checks for the
parameters of the main interest - coefficient in the interest rate rule. First, one can notice
that total changes of the reaction coefficients in the alternative regime are products of
ψychange and ψπchange with a logistic function that depends on FF. One might, therefore,
wonder if FF and ψychange as well as FF and ψπchange can be jointly identified.
Figure A1 in the Appendix provides surface plots and contours of the approximated
likelihood as a function of two analyzed parameters keeping all other parameters fixed
at their prior mode. I used 150,000 particles for identification checks. In both cases
the likelihood has a descent degree of steepness. From the figure for joint identification
of ψπchange and F F one can see that the the maximum likelihood is achieved for ψπchange
being between 3 and 4 and for F F larger than 30 in absolute value. In case of varying
F F and ψychange the most likely region for ψychange lies between 2 and 3 and and F F
is most likely to be larger than 17 in absolute value. One might notice that for the
low in absolute value levels of FF the nonlinear part of the interest rate rule becomes
zero and it is not possible to identify parameters ψπchange and ψychange anymore. On the
other hand, as long as FF is high enough in absolute value, the likelihood has a hump
shape with respect to ψπchange or ψychange respectively. Larger values for FF do not make
any difference since the shape of a logistic function remains almost the same as one can
see from the figure AIV in the Appendix. Although likelihood has flat areas in both
cases these flat regions correspond to relatively narrow parameter intervals. Parameter
for the change in reaction to output or inflation can be identified up to these intervals.
Parameter FF can be identified up to the lower bound. However, as long as F F is
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large enough increasing it even further makes little economic sense on its own. Thus, on
my opinion, precise estimation of F F above the threshold is not a primary goal of the
estimation.
The second issue is identification of interest rate rule coefficients itself. It was mentioned
in the literature that coefficient for inflation and output are not always jointly identifiable
(citation needed ) since the output and inflation fluctuations are highly correlated in the
model. The standard solution is to impose relatively tight priors on these two parameters
based on the theoretical considerations. Figure AI provides results for joint identification
checks of the parameter for reaction changes in the alternative regime, ψπchange and ψychange
as well as for the original parameters. The likelihood when computed as a function of
ψπchange and ψychange has a flat area between 3 and 7 for parameter ψπchange and between 2
and 4 for parameter ψychange . The interval for the change in reaction to inflation is rather
wide. However, to calculate to final reaction coefficient one need to multiply ψπchange
with L(F F ) which is less then 1. Consequently, resulting magnitude of the reaction
does not vary a lot inside the interval. Figure ? also plots the likelihood depending on
the original parameters of the rule ψy and ψπ . These two parameters can be identified
quite precisely. Likelihood is maximized around the values that are pretty common in
the literature.
Estimation results are presented on the Figure in Appendix. Posterior moments are
also shown in the Table 1.
To access the strength of the identification of the model parameters I follow An and
Schorfheide (2007) and conduct informal graphical identification checks. On the lefthand (right-hand) side of the Figure XX I plot every 5000th draw from the prior (posterior) for different parameter pairs. If the data adds a new information to prior knowledge
about the parameter values then posterior clouds should look tighter then the clouds of
draws from the prior.
An, Schorfheide (2007) found that the posterior for the model specification with an
output growth rate is bimodal. In my estimation ...
An, Schorfheide (2007) show for example, that the policy reaction to inflation can be esti-
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mated more precisely in the quadratic approximation. Similarly to Fernandez-Villaverde
and Rubio-Ramirez (2005) they found that the second order approximation allows to
achieve a better fit in terms of the marginal data density.
Dijk et al. (2002) ”Smooth transition..” argue that likelihood is pretty insensitive to the
slope parameter of the logistic function. For this reason I do not attempt to interpret the
exact estimate of this parameter or use it to test non-linear versus linear specifications.
Figure 1 below plots the reaction of the interest rate to output depending on the
current economic situation. On the horizontal axis the current level of FDP growth
is depicted. Vertical axis presents the corresponding total reaction of the interest rate
to deviation of the output growth rate from the rate on the balanced growth path ψy + L(Yt )ψychange . Note that I only plot the coefficient of reaction to GDP and not a
total change of the interest rate. One can see that the strength of reaction increases
as output growth slows down or gets negative. Under good economic conditions central
banks become reluctant to change interest rate. In crises time, on contrast, monetary
policy becomes more aggressive and interest rate reduces significantly.
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Figure in Appendix provides IRF for a positive and for a negative one standard deviation technology shock. For comparison I also plot IRF from the estimated model with
no asymmetric part in interest rate rule.
Table below provide log Bayes odds ratios for these two version of the model.
P (M1 |Data)
p(M1 ) ∗ f (Data|M1 )
=
P (M2 |Data)
p(M1 ) ∗ f (Data|M1 )

(15)

where p(·)’s are prior probabilities of the models M1 and M2 , which I assume to be equal.
The second term is a retio of marginal data densities according to the corresponding
model.
Table 1: Posterior odds ratios (for different truncation probability)

Model

τ =0.1

τ =0.5

τ =0.9

Model with asymmetric rule -492.6552 -492.3134 -492.9754
Model with standard rule
-517.4356 -515.8262 -515.2384
Bayes factor
24.7804
23.5128
22.2630
τ is a truncation probability parameter for Geweke (1998) harmonic mean estimator.
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5 QAR Analysis
After the model estimation I conduct posterior predictive checks proposed by Aruoba
et al (2014) as a test for the performance of a nonlinear model. A first order quadratic
autoregressive model QAR(1,1) were estimated on the actual data and on the data
simulated from the estimated DSGE. The authors show that a DSGE model can be
approximated as a nonlinear state space model:
yt = φ0 + φ1 (yt−1 − φ0 ) + φ2 s2t−1 + (1 + γst−1 )σut

(16)

st = φ1 st−1 + σut , ut iid ∼ N (0, 1)

(17)

Coefficient γ if non-zero, signals conditional heteroscedasticity and coefficient φ2 represents asymmetries of the data series. Moments and IRF function for this model are
state dependent.
Likelihood of the data given coefficients θQAR = [φ0 , φ1 , φ2 , γ, σ 2 ] can be estimated
iteratively by assuming that y0 and s0 are known and solving the system for ut and st
at every step consequently. As a prior for parameters φ0 , φ2 , γ normal distribution was
used. Mean of φ0 is a mean of a corresponding data series in the pre-sample period.
φ1 is distributed according to the truncated normal with a center at AR(1) coefficient
estimated from pre-sample data. σ follows an inverse gamma distribution centered
around the standard deviation of residuals from AR(1) model estimated on the presample data. The distribution for initial values y0 and s0 was obtained by simulation
assuming that the system was in a steady state at some t=-T. I took T=20 following
Aruoba et al (2014). Random Walk Metropolis Hastings was used to generate draws
from posterior distribution for θQAR . For the actual data, the posterior median is taken
as a ”true” value.
Model QAR predcitive checks are conducted as follows. At every simulation a draw
from the DSGE parameter θ is taken and the model is simulated with this parameter
vector. For the simulated data 2000 draws from posterior for AQR parameters are
obtained and the median of every parameter is stored. This procedure is repeated 1000
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times. The resulting time series of 1000 observation for a mean represent empirical
posterior distribution for θQAR (more details can be found in Aruoba et al, 2014).
Appendix (8.10) present the QAR coefficients for the model with no asymmetric part
of the Taylor rule and with the nonlinear rule. The φ2 coefficient for FFR in the model
with a linear rule is close to zero while in the real data this coefficient is negative. The
picture in the lower panel shows that in the model with the asymmetric rule, φ2 is still
almost zero.

6 Conclusion
In this paper I estimated a New Keynesian DSGE model with asymmetric price and
wage adjustment costs and with a nonlinear interest rate rule on the quarterly US data
for 1983-2007. My interest rate rule specification includes a smooth threshold value for
output gap. Such a specifications allows to capture nonlinear monetary policy response
depending on the economic conditions. Estimation results suggest that nonlinear part
significantly enters the Taylor rule. Posterior odds ratio test suggest that the model with
a nonlinear Taylor rule is a better description of the data. However, the QAR analysis
still indicates no asymmetries in the interest rate dynamics which contradicts the data.
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8 Appendix
8.1 Data Series, US, 1950-2012

8.2 Taylor Residuals, 1960-2012
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8.3 Taylor Residuals for Sub-periods, 1960-1983

8.4 Taylor Residuals for Sub-periods, 1984-2012

20

8.5 Logistic Distribution for Different Scale Parameters (between
-40 and 0)

8.6 Log-Likelihood at Prior Mode for Different Number of Particles

8.7 Prior Distribution of Parameters
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Table 2: Posterior Estimates for DSGE Model Parameters

Prior

Posterior
1960:Q1-2007:Q4
1984:Q1-2007:Q4
Mean 90% Interval Interval 90% Interval

Parameter
 Distribution Para (1) Para (2)

1
Gamma
2.00
1.00
0.47
400 β − 1
A
π
Gamma
3.00
1.00
3.19
A
γ
Gamma
2.00
1.50
2.04
τ
Gamma
2.00
1.00
4.83
ν
Gamma
0.50
1.00
0.37
κ(ϕp )
Gamma
0.30
0.20
0.02
ϕw
Gamma
15.0
7.50
18.7
ψw
Uniform
-200
200
67.4
ψp
Uniform
-300
300
150
ψ1
Gamma
1.50
0.50
1.77
ψ2
Gamma
0.20
0.10
1.41
ρr
Beta
0.50
0.20
0.81
ρg
Beta
0.80
0.10
0.95
ρz
Beta
0.20
0.10
0.48
ρp
Beta
0.60
0.20
0.89
100σr
InvGamma 0.20
2.00
0.17
100σg
InvGamma 0.75
2.00
0.88
100σz
Beta
0.75
2.00
0.44
100σp
Beta
0.75
2.00
2.62
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[0.08, 1.04]
[2.57, 3.84]
[1.57, 2.77]
[2.75, 7.28]
[0.21, 0.52]
[0.01, 0.04]
[8.47, 38.1]
[33.2, 99.5]
[130, 175]
[1.51, 2.12]
[0.97, 1.85]
[0.23, 0.72]
[0.92, 0.98]
[0.23, 0.72]
[0.86, 0.94]
[0.14, 0.21]
[0.58, 1.29]
[0.31, 0.62]
[0.46, 7.23]

1.88
3.34
1.98
4.10
0.10
0.21
11.7
59.4
165
2.57
0.79
0.73
0.96
0.07
0.90
0.17
0.83
0.47
6.54

[0.47, 3.01]
[2.44, 4.32]
[1.59, 2.36]
[2.35, 6.06]
[0.05, 0.17]
[0.12, 0.35]
[5.34, 20.2]
[21.7, 90.9]
[130, 192]
[1.93, 3.26]
[0.42, 1.18]
[0.64, 0.80]
[0.94, 0.98]
[0.01, 0.20]
[0.76, 0.98]
[0.12, 0.23]
[0.49, 1.30]
[0.38, 0.56]
[4.56, 9.37]

8.8 Identification Checks
1. Scatter plots (An, Schorfheide, 2007)

2.Log-likelihood
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Figure 1: Joint Identification for (from the left top): ψπchange and F F , ψπchange and ψychange , ψychange
and F F , ψy and ψπ
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8.9 Estimation Results

Figure 2: Recursive Averages
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Figure 3: Posterior Modes
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8.10 QAR Analysis

Figure 4: QAR Coefficients: Standard Taylor Rule

Figure 5: QAR Coefficients: Asymmetric Taylor Rule
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