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1. Introduction

One of the most popular approaches for analysis of the macroeconomic envi-
ronment is the use of dynamic stochastic general equilibrium (DSGE) models
(Herbst and Schortheide, 2016). This type of model is the basis of modern mac-
roeconomic theory and is widely used by central banks and other policy-making
institutions (Tovar, 2009). DSGE models have strong microeconomic founda-
tions. The advantage of such an approach is that these models are based on ‘deep
structural’ parameters that are not influenced by economic policy (Wickens,
2008). Different econometric techniques are employed for model estimation, but
the empirical literature has focused on the estimation of first-order linearised
DSGE models (Tovar, 2009, Diebold et al., forthcoming).
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Computation with linear approximation is much faster than higher-order ap-
proximation, but its behaviour can differ from that of more accurate approxima-
tions (see Collard and Juillard, 2001, Ferndndez-Villaverde and Rubio-Ramirez
(2007)). Second-order approximation can make the difference between the
behaviour of models and that of approximation much smaller (Pichler, 2008).
Nonlinear approximations of DSGE models have several other advantages: in
particular, they allow uncertainty to influence economic choices (Ruge-Murcia,
2012). The likelihood function is sharper for nonlinear approximations, which
means a more accurate estimation of the parameters (An and Schortheide, 2007;
Fernéandez-Villaverde et al., 2010).

Because of these advantages of nonlinear estimation, forecasting is expected to
be of higher quality relative to linear versions of DSGE models. Many studies
demonstrate the high quality forecasting of the linear approximations of DSGE
models relative to standard atheoretical models like the VAR (Adolfson et al.,
2007; Smets and Wouters, 2004). But majority of these models forecast a small
number of variables (Rubaszek and Skrzypczynski, 2008; Del Negro and Schor-
theide, 2012). However, in some studies, medium-scale linearised DSGE model
is indeed shown to outperform VAR and AR models in terms of out-of-sample
forecasting, involving many observable variables (Ivashchenko, 2013).

In a few studies, small-scale nonlinear DSGE models are estimated (Pichler,
2008; Gust et al., 2012; Fernandez-Villaverde et al., 2010). Most of them use only
three observed variables: output, the nominal interest rate and inflation (Amis-
ano and Tristani, 2010; Pichler, 2008; Balcilar et al., 2014; Gust et al., 2012). A
few studies use other observed variables: Doh (2011) uses additional data about
the yield curve, while, Hall (2012) uses consumption instead of output. But in
general, forecasting using nonlinear DSGE models have been restricted to small
number of variables and only few studies (Pichler, 2008; Diebold et al., forth-
coming), even though lot of research has been done in terms of estimating non-
linear DSGE models based on the particle filter (Herbst and Schortheide, 2016).
In terms of nonlinear DSGE models, regime-switching models have also gained
lot of popularity recently (see for example, Farmer et al. (2009, 2011), Liu et al.
(2009, 2011), Liu and Mumtaz (2011), and Alstadheim et al. (2013), Balcilar et
al., (forthcoming)). More recently, Diebold et al., (forthcoming) emphasized that
time-varying volatility is a key nonlinearity not only in financial data but also
in macroeconomic time series. Hence, the importance of nonlinearities in exog-
enous driving processes of DSGE models needs to be considered as well. Diebold
et al,, (forthcoming) find that incorporating stochastic volatility in DSGE mod-
els of macroeconomic fundamentals markedly improves their density forecasts.
However, again these models are based on smaller number of observables. Re-
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verting back to nonlinear DSGE models with higher order approximation, new
results demonstrate greater advantages of alternative approaches over the use of
particle filters when estimating the nonlinear DSGE models (Andreasen, 2013;
Ivashchenko, 2014; Kollmann, 2014).

As indicated above, most estimated small-scale nonlinear DSGE models do not
provide information about out-of-sample forecasts quality, barring a few. The
forecasting quality of a nonlinear DSGE is nearly the same (or slightly worse)
than that of a linearised DSGE model according to Pichler (2008). However, us-
ing the same model for South Africa, Balcilar et al., (2014) show that nonlinear
DSGE model performs better than linear versions of the same. But these models,
being small-scale, do not include observed variables that are sensitive to nonlin-
earities.

Given the existence of only few studies analyzing the forecasting ability of non-
linear DSGE models compared to its linear versions and also atheoretical models
like the AR and VAR, this study presents an estimated medium-scale nonlin-
ear DSGE model with seven observed variables, including stock market returns.
Hence, we add to this literature of forecasting with nonlinear DSGE models, by
building a bigger model that is more realistic, with higher number of observable
variables, and also by including variables like the stock returns, which is known
to be sensitive to nonlinearities. The model is then used for forecasting seven
observables and compared with linear DSGE models and AR and VAR models.
In addition, instead of using the particle filter, which is computationally slow for
such medium-scale models, we use recent advances in the estimation of nonlin-
ear DSGE models, and use the Quadratic Kalman Filter instead (Ivashchenko,
2014). To the best of our knowledge, this is the first attempt to build such a medi-
um-scale nonlinear DSGE model, and also use it for forecasting key variables of
the US economy. The rest of the paper is organized as follows: The DSGE model is
described in section 2. Section 3 presents information on estimation techniques
and the data utilized. Section 4 describes the estimation results and the quality
of forecasts (in-sample and out-of-sample). Section 5 presents some conclusions.

2. Model

The DSGE model includes four types of agents: householders, firms, the govern-
ment, and the foreign sector. The structure of the model is presented in Figure
1. The list of models variables presented at appendix (see table Al). The DSGE
model includes central New-Keynesian features (for example, sticky price and
adjustment costs in investment).
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Figure 1. Structure of DSGE model

Labour Households [* > Stocks
/A \1
Firms > Bonds \
______________________ Foreign sector
Transfers Goods
. Tax .| Government

Note: Boxes with continuous border describe agents. The arrows describe flows, while dashed
boxes describe type of flows that can be associated with markets and boxes with dotted lines
describe policy related flows.

2.1 Householders

Households maximize the expected sum of their discounted utility functions (1)
with budget restriction (2). Householders do not own capital, but they can invest
in domestic stocks and bonds as a means of saving money. The utility function
consists of the propensity to consume with a habit effect, the disutility of labour,
money at the utility function, and the disutility of bond position deviation from
preferred level.

(Cz — hCHt—l)liwC 7 thﬂl)/,

Lt
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B 22 y . 2 ||, max (1)
- H.,t
+ZMJ?;— BHt(ﬁ_ BJ
P,CAM#+B, +XS,=(1-t)W.L+M,+R,_B, +X,_(S,+D)+Ty, (),

where C, is consumption in period t, L, is labour supply in period t, M, is money
stock in per1od t, P, is the price of goods in period t, B, , is the Value of bonds
bought by householders in period t, S, is the price of stocks in period t, X, is the
amount of stocks bought by householders in period t, 7, is the tax rate in per1od
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t, T, is the transfer from government in period t, R, is the interest rate on bonds
in perlod t,and D, is the dividends of stocks in perlod t. The first order conditions
in terms of stable Varlables presented at appendix (A1)-(A6).

The model includes money for preventing problems with the description of the
government, and also from the perspective of model determination. The drop-
ping of money from the model would imply leaving out a single variable (M,) and
two equations (i.e. households’ first order condition with respect to money, the
exogenous rule for government). It would mean that number of variables would
be larger than the number of equations, and the model becomes indeterminate
(except for certain very specific situations). In the absence of money, the central
bank cannot follow a Taylor-type rule, and control interest rate, because it cannot
buy (or sell) bonds due to absence of another variable in its budget restriction.
Cashless economy is mainly a simplification of the general equilibrium model
under very specific conditions. We believe that such oversimplifications are very
restrictive.

2.2 Finished goods-producing firms

Perfectly competitive firms produce the final good Y, using the intermediate
goods Y, and the CES production technology:

| 0/6-1)
Y = (J‘Y(e 1)/ede 3)

0

Profit maximization and zero profit condition for the finished goods producers
imply the following pricelevel P and demand function for the intermediate good, j:

-0
Y, {ij Y )
J.t P t

t

1/(1-6)
o-{n) o

2.3 Intermediate goods-producing firms

Firms maximize their expected discounted utility function (6) with restrictions.
The utility function consists of dividends flow and two rigidities (stickiness of
bond position and price stickiness in the Rotemberg form - Lombardo and Ves-

77



78

Journal of Central Banking Theory and Practice

tin, 2008). Firms are working in a market with monopolistic competition; there-
fore, they have a demand restriction (7). The budget restriction (8) and produc-
tion function (9) is common. The restriction of capital evolution (10) contains
investment rigidity.

D, =P Y Mg h_ZBFt
1 o PZ '

=t

iptay

2 = o, ©)
=0 Pp,, _ K.I.L
_PF,tYF,tZP,t[ _pJ
PF,t—l
-0
P t
Y,, = ( g J (v,.) )
Dt+Pz]z+WrLt+BF,t:PF,tYF,t+Rz—lBF,t—1 (8)
Zar l*Za,
YF,t: (ZtL,) ’ (Kt—l) ’ ©)
I 2
Kt= (1_5)1(;—1 +[t I_Zl,z([_t_)_/J (10)
t—1

where D, is the dividends of the firm in period t, Y, is the output of firm F in
period t, P, is the price of goods for firm F in period t, ], is the demand for invest-
ments goods in period t, Y, is the aggregate demand in period t, P, is the price
level for domestic goods in period t, B, , is the value of bonds bought by the firm
in period t, K, is the amount of capital used by the firm in period t, and L, is the
amount of labour used by the firm in period t. The first order conditions in terms
of stable variables presented at appendix (A7)-(A17).

2.4 Government, foreign sector and balance equations

The government makes its decisions according to policy rules and budgetary re-
strictions. It has the following budgetary restriction:

Pth + TTR,z + BG,t + Mt—l = TzVVth + Rt—lBG,t—l + Mt (11)

The monetary policy rule is as follows:

ln(Rz): Vr ln(Rz—1)+ (1 - VR)[?/RP(IH[PiJ - ;J + 7Ry(ln(YYD,, J— ;J + ZR,IJ (12)
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The fiscal policy rules are as follows:

Z B, —b,
G T Ve p7 G |t

Gt G[_ t“t ]
ln( JZJ/Gln( 1J+(l_76) (13)
YD,t YD,t—l YD,t —
+ 76| In -y

D,t—1

B
I T ZTR,t +7/TRB(P_GZJ_bGJ+
1=t
ln(%J =7V h{%} + (1 - 7TR) (14)
Dt D,i-1 Y, _
+ }/TRY(IH( ) ] ]

D,t—1

B, — Y, )| -
T, =71t +(1_7T){7T3(i_bGJ+7TY[IH(YDL’);_IJ_.V]+ZTJ] (15)

The budget restriction of government implies that its expenditures involve gov-
ernment consumption, transfers to households, buying of bonds (this value is
almost always negative), while sources of income are from labour tax, bonds from
previous period and money creation. The monetary policy rule is a standard Tay-
lor type rule. The fiscal policy rules suggest some smoothing, with dependence
on the growth rate and position of the government debt.

The foreign sector is exogenous. It has a budgetary restriction (16) and is subject
to an exogenous rule (17). Budget restriction of foreign sector is the balance of
payment, which balances net export and financial flows (that consist of bonds
flows). The rule for net export involves smoothing and dependence on foreign
bond position, which prevents it from having an explosive trajectory.

NX,F, + BW,t = Rt—lBW,t—l (16)

NX NX, B _
( 7 t]=71vx[ Zt 1J—i_(1_7NX)(7NXB($_bWJ+ZNX,t} (17)

t t—1

In addition we must have the following restrictions: Each bond should be bought
by someone (18), the amount of stocks is equal to one (19), and aggregate demand
consists of consumption, investment, government consumption and net exports
(20). (21) denotes how habit is formed, highlighting habit persistence.



Journal of Central Banking Theory and Practice

B, ,+B.,+B;,+B,,=0 (18)
X, =1 (19)
Y,, =C +1,+G,+ NX, (20)
H=hH, +C, (21)

All the exogenous processes are AR (1) with the following parameterization:

Zay = 770,*,[ (1 - 771,*,1) + nl,*,tZ*,t—l + g*,t (22)

3. Estimation

Of the methods used for non-linear approximations of DSGE models, the per-
turbation method is the most widely used (Schmitt-Grohe and Uribe, 2004), and
hence, it is used in this study. The maximum likelihood method is used for pa-
rameters estimation.

A few nonlinear filters can be used to calculate the likelihood function. One is the
particle filter, which is used in most studies estimating nonlinear DSGE models
(Pichler, 2008; Hall, 2012; Doh, 2011). However, it is too slow for implementa-
tion with medium-scale models. Another is the central difference Kalman filter
(CDKE), which outperforms the particle filter (Andreasen, 2013). However, the
quadratic Kalman filter (QKF) was used for the likelihood calculation because
it produces a better quality of parameters estimations than the CDKF (Ivash-
chenko, 2014). The QKF was slightly slower than the CDKF (Ivashchenko, 2014),
but after the program code was improved, it became six times faster and outper-
formed the CDKF in terms of speed.

The QKF is based on a normal approximation of density. Approximation with
the perturbation method produces equation (23), which describes the data gen-
erating process for state variables (X)). Equation (24) describes the dependence
between observed variables (Y) and state variables. Exogenous shocks (e) and
measurement errors (u) have a normal distribution with zero mean and covari-
ance matrices, and Q.

X, ®X,,
_ Xt—l Xz—l ® gt
Xt - [BX B{;] +C+ [Axx Axa 0 A&&‘] (23)
8[ 8[ ® XI—]

g g,
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Y=S+DX, +u, 24)

The updating step is similar with the Kalman filter, owing to the linearity of
equation (24). The prediction step is based on an assumption of normal distribu-
tion of the state variables vector (X, ). The expected value of vector X, is a func-
tion of the mean and covariance of vectors X, and ¢,. The covariance of vector X,
is a function of the first, second, third, and fourth moments of vectors X o and ¢ -
However, the third and fourth moments of a vector with a normal distribution
are a function of the mean and covariance. Thus, the QKF computes the first and
second moments of the state variables vector and assumes that it has a normal
distribution.

An alternative approach for nonlinear approximation is the pruning method
(Kim et al., 2008), for which there is a nonlinear filter (Kollmann, 2014). It is
faster than the QKF (before optimization of the program code) for small-scale
models, but is much slower (by about five times) for medium-scale (with 20 state
variables) models (Kollmann, 2014). The DSGE model described above has 54
variables (29 state variables); this was an additional reason for the usage of the
QKEF. The system of equations with rational expectation in terms of stable vari-
ables presented at appendix (A1)-(A29). The additional 25 equation are the fol-
lowing: 14 equations for exogenous process in form (22), 7 equations for observed
variables and 4 equations for indicative variables (that are used for some analysis
of model).

The model was estimated with quarterly data from the USA since 1985Q1 until
2013Q2. The following observed variables are used: logarithm of consumption as
a fraction of GDP (obs,); logarithm of government expenditure as a fraction of
GDP (obs,); logarithm of compensation of employees as a fraction of GDP (ob-
s,,)> three-month euro-dollar deposit rate (obs,); GDP growth rate (obs,); growth
rate of the GDP deflator (obs,); and MSCI USA gross return (obs,,,). The DSGE
model was estimated four times (linearised model with the Kalman filter and
second-order approximation with the QKF; with and without measurement er-

rors for obs,,).

The number of parameters is equal to 64 or 65 (depending on the existence of
measurement errors). [t means we have 12.28 to 12.47 observations per parameter
(for the full sample estimation) and 9.91 to 10.06 observations per parameter (for
the shortest sample involved in the forecasting exercise). Such ratios are accept-
able from a practical view in the DSGE literature.

A relevant question to ask at this stage is: Why is the observed stock market re-
turn variable important? The answer to this is in the fact that the economy is
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highly influenced by expectations, and stock market-related variables are most
strongly influenced by expectations. Thus, the usage of stock market returns, al-
low us to incorporate such influences in the model. This variable is more sensitive
to nonlinear effects, and hence, should be of importance in a nonlinear structure,
as it could be associated with nonlinear misspecifications. The stock market vari-
able is assets of firms, so it is an additional variable that describe the situation
related to capital owned by firms, and is especially important in case of invest-
ment rigidities.

4, Results

The estimation results are presented in Table 1 and Table A2 (see appendix).
Some interesting details regarding the results are as follows. The monetary policy
parameter y,, is less than 1. Many studies have obtained a value this parameter
that is greater than 1 (1.045 - Fernandez-Villaverde et al., 2010; 1.66 — Smets and
Wouters, 2004; 5.0 — Gust et al., 2012), but in others, it is less than 1 (0.63 — non-
linear estimation, Hall, 2012). Low values of y,, require additional comments: the
log-likelihood value of the DSGE model with restriction (y,,>1) is less than 2900,
which is much worse than with the other estimations (the QKF without meas-
urement errors is 2947.5; the QKF with measurement errors is 2986.1; the lin-
ear estimation without measurement errors is 2920.8; and the linear estimation
with measurement errors is 2986.9). Clearly, the linear and the nonlinear models
with measurement errors tend to have the best fit, and hence, can be relied upon
to provide more accurate estimate of this parameter. However, small estimates
of these parameters do imply that the response of the interest rate to inflation
shocks are actually quite marginal, and much less (though positive) than the es-
timate of 0.5 suggested in the original Taylor-rule, when we look in to a general
equilibrium model. The OLS estimation of the monetary policy rule produces
Yxp=0.39. Hence, evidence of the existence of the Taylor principle is weak in our
context.



Table 1. The DSGE model estimation results (part)
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QKF

Param. without measur.er.

with measur. error

line

without measur.

with measur. error

error
Value std value std value std value std
std £, 2.60x10°"  2.16x10°2 2.95x10°" 3.27x10°%? 8.02x10°2 1.84x10°? 6.83x10? 1.39x10°?
stde,, 7.15x10°2  1.01x10°" 1.63x10°" 5.74x10° 4.57x10°" 2.45x10°" 2.50x10*%° 3.04x10*%°
std € 5.52x10°"  1.16x10°" 4.65x10°" 1.60x10"" 2.86x10%* 3.87x10*%7 2.46x10*%° 1.71x10*%°
std g 3.55x10%%  2.26x10% 1.92x10°%° 2.12x10%° 4.84x10°%* 3.87x10*” 4.61x10% 2.74x10*%
std € 2.25x10% 2.26x10% 1.13x10%  2.12x10% 1.00x10*%2 4.40x10% 7.85x10*" 1.20x10*%!
std €, 3.42x10°%  2.65x10% 3.38x10° 1.82x10°%* 3.51x10% 4.19x10% 2.45x10° 3.07x10°%*
std obs, ) 6.70x10%  4.17x10% 6.60x10 5.01x10
Yo 7.95x10°"  2.18x10°2 8.26x10°" 1.77x10°2 8.68x10°" 2.02x10°2 8.47x10"" 2.86x10°%
Ve 1.62x10°°  2.05x10°" 1.62x10*° 3.58x107" 4.24x10°' 6.32x10? 3.53x10*' 2.34x10°
\2 -2.41x107%°  3.97x10°" -4.49x10*%° 3.70x10°% -5.00x10%%° 3.29x10°% -5.00x107° 2.33x10°%
Y, 8.49x10°"  1.26x10°* 8.72x10°" 1.57x10%? 8.78x10°" 1.88x10°* 8.67x10°" 1.88x10°2
Yoo 3.73x10%"  8.31x102 2.40x10°" 8.37x10°* 2.00x10°" 4.45x10°2 7.29x10°2 4.57x10°2
Yoy -2.60x10%%°  2.74x10°%" -2.88x107° 3.65x10°" -3.29x10%° 2.34x10°" -4.54x10*%° 5.16x10
Ya 8.80x107%"  2.11x10°2 9.05x10°" 1.52x10°* 9.29x10°" 1.64x10° 9.06x10°" 2.04x10°?
Yep 1.15x10°"  5.64x10° 291x10° 1.55x10%" 3.90x10°% 3.07x102 6.84x10"° 2.09x10%
Yay 7.54x10°"  1.24x10°" 1.17x10*%° 3.08x10"" 9.06x10°" 2.12x10°" 8.08x10°" 1.50x10°
No.q 5.99x10°" 4.,00x10% 5.99x10%" 5.30x10% 6.00x10°" 4.83x10% 5.97x10°" 2.23x10°%
Ny e -8.80x107°  7.85x10°% -8.74x10%%° 2.96x10°" -1.26x10%" 4.86x10°% -3.78x10*° 8.70x10°""
Mopy 1.94x107" 212x10°° 1.92x10%°' 2.04x10**" 1.95x10*' 4.93x10* 1.30x10**° 1.03x10**°
Ny, 1.84x107°" 2.22x10%%° 1.19x10%%" 2.31x10*%° 1.21x10*%" 2.62x10*° 7.79x107° 2.46x10*%°
Ny 2.78x107°  1.10x10°%" 2.84x10%°° 9.11x10°" 3.94x10%%° 2.81x10% 4.14x10*° 2.31x10°%
Noy 6.24x10°%  5.76x10°% 6.79x10°%  1.37x10°* 7.03x107 2.72x10% 2.65x10% 2.38x10°%
N, g 9.06x10°%" 9.72x102  9.67x10°" 3.73x10°* 8.05x10°" 1.25x10°" 9.72x10°" 2.84x10°%
N, s 4.25x10°"  1.56x10" -2.22x10°%" 2.25x10°" -4,09x10°* 3.73x10°* -1.13x10"" 1.26x10°"
N -2.03x10%"  5.43x10°2 -2.65x10°"  1.70x10°" -1.60x10°" 1.30x10°" -1.61x10%? 2.88x10*°
n, -2.88x10°"  2.21x10°" -1.84x10°" 6.03x10°2 1.98x10°% 3.25x10°2 5.54x10* 2.11x10%%°
n,. 1.08x10°"  9.81x10° -512x10°2 2.03x10"" 9.98x10°" 4.72x10% 9.98x10°" 1.82x10°%
N 9.81x10°"  1.19x10%2  9.41x10° 1.18x10°2 9.88x10°"" 3.20x10* -2.01x10°" 5.52x10°
Ny 9.86x10°°"  3.42x10% 9.90x10°" 2.17x10% 9.24x10°" 2.24x10°2 9.93x10°" 9.42x10°%*
N» -9.32x10%  6.81x10% -1.21x10%  7.11x10°% -4.51x10% 2.53x10°2 5.55x10°* 2.94x10+%°
e 9.83x107"  9.17x10%* 9.93x10°" 5.18x10% -1.22x1092 4.53x10°? -6.07x10? 2.44x10%%°
N,y 2.17x10°"  2.97x10°2 1.66x10°" 2.50x10° 1.86x10°" 8.40x10°% 3.08x10°? 1.03x10°*
0 7.66x107°  7.65x10°%* 7.56x10*%° 504x10° 6.35x10*%° 2.49x10°% 1.13x10*%" 2.32x10°%

Another important detail of the estimation results is high values of the standard
deviation of the measurement errors (6.6% - QKF, 6.7% - line estimation, 7.2% -
standard deviation of obs
includes international companies (such as APPLE and JOHNSON & JOHNSON),
which have a large portion of their production and sales in foreign countries. The
identification of a few standard deviations (e, and ¢) is weak with linear ap-

STR

). This could be a result of MSCI USA properties: it
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proximation. However, this problem does not exist for the QKF. The standard
deviation of ¢, is very sensitive to estimation technique (it is high for the linear
estimation and almost zero for the QKF). Some autocorrelation coefficients (111) s
1., @0d 77, ) are sensitive to estimation technique as well (they are close to 1 with
one estimation technique and close to 0 with another).

Table 2. RMSE of in-sample forecasts

worse than AR

VRO AR messer nomesser measer
obsC(+1) 4.60x10%  470x10%  520x10%  491x10%  509x10%  4.66x10
0bsG(+1) 790x10¢  933x10%  7.88x10  8.03x10%  9.21x10%  8.68x10°
obsY(+1) 5.00x10%  549x10%°  568x10%  5.34x10%  572x10%  562x10°
obsP(+1) 1.66x10%  1.84x10%  2.22x10% 1.74x10°%  2.22x10°% 1.93x10°%3
ObsWL(+1) 6.49x10%  717x10%  921x10%  698x100 754100  6.72x10°
obsR(+1) 107109 1.20x10%  115x10%  115x10%  116x10%  1.13x10
0bsSTR(+1) 6.59x10%  704x10%  751x10%  7.44x10%  719x10%  7.22x10°
obsC(+2) 536x10%  541x10%  679x10%  657x10%  6.82x100  5.84x10°
obsG(+2) 1.26x10%2  1.58x10%2  120x10%  120x10®  163x10%  1.45x10°
obsY(+2) 5.22x10%  576x10%  6.22x10%°  569x10%  6.04x100  6.13x10°%
obsP(+2) 1.88x100  201x10%  2.38x10%  196x10%°  2.85x10%  2.03x10
obsWL(+2) 7.11x10°%  8.25x10°% 1.16x10°92 8.14x10°% 9.93x10%*  7.89x10%
obsR(+2) 1.78x10°  216x10%  190x10®  1.90x10%  197x10%  1.86x10°
obsSTR(+2) 672x10%  723x10%  7.32x10%  7.28x10%  7.23x102  7.24x10°
0bsC(+3) 5.87x100  6.01x10%  878x10%  842x10%  851x10%  701x10%
0bsG(+3) 1.64x109 21410 172x10%  171x10%  228x10%  197x10
obsY(+3) 5.26x10%  6.00x10%  667x10%  609x10%  635x10%  6.62x10°
0bsP(+3) 201x10% 215100 268x10%  2.20x10%  3.57x10%  2.09x10°
ObsWL(+3) 7.48x100  972x10% 127109 931xI10%  127x10%2  936x10
obsR(+3) 240x10%  2.90x10%  2.58x10%  2.60x10%  270x10%  2.50x10°
0bsSTR(+3) 6.76x10  726x10%  740x10%  7.31x10%  7.26x10%2  7.27x10°
obsC(+4) 6.64x10%  6.68x10%  1.08x10%  1.03x10%  1.04x10%  8.39x10°
0bsG(+4) 1.99x10%2  268x10%  2.17x10%  2.17x10%  299x10%  2.53x10°
obsY(+4) 532x10%  6.05x10%  6.88x10%  6.09x10%  6.59x10%  6.86x10°
obsP(+4) 211x10%  226x10%  299x10%  246x10%  442x10%  2.27x10
ObsWL(+4) 772x10%  111X10%  141x10°  1.03x109  1.62x10°  1.08x10®
obsR(+4) 2.89x10%  354x10%  315x100  319x100  331x10%  3.00x10°0
obsSTR(+4) 6.87x10792  7.27x10°% 7.43x102 7.30x10°02 7.27x10°2 7.29x10°02
average RMSE 1.48x10°2 16510 171x10%2  1.64x100  1.76x10°2  1.65x10
ggz;:*e‘e;,\'/“SE 2.64x10  2.86x109  293x10%2  2.88x10%2  291x10%  2.87x10°2
et A S R S S
forecasts not 28 28 3 16 7 14
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The RMSE of the forecasts (for horizons one quarter-ahead till four- quarter-
ahead) are presented in Table 2 (in-sample) and Table 3 (out-of-sample). Out-of-
sample forecasts were computed for the last 22 quarters (this meant the re-esti-
mation of parameters with dataset without the last quarter (from 1985Q1 until
2013Q1) and the computation of forecasts; the re-estimation without 2 quarters
(from 1985Q1 until 2012Q4), and so on; the last re-estimation used dataset with-
out 22 quarters — from 1985Q1 until 2007Q4).

Table 3. RMSE of out-of-sample forecasts

DSGE QKF DSGE QKF  DSGE linear  DSGE linear

VAR() AR() no meas.er. meas.er.  NO meas.er. meas.er.
obsC(+1) 5.23x10°% 4.72x10°% 6.48x107% 5.03x10°% 5.93x107% 5.76x10°%
obsG(+1) 1.07x10°%2 1.29x10°% 8.64x10% 9.20x10°% 9.97x10°% 1.05x10%2
obsY(+1) 7.33x10°% 7.97x10°% 8.05x10°% 7.27x10°% 7.91x10°% 8.49x10%
obsP(+1) 2.19x10°%3 2.21x10°%3 2.05x10°% 1.86x10°%3 2.42x10°% 2.24x10°%
obsWL(+1) 1.14x10°2 1.13x107%2 9.40x10°%3 1.02x10°°2 1.12x10°2 1.09x10°°2
obsR(+1) 1.22x10% 1.52x10°3 1.64x10° 1.55x10%3 1.56x10° 1.55x10°%
obsSTR(+1) 1.01x10°° 9.79x10° 1.07x10° 1.02x10°° 9.83x10°%2 1.01x10°°
obsC(+2) 6.91x10°% 6.52x10% 9.07x10°% 7.40x10° 9.38x10°% 7.78x10°%
obsG(+2) 1.88x10°%? 2.39x107? 1.59x1072 1.61x10°% 1.93x10°? 1.95x107
obsY(+2) 8.31x10% 8.86x10% 9.09x10°% 7.93x10°% 8.38x10% 9.65x10°%
obsP(+2) 2.74x10793 2.51x10%3 2.24x10% 2.27x10°% 2.78x10°% 2.42x10°%
obsWL(+2) 1.04x10°%2 1.18x10°2 1.13x10°02 9.23x10°%3 1.17x10°92 1.24x10°2
obsR(+2) 1.72x10% 2.14x10°% 2.42x10°% 2.34x10°%3 2.36x10°% 2.33x10°%
obsSTR(+2) 1.07x10°° 1.02x10° 1.03x10° 9.96x10°2 9.76x107°2 9.96x10°%2
obsC(+3) 8.52x107%3 7.81x10°%3 1.31x10°%2 1.00x10° 1.29x10°%2 1.01x10°?
obsG(+3) 2.78x10°2 3.42x10°%2 2.30x10°2 2.34x1072 2.93x10°2 2.93x10°%2
obsY(+3) 9.04x10°% 9.47x10°% 9.98x10°% 8.58x10°3 9.31x10°% 1.08x10°%2
obsP(+3) 3.40x10°% 2.87x10°% 2.83x10°% 2.80x10°% 3.62x10°% 2.95x107%
obsWL(+3) 1.01x10°2 1.37x10°2 1.45x107%2 1.00x10°2 1.29x10°2 1.57x10°%2
obsR(+3) 2.00x10°% 2.56x10°% 2.88x107% 2.90x10°% 2.92x10°% 2.87x10°%
obsSTR(+3) 1.08x10 1.03x10° 1.08x107° 1.02x10° 1.00x10 1.02x10°
obsC(+4) 8.96x10°% 7.60x10%3 1.59x10°2 1.26x10°2 1.62x10°2 1.27x10°2
obsG(+4) 3.78x10°2 4.34x10°2 2.86x102 2.96x10°2 3.80x10°2 3.84x10°2
obsY(+4) 9.04x10°% 9.32x10°% 1.04x10°2 8.58x10° 9.73x10% 1.13x107%2
obsP(+4) 3.77x10% 3.02x10°% 3.15x10°% 3.45x10%3 4.20x10%3 3.38x10°%
obsWL(+4) 1.12x10°°2 1.78x10°2 2.03x10°%2 1.25x10°%2 1.75x1072 1.91x10°%2
obsR(+4) 2.11x10% 3.07x10°% 3.22x10% 3.38x10% 3.45x10% 3.35x10°%
obsSTR(+4) 1.07x10°° 1.02x10° 1.09x10° 1.01x10° 1.01x10°" 1.01x10°

average RMSE 2.30x10°2 2.34x10°%2 2.36x10? 2.19x10-%2 2.32x10 2.35x10
root mean
square RMSE
forecasts not
worse than VAR
forecasts not
worse than AR

4.16x10% 4.06x10 4.17x10% 3.96x102 3.96x10°2 4.02x107%

28 12 1 19 6 9

16 28 9 18 14 9
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The VAR model produces the best in-sample forecasts; this may be explained by
the larger number of parameters (VAR - 84 parameters, AR - 21 parameters,
DSGE - 64 or 65 parameters, depending on the existence of measurement errors).
The RMSEs of the out-of-sample forecasts are drastically higher than those of the
in-sample forecasts because of the financial crisis of 2008-2009. The quality of the
in-sample forecast with measurement errors is better for linear and quadratic es-
timations. However, the situation with out-of-sample forecasts is different: linear
forecasts with measurement errors are worse than without measurement errors.

The in-sample quality of linear and quadratic forecasts with measurement errors
is nearly the same. Quadratic forecasts with measurement errors outperform all
other models in terms of out-of-sample RMSE. It outperforms each of the other
models for more than two-thirds of the variables. A comparison of linear and
quadratic estimation without measurement errors shows a small advantage for
linear estimation (14 variables forecasts are better than with quadratic estimation
of the same model), which is in linear with the results of Pichler (2008). It should
be noted that forecasts (for 2, 3, and 4 quarters) of stock market returns by the
DSGE model outperform the AR and VAR models, despite problems related to
international companies.

The tables A3-A5 (see appendix) presents p-values of MSE-F test of McCracken
(2007). It should be noted that it is a one-sided side test with alternative hypothe-
sis that the unrestricted model (i.e., the model with larger number of parameters)
performs better (produces a lower MSE) than the restricted model. However, our
dataset is relatively short that could produce significant deviation of the density
of the statistic from the corresponding asymptotic density. Thus, we compute
finite sample density as follows. We use AR(1) process with full sample estimated
parameters as DGP for drawing of 100 000 trajectories of 7 observed variables
with length 114 observations. Then each draw is used for construction of out-of-
sample forecast of AR(1), VAR(1) and models with 64-65 parameters. The DSGE
model estimation is computationally expensive. So, we use an AR(1) model plus
additional i.i.d. regressors, with the number of regressors chosen for achieving
required number of parameters. The MSE-F statistic is computed for each draw
and possible model pairs. In the process, we compute finite sample densities of
the MSE-F statistic.

Tables A3-A5 shows that out of sample forecasting quality of models are insignif-
icant in majority of the comparisons. However, the maximum cases of significant
gains relative to the AR(1) model is achieved by nonlinear DSGE model with-
out measurement errors (the second best is the linearized version of the same).
However, the comparison with VAR(1) model shows that the linearized DSGE
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with measurement errors is not significantly outperformed by VAR(1) model for
the majority of the cases. From Table A5, it is evident that the nonlinear DSGE
model with measurement error in general does well, especially relative to the
linear model without measurement errors.

5. Conclusion

The medium-scale nonlinear DSGE model was estimated in this study. The DSGE
model includes stock market returns, but observed data (MSCI USA gross return)
describes international companies. Thus, measurement errors (for the stock re-
turns variable) increase the quality of the model with nonlinear estimation (how-
ever, it does not change the quality of the linear estimated model). Measurement
errors have a high standard deviation.

The quality of the out-of-sample forecasts of the DSGE models without meas-
urement errors is almost equal (slightly worse) to those of AR (1) and VAR (1)
models. The quality of the DSGE model with linear and nonlinear estimations is
actually equal. In the case of the existence of measurement errors, the situation
is different: the nonlinear DSGE model outperforms all other models (including
linearised DSGE). Thus, this study finds that nonlinear DSGE models are more
sensitive to misspecification (a negative effect of sharper likelihood), and that
achieving an advantage from nonlinear approximation requires a more realistic
model than when compared to a linearised model.
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Appendix

Table A1. The DSGE model variables
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Variable Description Stationary variable
B
B, Value of bonds bought by firms in period t bp, = %Z
. t—t
B
B, Value of bonds bought by government in period t bg, =% Pz
" =t
B
B, Value of bonds bought by households in period t by, =" 'p7
. t~t
. . . _ B,
Bw,( Value of bonds bought by foreign sector in period t bw,, = W%Zr
C, Consumption at time t ¢, =In(C,/Z,)
D, Dividends at time t = (C,/Z,)
G, Government expenditure at time t g,=In(G,/Z,)
H, Habit at time t h= ln(Hr/Zr)
I, Investments at time t i= 1n([, /Z,)
K, Capital attime t k, = ln(Kl/Zf)
L, Labourattimet L= ln(Lz)
. . M,
M, Money stock in period t m,= ln( thsz
NX, Net export in period t nx, = (NXt/Zl)
P, Price of goods in period t P = lrl(Pt/P,,,)
P Price for goods of firm F in period t Pr,= ln(PF’,/P,)
R, Interest rate in period t r,=1n(R)
S,
S, Price of stocks in period t $,= 111( %Z,j
T, Tax rate in period t L=
. . l TTR,t
T  Transfer from government in period t Trg, = 10| Pz,
N (/)
W, Wage in period t w, = In| %ZJ
X, Amount of stocks bought by householders in period t x, =X,
You Aggregate demand in period t Vp, = ln(YDT,/Z,)
Ye, Output of firm F in period t Ve, = ln(YF,,/Z,)
7 Exogenous process corresponding to elasticity of production z =7
at function ! “
Exogenous process corresponding to intertemporal preferences of _
2oy households Zpe = ln(Zﬂ,,/Zﬂ_/_l)
Exogenous process corresponding to conventional level of debt -7
Z Zpry = Lpr s
BFt pressure
Exogenous process corresponding to stickiness of households’ bond -0
Zyys position ZpH,. = ln(ZBH,t/Zt )
Z., Exogenous process corresponding to government expenditure Z6,= ln(Zg_,)
z, Exogenous process corresponding to decreasing efficiency of z,= ln(Z,Y,)

investments
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Z, Exogenous process corresponding to households’ amount of labour  z, = ln(ZLJ/Z,]””“)
Exogenous process corresponding to liquidity preferences of o,

Zu, households = ln(ZM«’/Z’ )

Zyv, Exogenous process corresponding to net export Zavs = Loy

Z,, Exogenous process corresponding to level of price stickiness Zp,= ln(Z[,J)

Z, Exogenous process corresponding to monetary policy Zpy =Ly,

Z, Exogenous process corresponding to taxation policy z.,=2Z,

Zas Exogenous process corresponding to transfers policy Zrpy = Zrg,

Z Exogenous process corresponding to technological development z,= ln(Z,/ZH)

Table A2. The DSGE model estimation results

QKF Linear
Param.  without measur.er.  with measur.error  without measur.er.  with measur. error
value std value std value std value std
stde,  2.60x107 216x10% 295x107 3.27x10% 8.02x10% 1.84x10% 6.83x10% 1.39x10
stde,  591x1070 2.26x10% 3.77x10% 212x10% 710x107 355x10% 311x10% 209x10%
stde,  715x10% 101109 1.63x107 574x10% 4.57x109 245x109 2.50x10*® 3.04x10%%
stde,,  552x107 116x100 4.65x107 1.60x107 2.86x100 3.87x10°7 246x10°® 171x10%0
stde,  232x10% 3.42x10% 2.65x10% 6.84x10% 3.55x10 1.08x10% 1.36x107 2.09x10°%
stde, 355100 226x107 192x10%° 212x10% 4.84x109 3.87x10°7 4.61x109% 2.74x10°0%
stde,  2.25x10%° 2.26x10%° 113x10% 212x10% 100x10°? 4.40x10%° 7.85x10% 120x10%"
stde,  177x10°° 506x10° 870x109 1.57x10° 1.00x10° 4.40x10%° 560x107 458x10°
stde,  370x10°° 997107 407x10°° 108x10°° 255107 8.46x10% 841x107 794x10%
stde,  1.04x107 4.24x10% 854x10 175109 622x10% 5.60x10% 4.61x10% 1.59x10%
stde,  193x10% 334x10% 2.02x10% 2.22x10% 2.69x10% 506x10% 214x10% 3.90x10%
stde,  276x10% 752x10% 2.05¢10% 212x10% 596x10% 9.97x10% 3.83x109 7.79x10%
stde,  228x10% 226x10%° 475x10% 212x10% 2.66x10% 3.55x10° 533x10% 2.09x10%°
stde,  342x10%° 2.65x10% 338x100° 1.82x10% 3.51x100° 419x10% 245x10% 307x10%
std obs, , 6.70x10%  417%10° 6.60x109 501x10%
Yo 2.09x109 2.44x109 3.05x10°" 2.70x109 -2.21x107 6.76x102 -2.48x10" 1.22x10
Vi 5.00x10° 7.56x10%° 3.68x10°° 118x10°° 3.03x107 532x10 2.25x107 1.16x10°
Yo 795x10° 2.18x10? 8.26x10°" 1.77x10°* 8.68x10° 2.02x102 8.47x10° 2.86x10°2
Yoo 162x10°° 2,05x1071 162x10°° 3.58x100 4.24x100 6.32x109 3.53x10" 2.34x10°"
Yoy 2.41X10°° 3.97x10°" -4.49x10°° 3.70x10°° -5.00x10°° 3.29x105 -5.00x10°° 2.33x10%5
Yie 781X107 661x10? 8.44x1001 410x10% 978x10° 971x100 9.92x10° 9.80x10°*
Yiug 3.65x109 120x100 -4.28x109 3.12x107 6.51x107 2.07x10 -1.35x1071 2.96x107"
Voo, -4.63x10°° 994x1071 247x10°° 9.30x100 -5.00x10°° 3.20x109% 500x10°® 1.75x10%
Y, 8.49x100 1.26x102 872x10°" 1.57x102 8.78x10°" 1.88x10°> 8.67x10°" 1.88x10°%2
Yo 373x1071 8.31x10% 240x100 8.37x10? 2.00x10 4.45x10? 7.29x10? 4.57x10*
Yy 2.60x10® 274x10° -2.88x10°° 3.65x10" -3.20x10°° 2.34x107 -454x10°° 516x10°"
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Y, 8.80x100 211x10 9.05x100 1.52x10? 9.20x10°" 1.64x10? 9.06x10°" 2.04x10°2
Yoo 115109 564x10% 291x10% 1.55x107 3.90x10% 3.07x10 6.84x1070 2.09x10°%
Yoo 754100 124x10° 117x10°0 308x107 9.06x107 212x10" 8.08x109 1.50x10°"
h, 6.33x107 1.80x10% 6.34x107 3.59x10%° 6.20x10° 2.80x10%° 631x10? 2.23x10°
h, 3.50x100 168x109% 3.50x100 1.24x109% 3.52x100 2.78x10°0° 345x100 2.19x10%
", A13x10% 815x10% 217x10% 7.66x100 -5.47x10% 511x10°° 6.36x10% 6.35x10'
0, 579100 101x10 6.01x10°° 432x10 528x10°® 253x10% 1.08x10 8.89x10°"
Nya 599x107 4.00x10%° 599x109 5.30x10%° 6.00x10° 4.83x10%° 597x10 2.23x10°%°
Ny 2.00x10% 2.44x10% 2.00x10% 215x10% -933x10% 293x10% -1.98x10% 2.38x10%
Ny  -8.80x107%0 7.85x10% -8.74x10° 296x107 -1.26x10° 486x10 -3.78x10°° 8.70x10°"
Moo 194x1001 212x10°® 192x10°0 2.04x10°" 195x10° 4.93x102 1.30x10°° 103x10°°
Noe 2.00x10%° 5.07x10% -2.00x10°° 2.55x10%% -1.98x10°® 1.02x10% -1.95x10*® 106x10*
N, 1.84x10°" 2.22x10%0 119x10*0 2.31x10°° 1.21x10°0" 2.62x10°° 7.79x10°0 2.46x10°0
N 278x10°° 110x1071 2.84x10°® 9.11x1071 3.94x10'® 2.81x10%° 414x10°° 231x10%°
Now -1.84x10%%° 2.15x10°%" -1.71x10*%° 9.92x10°%" -2.75x10*%° 2.91x10°% -1.43x10*%° 228X1005
- 118100 3.05x10% 110x107" 1.57x10% 1.78x100 2.52x10%° 7.42x10 2.38x10°%°
Nop 6.13x10°° 896x10% 6.41x10°° 9.05x10% 533x10'® 1.25x10°" 4.62x10°® 2.11x10°
Nos 8.83x100 233100 114x10% 1.25x10% 135x109 271x109 8.34x10% 2.38x10%5
Ny 6.00x107 412x10% 599x10° 539x10%° 549x10° 2.80x10% 484x107 221x10%
N 177x10°0 214x10% -177x10°° 402x10% -198x10°® 103x10% -2.27x10°° 151x109
Ny 6.24x10%  576x105 6.79x10% 137x10% 7.03x10® 2.72x10° 2.65x100° 2.38x10°%
n. 975x109 3.04x10% 974x10° 276x10% 9.47x109 677x10% 9.38x107 8.19x10
N 255x10% 450x10% 6.06x10% 731x10% 195107 1.28x10° -2.33x10% 3.00x10°
Mo 9.06x107 972x10 9.67x107 3.73x10? 8.05x100 1.25x10 9.72x10°"

N 4251007 1.56x100 -2.22x107 2.25x10°" -4.09x10? 3.73x10 -1.13x10°"

N 2.03x1071 5.43x10% -2.65x107" 1.70x10" -1.60x10% 1.30x10" -1.61x10

n, 2.88x10° 2.21x107 -1.84x10° 6.03x10? 198x10% 3.25x10? 554x10-%

n, 108109 9.81x10? -512x10? 2.03x10°" 9.98x10° 472x10% 9.98x107"

N 9.81x10°"  1.19x10?  9.41x10°" 1.18x10°* 9.88x10°" 3.20x10°% -2.01x10°""

. 9.86x107 3.42x10% 9.90x101 217x10% 9.24x100 2.24x10? 9.93x10

Nip -9.32x10% 6.81x10% -1.21x10°*  7.11x10°% -4.51x10% 2.53x10%? 5.55x10°%

N 510x100 757109 406x107 798x10? 422x1071 8.86x10% 4.50x10

Nie 5.61x10%"  598x10% 564x10° 2.08x10° 6.29x10%? 6.47x10? 1.42x10°

Nore 9.83x1071 9.17x10% 9.93x107 518x10% -1.22x10? 4.53x10°? -6.07x10? 2.44x10*
Ny 217x109 297x10% 166x10°" 2.50x10% 1.86x107 8.40x10% 3.08x10% 103x10°"
w, 117%10°0 4.96x10? 115x10°° 216x100 1.21x10°0 2.88x10% 1.20x10°% 2.27x10°05
w, 158109 557x109 185x10% 8.34x10% 285x10% 258x10% 328x107 2.00x10%
5 1.00x10 228107 100x10% 211x10° 100x10 298x10 2.70x10 238x10%
0 766x10°° 7.65x10% 7.56x10°0 504x10% 6.35x10' 249x10%° 113x10° 2.32x10°5
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Table A3. p-value of out-of-sample forecast quality test vs. AR(1)

DSGE QKF DSGE QKF DSGE linear  DSGE linear

VAR() no meas.er. meas.er. no meas.er. meas.er.
obsC(+1) 2.3% 0.1% 18.2% 0.5% 1.0%
0bsG(+1) 96.8% 100.0% 99.9% 99.3% 98.1%
obsY(+1) 75.3% 34.7% 82.4% 43.6% 13.9%
obsP(+1) 25.0% 75.2% 96.1% 8.1% 32.1%
obsWL(+1) 20.1% 96.2% 84.8% 45.1% 59.4%
obsR(+1) 11.7% 100.0% 25.0% 100.0% 28.4%
obsSTR(+1) 99.0% 0.0% 28.9% 0.0% 27.7%
obsC(+2) 7.2% 0.6% 23.4% 2.5% 3.9%
obsG(+2) 89.2% 99.5% 98.8% 96.1% 92.8%
obsY(+2) 66.7% 36.3% 76.6% 43.5% 18.0%
obsP(+2) 26.4% 66.5% 90.5% 12.6% 32.9%
obsWL(+2) 24.9% 88.9% 73.9% 42.6% 52.8%
obsR(+2) 18.2% 100.0% 28.5% 100.0% 31.1%
obsSTR(+2) 98.6% 0.0% 33.4% 0.0% 32.2%
obsC(+3) 11.3% 1.9% 26.7% 5.3% 7.3%
obsG(+3) 82.9% 98.2% 96.6% 92.1% 87.6%
obsY(+3) 65.3% 37.6% 74.6% 44.3% 20.2%
obsP(+3) 27.9% 62.3% 85.9% 15.5% 33.7%
obsWL(+3) 27.8% 82.6% 67.9% 42.2% 50.3%
obsR(+3) 22.4% 100.0% 31.2% 100.0% 33.2%
0obsSTR(+3) 98.4% 0.0% 36.1% 0.0% 35.0%
obsC(+4) 14.7% 3.6% 29.1% 8.0% 10.1%
obsG(+4) 78.5% 96.6% 94.1% 88.5% 83.5%
obsY(+4) 66.3% 39.4% 74.5% 45.8% 22.1%
obsP(+4) 29.3% 60.8% 83.2% 17.3% 34.7%
obsWL(+4) 30.0% 78.2% 64.4% 42.3% 49.1%
obsR(+4) 25.4% 100.0% 32.9% 100.0% 34.8%
obsSTR(+4) 98.2% 0.0% 38.5% 0.0% 37.3%
Forecasts
significantly 1 8 0 6 2
better than AR(1)

Note: The alternative hypothesis is that the unrestricted models perform better than the AR(1)
model.
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Table A4. p-value of out-of-sample forecast quality test vs. VAR(1)

DSGE QKF DSGE QKF DSGE linear DSGE linear

no meas.er. meas.er. no meas.er. meas.er.
obsC(+1) 99.7% 9.9% 95.0% 89.3%
0obsG(+1) 0.0% 0.1% 2.9% 16.9%
obsY(+1) 89.3% 24.6% 83.3% 97.8%
obsP(+1) 3.3% 0.1% 91.4% 49.8%
obsWL(+1) 0.0% 0.4% 18.3% 6.7%
obsR(+1) 0.0% 32.8% 0.0% 26.1%
obsSTR(+1) 100.0% 99.9% 100.0% 99.9%
obsC(+2) 99.0% 13.8% 91.7% 85.0%
obsG(+2) 0.1% 0.6% 5.7% 20.2%
obsY(+2) 85.6% 24.8% 79.0% 96.2%
obsP(+2) 5.7% 0.3% 87.4% 46.6%
obsWL(+2) 0.2% 1.5% 21.5% 10.3%
obsR(+2) 0.0% 33.3% 0.0% 27.9%
obsSTR(+2) 100.0% 99.8% 100.0% 99.8%
obsC(+3) 97.8% 17.7% 88.1% 81.0%
obsG(+3) 0.3% 1.7% 9.1% 24.1%
obsY(+3) 83.9% 26.3% 77.3% 95.2%
obsP(+3) 7.8% 0.7% 84.6% 46.6%
obsWL(+3) 0.6% 3.1% 25.2% 14.0%
obsR(+3) 0.0% 35.5% 0.0% 30.8%
obsSTR(+3) 100.0% 99.7% 100.0% 99.7%
obsC(+4) 96.3% 21.0% 85.2% 78.0%
obsG(+4) 0.8% 3.0% 11.9% 27.1%
obsY(+4) 82.9% 27.2% 76.3% 94.5%
obsP(+4) 9.4% 1.0% 82.7% 47.0%
obsWL(+4) 1.2% 5.0% 28.0% 17.3%
obsR(+4) 0.0% 37.4% 0.0% 33.2%
obsSTR(+4) 100.0% 99.6% 100.0% 99.6%
Forecasts
insignificantly 15 17 23 28
worse than VAR(1)

Note: The alternative hypothesis is that the unrestricted models perform better than the
VAR(1) model.
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Table A5. p-value of out-of-sample forecast quality test for different DSGE models

DSGEQKF  DSGEQKF DSGEQKF  DSGE QKF DSGE line DSGE line

Ho: nomeas.er. nomeas.er. NO meas.er. meas.er. no meas.er. no meas.er.
equal to equal to equal to equal to equal to equal to
model; model; model; model; model; model;
DSGE QKF DSGE line DSGE line DSGE line DSGE QKF DSGE line
H1: meas.er.is nomeas.er. meas.er.is meas.er.is meas.er.is meas.er.is
better is better better better better better
obsC(+1) 29.3% 95.0% 90.6% 99.3% 0.1% 6.0%
obsG(+1) 2.0% 15.0% 35.4% 0.5% 79.7% 99.1%
obsY(+1) 45.5% 86.4% 97.5% 81.7% 7.8% 78.3%
obsP(+1) 1.5% 92.0% 63.3% 57.8% 8.0% 89.5%
obsWL(+1) 5.1% 38.4% 23.6% 27.6% 87.0% 97.5%
obsR(+1) 50.5% 0.0% 45.4% 65.9% 100.0% 100.0%
obsSTR(+1) 99.8% 100.0% 99.9% 63.7% 0.0% 0.0%
obsC(+2) 32.8% 91.4% 86.1% 98.0% 0.6% 10.0%
obsG(+2) 4.4% 19.6% 37.5% 1.6% 75.2% 97.6%
obsY(+2) 46.3% 82.8% 95.7% 78.2% 10.8% 74.8%
obsP(+2) 3.2% 88.2% 61.3% 56.6% 11.8% 85.3%
obsWL(+2) 8.8% 40.1% 27.6% 31.3% 82.3% 94.9%
obsR(+2) 50.4% 0.0% 46.2% 63.5% 100.0% 100.0%
obsSTR(+2) 99.6% 100.0% 99.7% 62.3% 0.0% 0.0%
obsC(+3) 35.5% 87.5% 81.8% 95.8% 1.7% 14.0%
obsG(+3) 7.4% 23.8% 39.5% 3.5% 71.4% 95.4%
obsY(+3) 46.6% 80.9% 94.4% 76.4% 12.6% 73.3%
obsP(+3) 5.1% 85.1% 59.9% 55.8% 14.8% 82.3%
obsWL(+3) 12.6% 41.9% 30.9% 34.2% 78.2% 91.7%
obsR(+3) 50.3% 0.0% 46.8% 61.4% 100.0% 100.0%
0bsSTR(+3) 99.5% 100.0% 99.6% 62.0% 0.0% 0.0%
obsC(+4) 37.3% 84.3% 78.6% 93.4% 3.2% 17.4%
obsG(+4) 10.3% 26.7% 41.0% 5.6% 68.9% 93.0%
obsY(+4) 46.6% 79.8% 93.7% 75.5% 13.6% 72.5%
obsP(+4) 6.5% 83.3% 59.3% 55.4% 16.7% 80.2%
obsWL(+4) 15.9% 42.7% 33.3% 36.3% 75.0% 88.8%
obsR(+4) 50.4% 0.0% 47.3% 60.0% 100.0% 100.0%
obsSTR(+4) 99.4% 100.0% 99.4% 61.5% 0.0% 0.0%
Number times 4 4 0 3 8 4

HO rejected
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The model equations are as follows:

zg i t(l=0c)*zy N =2y i1 P ZBH 1 —
g /IHB,H—le ey 2(_1711,; + e — ﬂ’HB,t =0 (AD)
(ec, _ hcehr—1+2y,z)—a)c ec, _/fLHB’tec, _ 0 (A2)
— pftthen Apg, (1= fl)ew’”’ =0 (A3)

zpt(l-0c)z Jt+ My =Pry1 =2y 141 Zp oty T
L T +e™ ™ = Dy ™" =0 (A4)

2p 11 H(1=0 )ZY,1+1 iy S,
—ee ﬂ’HB,Hl (_dF,m —e))— ﬂ’HB,te =0 (A5)
e“ +e" +e" +b,, —(1- T)e" M
r_—Zy ;=D s T (A6)
_bH,tilef—l Y.t t _(dF’t_i_e,)_e TRt :O
(_bF,, + ZBF,t) =0 (A7)
1= 4y, =0 (A8)
N 2e—rz+zy‘z+1+17/+1 (_ep,“ + ep_)eyF_t+l+ZP,l+l+pt+l
—e T (e — e;)2 + (2" + Ze;)eyp"ﬁ”"w’ (A9)
F i tZBr 7 Fi _

-’ (bF,t—bF)2+ey’ — O, =0
—e (e =) e by =B ) € = A, = Ap, =0 (A10)
—e"h 4 Za,tﬂ’FP,t =0 (A1D)

2y i1 TP ki=zy 111 — Lk
e reh ((1-o0)e )'Fk,m -(-1+ Za,t)/lFP,HI) =e ﬂ’FK,t (A12)

12y 1 TP iy b=l +Zy g R b =i+ Zy g i
N -Y o lf:’“fze | ny 12_ - )'e | iii liFK’Hl ;e 7—1‘ +z (A13)
:(_e,(l_zl,[(et -1 Y‘z_eO,Y) )+2e/Z[’t(el -1 Y,t_eO,Y)et -1 Y”)ﬂFK,t
i, w,+l, YFu L e A

dp,+e" +e"" +b, ,—e" =b; e =0 (A14)
L (1 _ O_)ek,,l—zm —et (1 -z, (eir”}fl*zy,z —ehr )2) =0 (A15)
yF,t_yD,z :0 (A16)
yF,t _Za,tlt _(1_Za,t)(kt—l _ZY,t) =0 (A17)
n=e ¥ (L= 1) e (P = P+ Yy (0, = ) + 2,) (A18)
T, =yt =y )Yy (v, — J_/') + Vg (bG,t - b_c) + Zr,t) (A19)

(& =Yp) =768 = Yp, )+ (=7:) ey, _;)+7GB(bG,t —E)HG,,) (A20)
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(TTR,t - yD,,) =V (TTR,z—l - yD,,_l)
+ (1= 7))y (1, -+ Vs (g, _[Z) +Zpp,)

nx, = Y%, + (1= 7 )V axs (bW,; - b_W) +Zyy,)

11~ Pt _ZY,rb

nx, + bW,t =e W i-1

bs, +by, +bp,+b,, =0
e’ =e" +e" +e* +nx,
0=(1-0)p,,

Y=Vp, = VDt 2y,
T = he" + e

x =1

(A21)

(A22)
(A23)
(A24)
(A25)
(A26)
(A27)
(A28)
(A29)



