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Abstract

This paper introduces a class of ordered probit models with endogenous switch-
ing among N latent regimes and possibly endogenous explanatory variables. The
paper contributes to and bridges two strands of microeconometric literature. First,
it extends endogenous switching regressions to models of ordered choice with N
unknown regimes. Second, it generalizes the existing zero-inflated ordered pro-
bit models to make them suitable for ordinal data that take on negative, zero
and positive values and characterized by abundant and heterogeneous zero ob-
servations. From a macroeconomic perspective, it is the first attempt to imple-
ment regime switching and accommodate endogenous regressors in discrete-choice
monetary policy rules. Recurring oscillating regime switches in the three regimes
evolving endogenously in response to the state of economy are detected during
a relatively stable policy period such as the Greenspan era. The Monte Carlo
experiments and an application to the federal funds rate target demonstrate that
ignoring endogeneity and regime-switching environment can lead to seriously dis-
torted statistical inference. In the simulations, the new models perform well in
small samples. In the application, they not only have better in-sample fit for the
Greenspan era than the existing models but also forecast better out of sample for
the entire Bernanke era, correctly predicting 91 percent of policy decisions.
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1 Introduction

This paper develops a class of endogenous regime switching models with N latent
regimes, a discrete ordered dependent variable and possibly endogenous explanatory
variables. I illustrate the new models with an empirical application that predicts the
next decision of the U.S. Federal Open Market Committee (FOMC) on the federal funds
rate target (target henceforth), using the vintages of real-time data that do not include
subsequent revisions and were truly available right before each FOMC target-setting
decision (both scheduled and unscheduled). The paper makes the methodological and
empirical contributions to the following aspects of monetary policy modeling.

The U.S. Federal Reserve System (Fed) as many other central banks adjusts policy
interest rates by discrete increments. This feature of modern monetary policy motivated
the usage of nonlinear econometric techniques for a discrete ordered dependent variable
(Vanderhart (2000), Hu and Philips (2004), Dolado, Maria-Dolores and Naveira (2005),
Piazzesi (2005), Gerlach (2007, 2010), Kauppi (2012), Van den Hauwe, Paap and van
Dijk (2013)). This literature employs single-equation models (with just a few exceptions
of Hamilton and Jorda (2002) and Brooks, Harris, and Spencer (2012)) that cannot
allow central bank actions to be generated by different policy regimes. But despite the
increasing popularity of a regime-switching approach in macroeconomics, the existing
regime-switching applications focus exclusively on models for continuous outcomes with
mostly exogenous switching. Extensions to endogenous switching are typically limited

! Finally, the literature on monetary policy rules largely ignores the

to two regimes.
problem of possible correlation between observed explanatory variables and unobserved
monetary shocks.?

To accommodate the discreteness of dependent variable, the possibly endogenous ex-
planatory variables and the unobserved endogenous switching of data-generating process
(DGP), I develop a class of the Swopit (switching ordered probit) models in which an
ordinal dependent variable can be generated by N latent regimes. The models consist
of a latent regime-switching equation and N latent regime-specific outcome equations.
The bottom right panel of Figure 1 shows the decision tree of the Swopit model with
three regimes (interpreted in the interest rate setting context as hawkish, neutral and
dovish policy stances). The regime decision is endogenously driven by central bank re-

sponse to observed and unobserved economic data. The outcome decisions, which are

conditional on the regime, are driven by the observed data and unobservables that can

1See Section 2 for a brief review of the literature on regime switching in monetary policy modeling.
2See de Vries and Li (2014) for a discussion of the problem of endogeneity in modeling monetary
policy.



be contemporaneously correlated with the unobservables in the regime equation (in this
sense the regime switching is endogenous). All implicit decisions are represented by the
ordered probit (OP) equations (McKelvey and Zavoina (1975)) with possibly endogenous

(correlated with the unobservables) regressors.

Figure 1. The Swopit model is a generalization of two-part zero-inflated OP models and
an ordered-choice N-regime extention of endogenous switching models
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From a macroeconomic perspective, to the best of my knowledge, it is the first at-
tempt to implement regime switching and accommodate endogenous regressors in the
discrete-choice modeling of monetary policy rules. Such approach is shown to provide
a high economic relevance for the analysis of monetary policy. The data favor the
idea of slowly fluctuating latent policy regimes during the relatively stable period under
the Greenspan chairmanship. The conventional single-equation and two-equation mod-
els lead to inferences that are markedly different from those in the new model, which
correctly predicts 83 percent of FOMC decisions in the 11/1992-1/2006 period and also
clearly outperforms the existing models in the out-of-sample forecasting (68 steps ahead).
The new model estimated for the Greenspan era correctly predicts 91 percent of FOMC
decisions in the Bernanke era. The empirical results and simulations make it clear that
the endogeneity of explanatory variables does matter and can cause a severe bias in the

estimates of discrete-choice monetary policy rules.
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From a microeconomic perspective, the proposed Swopit models bridge two strands
of literature for discrete ordinal responses: switching regression models and zero-inflated
models. On the one hand, the Swopit model is an extension of endogenous switching
models with unknown sample separation to multiple ordinal responses and multiple or-
dinal selection into three or more latent segments (regimes). The switching models
with exogenous switching (when after controlling for observables the regime-switching
(selection) decision is independent from the outcome decisions) lead to considerable
computational simplicity but inconsistent estimates if the endogeneity assumption is
invalid.®> The idea of endogenous switching (when the unobservables in the regime-
switching equation are correlated with the unobservables in the outcome equations) can
be traced to Roy discussion of earnings distribution and self-selection between two pro-
fessions (Roy (1951)). The first econometric implementations belong to Gronau (1974),
Heckman (1974), Lewis (1974), Maddala and Nelson (1975) (see Maddala (1983) for an
early survey). Numerous variants of these models are often concerned with sample selec-
tion* or treatment effects®, and deal mainly with two regimes and continuous outcomes.
Models with endogenous switching and ordinal outcomes have received considerably
less attention and are mostly limited either to binary switching with two regimes (Hill
(1990), Li and Tobias (2008), and Gregory (2015) deal with observed regimes, while
Greene, Harris, Hollingsworth and Maitra (2008) consider unobserved regimes), or to
endogenous treatment models, which include a single outcome equation with endoge-
nous dummies representing an observed choice of treatment (Geweke, Gowrisankaran
and Town (2003) consider unordered multiple treatment and binary outcomes, Miranda
and Rabe-Hesketh (2006) consider binary treatment and multiple ordered outcomes,
and Munkin and Trivedi (2008) consider unordered multiple treatment and multiple or-
dered outcomes). Models involving endogenous ordinal selection, ordinal outcomes and

more than two regimes with a distinct outcome equation in each regime are scarce and

3The exogenous switching models for ordinal outcomes with two or more unobserved regimes (latent
segments) can be found in Desantis, Houseman, Coull, Stemmer-Rachamimov, and Betensky (2008)
with adjacent categories logit outcome equations, and in Eluru, Bagheri, Miranda-Moreno and Fu
(2012) with ordered logit outcome equations.

4In the sample selection models, which are similar in structure to the regime switching models,
the outcomes from one regime are never observed (not selected to the sample) and the regimes are
known, whereas in the regime switching modes the outcomes can be generated by any regime but the
regimes may not be known. The switching model can be viewed as two or more selection models merged
together.

’The typical treatment-effects (or program-evaluation) models contain a selection-into-treatment
equation and a single outcome equation with a set of endogenous dummy variables (treatment indica-
tors), so the rest of parameters in the outcome equation is the same for both treated and untreated
individuals, which are observed, in contrast to the switching regression models, where the regimes may
not be obseved, and the outcomes in each regime are handled separately with the regime-specific values
of all parameters in outcome equations.



deal only with the observed regimes (the choices of multiple ordinal treatment) (Chib
and Hamilton (2000) consider binary outcomes, Carneiro, Hansen and Heckman (2003)
consider multiple ordinal and categorical outcomes).

On the other hand, under some restrictions on the parameters, the Swopit model
can be described as a three-part zero-inflated OP model. Figure 1 shows the decision
trees of two restricted zero-inflated versions of the Swopit model with three regimes: the
Swopit-r version, in which the neutral regime can generate only zeros (see the bottom
left panel), and the more parsimonious Swopit-z version, in which the zeros can be
generated by any regime while the cuts/hikes are only generated by the dovish/hawkish
regime, respectively (see the upper right panel). The two-part zero-inflated OP models,
developed to address the unobserved heterogeneity of zeros, include the zero-inflated OP
(ZIOP) model of Harris and Zhao (2007) for a non-negative ordinal outcome, and the
middle-inflated OP (MIOP) model of Brooks, Harris, and Spencer (2012) and Bagozzi
and Mukherjee (2012) for an ordinal outcome, which ranges from negative to positive
responses with an abundant zero response situated in the middle of the choice spectrum
(see the upper left panel). In these models, the regime decision and the outcome decision
are represented by binary probit and OP equations, respectively, and the two latent
regimes overlap at the zero outcome, generating “inflated” zeros.

The three-regime Swopit-z model is a natural extension of the two-regime MIOP
model.® A trichotomous regime decision (no increase, no change, or no decrease) seems
to be more realistic than a binary decision (change or no change) if applied to ordinal
data that assume negative, zero and positive values. The policymakers, who consider
adjusting the rate, have already decided in which direction they are going to change
it. Furthermore, the decision to raise or cut the rate may be driven by asymmetric
reaction to economic data. Combining these two distinct decisions into one category
in the MIOP model may seriously distort the inference. The OP, ZIOP, MIOP and
Swopit-z models are actually special cases of the Swopit-r model, which in turn is a
special case of the three-regime Swopit model. The empirical rejections of the OP and
MIOP models in favor of the Swopit-z model provide a compelling empirical evidence
of the regime switching and asymmetric effects of explanatory variables on the decisions
to cut or hike the target.

The rationale behind the three-regime zero-inflated approach can be motivated by
the stylized fact that for many central banks the majority of policy decisions are status
quo decisions (zeros), which can be made in three different circumstances, namely: in

contractionary periods; in policy maintaining periods between rate reversals; and in eas-

61f inflated response is located at the end of the ordered scale, the Swopit-z model reduces to the
ZIOP model of Harris and Zhao (2007).



ing periods (see Figure 2). Many of the zeros, situated between rate hikes during policy
contraction, are likely to be driven by different economic conditions compared with many
of those that are situated between cuts during policy easing. Many of the zeros, clustered
between rate reversals during maintaining periods, are also likely to differ from the zeros
in easing or contractionary periods. In addition, the rate cuts and hikes can also be gen-
erated by distinct processes. According to the Swopit-z model, the average probability
of neutral policy stance in the Greenspan era is 0.35, whereas the observed frequency of
status quo decisions is 0.54. Only two thirds of zeros are the “neutral” zeros generated
by the neutral policy reaction to economic conditions; the remaining zeros originate
under the dovish or hawkish policy regime. The contractionary/maintaining/easing pe-
riods are dominated by, respectively, the hawkish/neutral /dovish regimes; however, in
the maintaining periods one third of status quo outcomes are either the “dovish” or
“hawkish” zeros. One third of all outcomes in the dovish and hawkish regimes are ze-
ros — the outcome decisions tend to smooth the target rate by weakening the up- and

downward policy inclinations.

Figure 2. Federal funds rate target can remains unchanged in different circumstances:
during the easing, maintaining or contractionary periods
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Notes. |/=/1 denote the easing/maintaining/contractionary periods. The easing/contractionary peri-
ods are periods when the rate only moves down/up, from the first to the last sequential unidirectional
rate change (decrease/increase, respectively). The maintaining period is a status quo period between

the rate reversals.



The next section makes a brief review of the literature on regime switching in mone-
tary policy modeling. Section 3 describes the econometric framework of the new models,
which are estimated via maximum likelihood (ML). A consistent estimator in the pres-
ence of endogenous regressors is implemented using a control function approach, and
allows for a simple test of the null hypothesis of endogeneity. The problem of the com-
parisons of the OP, ZIOP, MIOP and Swopit models is also discussed. The Monte
Carlo experiments reported in Section 4 demonstrate a good performance of the Swopit
models in small samples (both without and with endogenous regressors) and its supe-
riority with respect to the OP and MIOP models, which deliver asymptotically biased
estimates if the underlying DGP is characterized by three switching regimes. The simu-
lations demonstrate that ignoring the endogeneity of regime switching and explanatory
variables leads to asymptotically biased estimates. The new and existing models are ap-
plied in Section 5 to predict the next FOMC decision on the target. Section 6 concludes.

Four appendices with supporting materials and replication files are available online.

2 Regime switching in monetary policy modeling

The regime-switching applications in monetary economics focus exclusively on models
for a continuous dependent variable. Policy regime change is often modelled as a perma-
nent, non-stochastic switch; empirical studies divide data samples into regime-specific
subperiods (Clarida, Gali, and Gertler (2000), Lubik and Schorfheide (2004), Schorfheide
(2005), Boivin and Giannoni (2006), Coibion and Gorodnichenko (2011)) or employ a
gradual regime switching approach with smoothed transitions between regimes (Mankiw,
Miron and Weil (1987), Gerlach (2010), Gerlach and Lewis (2014)). However, treating
regime changes as breaks rather than as a slowly fluctuating stochastic process is largely
a matter of convenience and even logically inconsistent, as Cooley, Leroy and Raymon
(1984) argue.

The significant attempts in modeling short-lived oscillating switches in monetary pol-
icy are made, among others, by Sims and Zha (2006) and Bikbov and Chernov (2013) in
the structural vector autoregression context, as well as by Davig and Leeper (2007),
Bianchi (2013) and Baele, Bekaert, Cho, Inghelbrecht and Moreno (2015), Foerster
(2016) in the dynamic stochastic general equilibrium framework. These and other stud-
ies demonstrate that dividing the U.S. post-World War II sample into distinct regimes
can distort qualitative and quantitative inferences; the U.S. monetary policy changes are
better modeled as stochastic and repeated fluctuations between two or more regimes; and
from a theoretical point of view, regime switching has the expectation formation effects

and crucial consequencies for the uniqueness and existence of the economy’s equlibrium



and the distributions of macroeconomic outcomes. Short-term market interest rates are
also often modelled and forecasted using the regime switching approaches (Hamilton
(1988), Garcia and Perron (1996) and Ang and Bekaert (2002)).

Building on the seminal work of Hamilton (1989), recurring policy regimes are typ-
ically modelled as the unobserved states generated by a stochastic exogenous Markov-
chain process, which is independent of the endogenous economic variables and has con-
stant probabilities of transition from one regime to another. This assumption is realistic
in a wide range of contexts but highly unlikely in monetary policy applications. It is
natural to assume that central banks react systematically to changes in the economic
conditions; thus, regime switches are endogenous to the state of the economy and have
time-varying transition probabilities. Models, in which the time-varying probabilities of
regime changes are driven by the observed exogenous variables and past values of de-
pendent variable, are considered by Diebold, Lee, and Weinbach (1994), Filardo (1994),
Chib and Dueker (2004), and Bazzi, Blasques, Koopman and Lucas (2017) in the frame-
work of univariate linear regression, and by Davig and Leeper (2008) and Barthélemy
and Marx (2017) in the dynamic stochastic general equilibrium framework framework.
Kim, Piger, and Startz (2008) and Chang, Choi and Park (2017) develop the endoge-
nous Markov regime-switching models, in which the regression disturbance is correlated
with the disturbance to the latent state variable controlling the regime. The existing
extensions to endogenous switching with time-varying probabilities are typically limited

to two regimes.” All the above-mentioned models assume continuous outcomes.

3 Model

This section describes the econometric framework of the Swopit models in the most
general form with N regimes and endogenous switching as well as in the restricted zero-
inflated forms with three regimes. I also present the Swopit estimator that allows for
endogenous explanatory variables. The relationship and discrimination among the OP,

MIOP and Swopit models are also discussed.

3.1 N-regime Swopit model with endogenous switching

Let t (t = 1,2,...,T) be one of the available T" observations. Let y; be an observed
dependent variable that can take on a finite number J of ordinal values coded by index

Jj (1 =1,2,...,J). The observed outcome y; can be generated in any of N (N > 2) states,

"In a recent paper, Hwu, Kim and Piger (2017) propose an N-state Markov-switching regression
model in which the state indicator variable is correlated with the regression disturbance term.



coded by index s (s = 1,2,..., N) and interpreted as latent regimes in the time-series
context or as latent segments of population in the cross-section context. The realized
regimes r; are unobserved and of an ordinal nature. The regime switching decision
is determined by the continuous latent variable r;, endogenously driven in response
to the observed data and unobservables according to the OP regime equation. The
correspondence between 7} and 7, is determined by unobserved thresholds in the usual
ordered-response fashion according to a matching rule. For each ¢, only one out of N
potential realizations of y; is observed. The observed outcome y; is determined (also
in the usual ordered-response fashion) by one out of N unobserved continuous latent
variables y; ;, representing the potential outcomes in each regime, and driven in response
to the observed data and unobservables according to N outcome equations.

To summarize, the N-regime Swopit model can be described by the following system

ri=x8+¢e,t=12,..,T
rexe = s if pg_y <rflxe < pg, s=1,2,..,N
Ysi = X;,tﬁs + €t

Ye|(Xsp, e = 5) = j if Qg1 < y:,t|xs,t < Qg

Est | iid 0 1 p, (interdependence between the
~ Normal 0’

£t ps 1 regime and outcome decisions),

(regime equation),
(regime matching rule),
(outcome equations),

outcome matching rules),

t'" rows of the observed data matrices X and X, respectively;

tth

where x; and x,; are the
B and 3, are the vectors of unknown slope parameters; ¢, and €, are the t"" rows of the
independently and identically distributed (iid) across t disturbance terms € and &;; &; is
independent of ¢, at leads and lags: E(ei5+4+r) = 0 for V7 # 0; —o0 = py < iy < ... <
py =00 and —00 = a0 < g1 < ... < g = 00 are the unknown threshold parameters;
the joint probability density between e; and each e,, is standardized bivariate normal
with cumulative distribution function (CDF) ®y(ey; €545 p,)-

The probabilities of the outcome j are given by

Pr(yt = j|Xt7 X1ty X2ty o) XN,t)

N
= > Pr(p,y <rflx < pg and a1 < yilxer < ag )
s=1

(2)

I
M=

Pr(p,_; —x;8 <& < py —x;B8 and i1 — X B, < €54 < @ — X ,10)

@
Il
-

Il
M=

1[%(#5 — X85 asj — X, B, ps) — Palpy — X185 a1 — X, B py)

w
Il



_(I)Q(Ms—l - X:f/67 0557]‘ - X;,tﬂs; ps) + q>2(l1’s—l - X:f/67 a&j_l - X;,tﬂs; psﬂ

More specifically, these probabilities can be computed as

Pr(y, = 1|Xt,X1,t,X27t, --->XN,t)
N-1

= ‘I)z(lh - Xfﬁ? 11 — X/uﬁﬁ P1) + Z [@2(/% - X;ﬁ; Qg1 — X'&tﬁs; PS)
s=2
— ®o(ps_ — x5 Qs1 — X,s,tBSQ )] + Po(—pn_1 +x0; an1 — X/N,tﬁm —PN);

Pr(y, = jlx, X1ty X2ty -y XN,t)

= (I)Q(Ml - XQB? Q5 — Xll,tﬁl; ,01) - ‘1)2(M1 - X;ﬁ; Q1 5-1 — X'Lt,31§ P1)

N-1
+ 22 [q>2<ﬂ’s - X;/B, Qs j — X{s,tIBS; ps) - (I)Q(:us - X;ﬁa Qs 5-1 — X{97t63; ps)

—Po (51 — X185 s i — X4, B; ps) + Palpg_y — X85 a5 -1 — X185 )]
+@o(—py_1 + X185 an; — Xy Bn; —Pn)
—Po(—pn_1 +xiB5an -1 — Xy By; —py) for 2< j < J -1

Pr(yt = J|Xt7 Xl,t7 X27t7 ceey XN,t)
N-1
= Qa(py —xB; —a1, 1 + X101 —p1) + 20 [Palpy — 85 — s 71 + X185} —ps)
=2

—Po(ps1 — X105 — s 71 + X/s,tﬁs; —ps)] + Po(—piy_y +x8; —an -1 + X/N,tBN; PN)-

If p, = 0,Vs then € and &, are mutually independent, and regime switching is exoge-
nous. The above probabilities in the case of exogenous switching are shown in Appendix
A.

The intercept components of 3 and 3, are identified only jointly with the corre-
sponding threshold parameters g and o, and the variances of € and €. To identify the
model, the intercept components of 3 and 3, are fixed to zero, and the variances of &
and €, are fixed to one. The probabilities in (2), however, are absolutely estimable and
invariant to the identifying assumptions. They can be estimated using an ML estimator

of the vector of the parameters 8 = (u/, 3', &}, B,....cy, B)" that solves

T J
maXZth,j In[Pr(y: = j|x¢, X1.4, Xty -0, X1, 0)] (3)

0e®
t=1 j=1

where hy; is an indicator function such that h; ; = 1if y, = j and h; = 0 otherwise; and ©
is a parameter space. In general, the parameters in 6 are separately identified (up to scale

and location) by construction via the functional form due to the nonlinearity of the OP
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equations (Wilde 2000). There is no need for exclusion restrictions on the specification of
covariates in the latent equations to avoid collinearity problems. In practice, however, the
collinearity problems might still exist if many observations lie within the middle quasi-
linear range of normal CDF. Thus, if X and X, are identical or have many variables
in common, the simultaneous estimation of N 4+ 1 OP equations may be subject to
the collinearity and weak identification (the common symptoms of this problem are
large standard errors and close-to-singular Hessian matrix). In this case, the exclusion
restrictions (ensuring that X and X, are not identical) may be necessary. The starting
values for 8 can be obtained by, for example, using the independent OP estimations of
each latent equation. The asymptotic standard errors of 0 can be estimated from the

Hessian matrix.

3.2 Restricted zero-inflated versions of the Swopit model

The estimation of the Swopit model even with only three regimes can be cumbersome
and infeasible if the sample size is not large enough as is often the case in monetary
policy modeling. The Swopit estimator can suffer from problems with the invertibility
of the Hessian matrix, because in small samples the likelihood function at the maxi-
mum can be flat for an infinitely wide range of parameters’ values. I present two less
parameterized restricted versions of the three-regime Swopit model: the Swopit-r and
Swopit-z models (see Figure 1). Although these models may seem restrictive, they allow
to obtain parsimony in modeling and have clear economic interpretation in the context
of policy interest rates. The three regimes (s = 1,2,3) can be interpreted as monetary
policy stances (dovish, neutral, or hawkish, respectively). The observed outcome y; —
the change to the central bank policy rate made at a monetary policy meeting ¢ (usually,
6-12 times per year) — typically takes on a finite number of positive, zero, and negative
ordinal values with 0.25-percent increment. The most popular outcome — a zero (no
change to the rate) — is typically observed for more than a half of central bank deci-
sions. The zero-inflated Swopit-r and Swopit-z models can accommodate the possible
unobserved heterogeneity of abundant zeros by allowing them to be generated by three
distinct processes. The observed outcomes ¥, are coded as j = 1,2, ..., J, among which

the potentially heterogeneous (“inflated”) and often abundant response is coded as q.

3.2.1 The Swopit-r model

The three-regime Swopit model reduces to the Swopit-r model if the only possible out-
come in the neutral regime (s = 2) is q. There is no need for an outcome equation in

the neutral regime. To describe the Swopit-r model, modify the system (1) as follows

11



ri=x8+¢e,t=12..,T regime equation),

relxe = s if py_y <rilxe < pg, s=1,2,3 regime matching rule),

(
Ysp = X;,tﬂs +éest, s =1,3 (outcome equations),

Yol (Xs0,me = 8) = J if a1 < yislxsr < sy, s=1,3  (outcome
yil(re =2) = ¢ matching rules),
€st | iid 0 1 p, (interdependence between the
" | ~ Normal , ,s=1,3
Et 0 ps 1 regime and outcome decisions).

The probabilities of the outcome j in the Swopit-r model are given by

Pr(y; = j|x¢, X1, X3,) = Limg Pr(py < rflxe < py)
+ 20 Prpey <rilxe < pgand a1 < ylfxe < o)

s=1,3

= Z Pr(lusfl - X;IB <eéer < Hs — Xéﬁ and Qs,j—1 — X;,tIBs < Est < Qsj — X;,t/as) (4)
s=1,3

Himg Pr(p =3B <& < pp = 77) = 2 [®apty = x5 005 = X855 p,)

_(I)Q(us - X;S/By Qs j—1 — X;,t/Bs; /Os) - (I)Z(:usfl - X;B7 Asj — X{s,tﬁs; ps)
FPo (1 — X85 s jo1 — X, 1843 p)] + Lizq (R(pe — x;8) — (1 — x;8)) ,

where [;_, is an indicator function such that I,—, = 1if j = ¢, and [;—, = 0 if j # q.

These probabilities can be computed as

Pr(y; = 1|x¢, %14, X3¢) = Polpy — X185 011 — X743 p1)
+@o(py — x18; sy — X5,83; p3) + Po(—p1y +XiB; 31 — X5,83; —p3);

Pr(y; = j|Xt7X1,t7X37t)
= Doy — x;8; 15 — X1 1813 p1) — Loy — X85 11 — x7,815 1)
+Ij=q[<b(ﬂ2 —x108) — ®(py — x18)] + Po(—py + x;6; Qs — Xé,tﬂ3; —p3)
—Dy(—py + X185 a351 — X3,83; —p3) for 2 < j < J - 1;

Pr(y, = J|xe, X140, X34) = Popy — x38; —an -1 + x4 +81; —py)
+®o(—py + x18; —az 71 + x5 103; P3)-

The above probabilities in the case of exogenous switching (when p, = 0,Vs) are

shown in Appendix A.
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3.2.2 The Swopit-z model

The three-regime Swopit model reduces to the Swopit-z model if (i) the possible outcomes
in the dovish regime (s = 1) are j < ¢; (ii) the only possible outcome in the neutral
regime (s = 2) is j = ¢; (iii) the possible outcomes in the hawkish regime (s = 3) are
7 > q. There is no need for an outcome equation in the neutral regime. To describe the

Swopit-z model, modify the system (1) as follows

i =x,0+ ¢ regime equation),

relxe =sif py g <rilxe < pg, s=1,2,3 regime matching rule),

Yar =X, 4B +Esp,5=1,3 outcome equations),

(
(
(
(

Yl (X1, e = 1) = jifag 1 <yiylxie <oy, j<q outcome
y|(re =2) =¢q matching
Yel (X3, =3) = j if oz j 1 < yz4lxss < asy, j>q  rules),
(interdependence
Est | iid 0 1 p ,
" | ~ Normal , ,s=1,3 between the regime
Et 0 Ps 1

and outcome decisions).

The probabilities of the outcome j in the Swopit-z model are given by

Pr(y; = jlIx¢, X1, X3,¢) = Lj<g Pr(rf]x < py and ag 1 < yiifxs < agy)
+Ljmg Pr(py < rilxe < pig) + Ling Pr(ps < rylx, and g1 < y3,[x3: < as)
=l Pr(e; < py —xiB and oy 1 — X7, B <1y < ary —x),0)
+1—, Pr(ul — XQ,B < g < g — X:&ﬂ)

A+1jq Pr(py —x;8 < &y and agj 1 —x5,8; < €3, < a3 — X5,3;)

= Li<g[Pa(py — 3,85 a1 — X1 B1ipy) — Palpy — X85 anjo1 — X1 ,B4501)]
+1j—g[ @ (g — x;8) — P(p1y — x13)]

L2 g[Po(—p1y + X135 3,5 — X5, 835 —pg) — Po(—piy + %85 51 — X5,83; —p3)],

where [;<, is an indicator function such that I,<, = 1if j < ¢, and [;<, = 0if j > ¢
(analogously for I;—, and I;<,).

These probabilities can be computed as
Pr(y, = 1|x¢,X14,X3,) = Polpy — X85 011 — X7 B3 p1);

Pr(yt = j|Xt> X1t X3,t)
= Li<g[Pa2(py — xi 85 15 — X1, B1;p1) — Pa(py — X485 i1 — X1,,B15p1))]
F1j=g[P(py — x;8) — D(py — x,8)] + Ljng[Pa(—p1o + x,8; 35 — X5,835 —ps3)
—Do(—py + X185 a351 — X3,83; —p3)] for 1 < j < J;
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Pr(y, = J]xy, X1,0,X34) = Po(—po + x:8; —az y1 + Xé,tﬁ:’); P3)-

The above probabilities in the case of exogenous switching (when p, = 0,Vs) are

shown in Appendix A.

3.3 Allowing for endogenous explanatory variables

The Swopit model can be extended by relaxing the assumption that explanatory variables
in X and X, are not correlated with corresponding error terms € and €,. Accounting
for endogeneity in nonlinear models, even relatively simple single-equation ones, is more
difficult to implement than in linear models. The simple mimicking of two-stage least
squares estimation of linear models (i.e. inserting fitted values from the reduced form in
place of endogenous regressors in the structural equation) does not generally work for
nonlinear models and often makes the endogeneity bias worse (Bhattacharya, Goldman,
and McCaffrey (2006), Terza, Basu and Rathouz (2008)).

To accommodate endogenous explanatory variables (EEVs) in the Swopit framework
I implement the two-step control function (CF) approach with bias correction terms as
additional regressors. This approach, which introduces residuals from the reduced form
for EEVs into the structural equation as controls for endogeneity, was first suggested
by Hausman (1978) in the linear context as a tool of testing for endogeneity, further
developed for nonlinear models by Smith and Blundell (1986), Newey (1987) and Rivers
and Vuong (1988), among others, and extensively applied to the sample-selection and
disequilibrium models in the microeconometric literature. In the time-series literature,
the CF approach is employed by Kim (2004) in the context of Markov-switching linear
regressions. Kim (2009) considers both a joint and a two-step estimation procedures and
concludes that although the former is asymptotically most efficient, the latter provides a
reasonable alternative: the Monte Carlo experiments show that the two-step procedure
can be more efficient than the joint one in finite samples.

To obtain the CF Swopit estimator, let x; and x,; contain only exogenous regressors,

t™ rows of the observed data matrices W and W, that contain

let w; and w,,; be the
continuous EEVs, let w; be the " row of the T x K matrix of EEVs W that combines
all variables from W, W1, ..., Wy, let z, be the t™ row of the observed T x K data
matrix Z that contains exogenous instrumental variables, modify the system (1) and

augment it with the reduced forms for EEVs as follows:
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ri =x,8+wyte, t=1,2,...,T

regime equation),
T (xe, Wy) = s if pg_y < rf|(xe, wi) < pg, s =1,2,..., N regime matching rule),
Yol (X, Wop, e = 5) = J if o jo1 < yk | (Xap, Wap) < i outcome matching rules),
{i}t = Zta + ﬂt
(interdependence between

Esit | iid 0 1 p, .
~ Normal 0’ ,s=1,2,...N the regime and outcome

Et Ps 1

(
(
Vi, =X, By + Wi Yteon, s =1,2,., N (outcome equations),
(
(

reduced form for EEVs),

decisions),

where v and v, are the K, x 1 and K, x 1 vectors of unknown parameters; § is the
Ks x K matrix of unknown parameters; v, is the T' X K matrix of normally distributed
error terms with zero means; and the rest of variables and parameters are defined as in
(1).

Denote v; and v, the corresponding subsets of v; that match the subsets w; and w;
of wy, respectively. Assume that each of the N+1 pairs (e, 1), (€14, V14), -y (ENts Unit)
is independent of z; and jointly normally distributed with zero mean. The regressors wy,
Wiy, ..., Wy are endogenous if the structural error terms €4, €14, ..., en+ in the above
N + 1 pairs are correspondingly correlated with the reduced form error terms vy, vy,
..., n. If there is no correlation in any of these pairs, there is no endogeneity problem.

Under the joint normality of (e, 1), (€14,V14¢), -y (ENt, VNys), assume that e =
VA + ( and g5 = v A + (,; to obtain

ri =x 8+ wiy + v+ ¢,
Vi =X BAWe Y+ VsiAs + (o s =1,2,.., N,

where A and A, are the K, X 1 and K, X 1 vectors of unknown parameters; ¢, and (,,
are the error terms that are assumed to be normally distributed with zero means and
independent of z;, and also of x; and X, and v; and v, respectively (and therefore
independent of w, and w,;). Since ¢; and ¢, have unit variance due to normalization,
var(¢;) = var(e; — viA) = 1 —var(vyA), and analogously var((, ;) = 1 —var(v,As).

Rewrite the probabilities to observe the outcome j in (2) as

Pr(yt = j|Xt, X1ty X2ty -y XNty V~Vt)

N
— @2 MS—X;,@—WtW—Ut)\ . Oésvjfx;,tl@s7w57t7sfus,t>\s .
=1 \/l—va/r(ut)\) ’ \/17var(us7t)\s) s
)} B =Xt B=Wyy =1\ as,j—l_xls,tﬁs_Ws,t’Ys_Vs,tAs D
2 \/lf'uar(l/t}\) ’ \/l—var(us?t)\s) 1S
o, (BB A 0y X B Wa A
2 \/1—1)(17’(1/,5)\) ! \/1—Uar(us,t)\s) Vs

P /J‘sfl_xéﬂ_wt'y_’/tk. as,jfl*X;,tﬂS*Ws,t‘Ys*Vs,tAs‘
+ 2 5 7ps .
\/1—UGT(Vt)\) \/I*Um’(l’s,t)\s)
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The probabilities in (4) for the Swopit-r model and in (5) for the Swopit-z model can
be rewritten analogously. The probabilities in the case of exogenous switching (when
ps, = 0,Vs) are shown in Appendix A.

Since v; is not observed, in order to consistently estimate these probabilities perform

the following two-step procedure:

1. Run the OLS regressions of each EEV in w; on the set of instruments z; to con-

sistently estimate & and variance of each component of v;, and save the residuals

~

V.

2. Run the Swopit regression with x;, w;, ¥; in the regime equation and with x,

W, Vs, in the outcome equations to consistently estimate the scaled parameters
(¢, 8,7 A) and (af, 8,7, A,)-

The scaled parameters from the second step relate to the original (unscaled) para-

meters as

(',
(e, B,

8.7,
Voo A

A) = (W, 8,9, N)//1 —var(v\),
) =

(0, B Ve As)/ /1 — var (Vs As).

To obtain the estimates of the original parameters, notice that 1 — var(v:A) =
1 — [1 — var(vi\)]var(viA); hence, 1/[1 — var(v;A)] = 1 + var(vyA). Analogously,
L/[1—=var(veAs)] = 1+var(vs,A,). It follows that, for example, 8 =8/1/1 + var(v,A).

Thus, we can obtain the consistent estimators of the original parameters as

—

W, 8,5 X) = (7, 8,7, A)/\V 1+ var(A),

—

~ —~ -~/ __ -~ e o~
(@, B Ao A,) = (QL,QS,’_Y’S,AS)/\/l +var(VsA,),

where all terms on the right-hand side are available from the two-step CF estimation

procedure.

The usual ¢ statistics on v; and Vs, from the second step can be used to test the
null hypotheses that w; and w;, are exogenous, that is A = 0 and A; = 0. Under the
null of exogeneity, ¢, = (, and ¢5; = (54, SO the distributions of v; and v, do not
matter. However, if w; or w, are endogenous, the normality of v, and v, is critical.
The CF method imposes strong assumptions on the process generating EEVs and does
not generally work if they are discrete. Allowing for discrete EEVs is notoriously difficult
even in a single-equation instrumental-variable model of discrete choice (Bhattacharya,

Goldman, and McCaffrey (2006)). Relaxing the distributional restrictions on the genesis
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of EEVs in the CF method, as Chesher and Smolinski (2012) demonstrate, results in
uncertainty — the model becomes only set, not point, identifying. However, in the case of
discrete EEVs, as suggested by Terza, Basu and Rathouz (2008), we can run a discrete-
choice first-stage estimation and obtain the generalized residuals. Wooldridge (2014)
argues that the CF approach with generalized residuals might yield good estimates of

average MEs and provide a reasonable approximate solution to the endogeneity problem.

3.4 Discriminating among the OP, MIOP and Swopit models

This section discusses the relations among the OP, MIOP and Swopit models and the
choice of a formal statistical test for model selection.

In general, neither the OP nor MIOP model is nested in the Swopit-z model, and vice
versa. However, these models are not strictly non-nested. They overlap under certain
parameter restrictions, namely, if their slope coefficients are all fixed to zero and only
the thresholds are estimated. Therefore, the comparison of the OP or MIOP model with
the Swopit-z model can be performed using a test for non-nested overlapping models,
such as the Vuong test (Vuong 1989).

An interesting special case when the Swopit-z model nests the MIOP model occurs
under certain parameter restrictions provided (i) the dependent variable has three out-
come categories, (ii) both X; and X3 contain all covariates in the MIOP regime equation,
and (iii) X includes all covariates in the MIOP outcome equation. See Appendix B for a
proof. In this case, the comparison of the Swopit-z and MIOP models can be performed
using a test for nested models, such as the likelihood ratio (LR) test.

The MIOP reduces to the OP model if (i) the outcome equation of the former contains
all covariates in the latter and (ii) the threshold parameter in the regime equation of the
former is infinitely close to the lower bound of its parameter space (that is close enough to
—00) to ensure that all observations always occur in the “change” regime. In this special
case, not only one parameter (the threshold in the regime equation) is not the interior
point of the parameter space in the null hypothesis, but also all the slope coefficients in
the regime equation become the nuisance parameters that are not identified under the
null; therefore, since some standard regularity conditions of the classical LR test fail to
hold, the comparison of the MIOP and OP models can be performed using the LR test
with the simulated critical values suggested in Andrews (2001).

The OP, MIOP and Swopit-z models are the special cases of the Swopit-r model,
which is in turn a special case of the three-regime Swopit model. For example, the
Swopit-r model reduces to the MIOP if either the smallest threshold parameter in the

Swopit-r regime equation is infinitely close to —oo or the largest threshold parameter is
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infinitely close to co. Their comparison can be performed using the LR test with the

critical values suggested in Andrews (2001).

4 Finite sample performance

This section summarizes the results of conducted Monte Carlo experiments. In brief, the
simulations suggest that (i) the proposed ML estimators of the Swopit-z and Swopit-
r models are consistent and demonstrate good performance in small samples; (ii) it
requires roughly twice as many observations per parameter for the Swopit-z model with
no overlap among the covariates in latent equations (and four times as many observations
per parameter with full overlap) to achieve the same accuracy of the estimates as in the
standard OP model; (iii) if the underlying DGP is characterized by switching among
three regimes, both the OP and MIOP estimators are inconsistent, whereas the Swopit-
r estimator is consistent under either the OP, or MIOP, or Swopit-z DGP; (iv) the
Swopit model is identified even with no exclusion restrictions; though, the more exclusion
restrictions, the more accurate the estimates; (v) ignoring the endogeneity of regime
switching leads to asymptotically biased estimates; and (vi) the implemented CF Swopit
estimator is consistent and provides a reliable small-sample inference in the presence of
EEVs.

The dependent variable is generated in all experiments with five observed choices
(large decrease, small decrease, no change, small increase, and large increase) with the
following population frequencies: 7%, 14%, 58%, 14% and 7%. The number of ex-
planatory variables is three in all models. The number of replications is 5,000 in each
experiment.

Unlike the parameters, which are identified up to scale and location only, and are of
little interest in their own right, the choice probabilities and MEs of covariates on them
are absolutely estimable functions (invariant to the identifying assumptions), and are of
main interest in empirical research.® The reported Monte Carlo results assess the accu-
racy and uncertainty of the estimates of the MEs of covariates on choice probabilities,
estimated at the population medians of the covariates.” The following measures of finite
sample performance (averaged for all covariates and choices, and across all replications)

are reported: bias — the absolute difference between the estimated and true ME values;

8The ME of a continuous covariate on the probability of each discrete choice is computed as the
partial derivative with respect to this covariate, holding all other covariates fixed. For a discrete-valued
covariate, the ME is computed as the change in the probabilities when this covariate changes by one
increment and all other covariates are fixed.

9The Monte Carlo assessments of the accuracy and uncertaity of the Swopit parameter estimates
are reported in Appendix C.
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RMSE — the root mean square error of ME estimates relative to their true values; CP
— the percentage of times the estimated asymptotic 95% confidence intervals cover the
true values of the MEs; and s.e. bias — the absolute difference between the average
of estimated standard errors and standard deviation of ME estimates divided by the

standard deviation of ME estimates, in percent.

4.1 Performance under alternative DGPs

This set of experiments assesses the capability of the competing models (OP, MIOP
and Swopit-z with exogenous and endogenous switching) to estimate the MEs from the
data generated by each of four DGPs. Three vectors of covariates vy, vy and vs are
drawn once (and held fixed in all simulations) as v; Y Normal(2,1), v Y Normal(0, 1)
and v3 i Normal(0,1). The repeated samples with 250, 500 and 1000 observations are
generated as follows: (i) by the OP DGP — with the covariates (v,, va, v3), the vector of
slope coefficients (0.6, 0.4, 0.8)" and the vector of cutpoints (-1.45, -0.55, 0.75, 1.65)"; (ii)
by the MIOP DGP with exogenous switching — with X°= (v, v3), Z°= (v,,v3), B° =
(0.6, 0.8)", v° = (0.5, 0.6)', u° = 0.45, a® = (-1.45, -0.55, 0.75, 1.65)" and p° = 0; (iii) by
the Swopit-z DGP with exogenous switching — with X = (v, v3), X;1= X3= (v,, v3),
B = (0.6, 0.4), 3, = (0.3,-0.8), B; = (0.9, -0.3)", u = (0.91, 1.5)", a; = (-0.95, 0.25)’,
a3 = (-0.13, 1.2), p; = p; = 0; and (iv) by the Swopit-z DGP with endogenous switching
— with X = (v, v3), Xi= X3= (v,,v3), 8 = (0.6, 0.4)", B, = (0.3, -0.8)’, B3 = (0.9,
0.3), = (0.9, 1.5), a1 = (-1.22, 0.08)", a3 = (0.3, 1.63), p, = 0.3, and p; = 0.6.

Under each DGP, several competing models are estimated using the same set of
covariates: (i) under the OP DGP — the OP model with the covariates (v, va, v3), the
exogenous MIOP model with X%= Z°= (v, v, v3), and the exogenous Swopit-z model
with X = X;= X3 = (v, V3, vy); (ii) under the exogenous MIOP DGP — the OP model
with (v, v2,V;), the exogenous MIOP model with X°= (v, v3), Z°= (v,, v3), and the
exogenous Swopit-z and Swopit-r models with X = (v, v3) and X;= X3 = (v,, v3); (iii)
under the exogenous Swopit-z DGP — the OP model with (v, v,,Vv3), the exogenous
MIOP model with X%= Z°= (v,,vs,v3), and the exogenous Swopit-z and Swopit-r
models with X = (v, v3) and X;= X3= (v,, v3); and (iv) under the endogenous Swopit-
z DGP — the OP model with (v, Vv, V;), the exogenous MIOP model with X%= Z°=
(v, v2,Vs), and the exogenous and endogenous Swopit-z models with X = (v, v3) and
Xi= X3= (v,, v3).

Table 1 summarizes the performance of competing models under each DGP. The
simulations suggest that, under the Swopit-z DGP, the proposed ML estimator of the

Swopit-z model is consistent: as the sample size grows, the biases and RMSE reduce more
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than twice, and the CP moves closer to the 95% nominal level and reaches 94.7%. In
contrast, under the Swopit-z DGP, both the OP and MIOP estimates are severely biased
(under endogenous switching the biases are three times as large as under exogenous one):
as the sample size grows, the biases almost do not change, the s.e. biases increase, and
the CPs move away from the nominal level (down to 45% with exogenous switching and
to 12% with endogenous one). The exogenous Swopit-z model is also biased under the
endogenous Swopit-z DGP: as the sample size grows, the bias almost does not change,

and the CP moves away from the nominal level down to 82%.

Table 1. Performance of competing models under alternative DGPs

True DGP: OoP MIOP
Sample _ . . . _
size Estimatedmodel: OP  MIOP Swopit-z OP  MIOP Swopit-z Swopit-r
(ps=0) (ps=0) (ps=0)
250 L uE 048 37 56 541 30 190 24
500 , , 019 22 34 550 15 183 14
1000 SStimaes,x10 017 16 24 533 07 205 08
250 oot of ME 15 18 25 56 21 32 9.3
500 : , 11 12 16 56 14 27 47
1000 SStimates,x10 08 08 11 54 10 26 11
250  Coverage 932 933 9l4 180 914 676 850
500  probability, % 940 942 929 105 940 637 909
1000 (at 95%level) 945 945 935 60 946 52.4 93.6
250 12 18 83 31 42 161 268
500 Ss'fi‘smix E/:'e' 11 13 53 48 16 232 312
1000 ’ 07 07 38 38 09 302 72
Sampl True DGP: Swopit-z (p s= 0) Swopit-z
Si zep © Estimaedmodel: OP  MIOP Swopit-z Swopit-r OP  MIOP Swopit-z Swopit-z
(ps=0) (ps=0) (ps=0)
250 . 145 152 20 40 500 541 56 27
Bias of ME
500 _ , 144 149 11 24 497 545 62 15
1000 SStimAesx10” 6 148 08 11 495 533 60 09
250 ik of ME 22 24 23 38 520 62 28 32
500 : , 19 21 16 24 51 60 20 2.2
1000 SStimaes,x10 17 18 11 12 50 57 14 15
250  Coverage 691 745 937 894 257 343 929 933
500  probability, % 556 598 942 921 181 259 889 935
1000 (at 95% level) 450 460 947 94.0 119 180 852 94.4
250 20 56 34 262 42 122 20 00
500 Z;Smie'\g Eo/je' 20 79 24 240 47 158 14 20
1000 ’ 24 75 13 6.7 54 210 04 1.2
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Under the OP DGP, though the Swopit-z model does not nest the OP one, the
Swopit-z estimator performs much better than the OP estimator under the Swopit-
z DGP; as the sample size increases, the Swopit-z performance under the OP DGP
improves substantially, whereas the OP performance under the Swopit-z DGP becomes
even worse. Since the MIOP nests the OP model, the MIOP estimator under the OP
DGP performs better than the Swopit-z one.

Under the MIOP DGP, the Swopit-z estimator seems not to be consistent — as the
sample size grows, its bias remains approximately the same (and with 1000 observations
is 26 times as large as the bias of the MIOP estimator), its s.e. bias increases, and its
CP moves away from the nominal level down to 52.4%. In contrast, the estimator of the
Swopit-r model that nests all three competitors performs well under both the MIOP and
Swopit-z DGPs — its biases are only slightly larger than those of the MIOP and Swopit-
z estimators (however, its s.e. biases are significantly larger). As the samples size grows,
both biases reduce sharply, and with 1000 observations the CP approaches 94%. Under
the OP DGP, the Swopit-r estimator is also consistent, but in small samples experiences
problems with the invertibility of the Hessian matrix, because its likelihood function at
the maximum can be flat for an infinitely wide range of parameters’ values. For that
reason the Swopit-r model is not included under the OP DGP. In practice, the problems
with the invertibility of the Hessian matrix in the Swopit estimator might signal that
either the sample is not large enough or the underlying DGP is not consistent with the

complicated Swopit process, and the simpler models should be estimated instead.

4.2 Effect of exclusion restrictions

To assess the effect of exclusion restrictions, the repeated samples in this set of experi-
ments are generated by the Swopit-z DGP under three different scenarios of the overlap
among the covariates in three latent equations: “no overlap” (each covariate belongs
only to one equation), “partial overlap” (each covariate belongs to two equations) and
“complete overlap” (all three equations have the same set of covariates). Under each
scenario, the samples are generated using the same number of observations per parame-
ter: 25 (with 225, 300 and 375 observations, respectively), 50 (with 450, 600 and 750
observations, respectively) and 75 observations per parameter (with 675, 900 and 1125
observations, respectively).

Three vectors of covariates vy, vo and vz are drawn once and held fixed in all repli-
cations as v; Normal(2,1), v Y Normal(0,1) and v = -1 if u < 0.3, v3 = 0 if 0.3
<u<0.7 or vy =1if 0.7 < u, where u i Uniform|0, 1]. The repeated samples are

generated as follows: under no overlap scenario — with X = vy, X;= vy, X3=v3, O
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= 0.6, 8, = 0.8, B3 = 0.9, u = (0.95, 1.45)", a; = (-1.22, 0.03)", a3 = (-0.03, 1.18)’,
and p; = p; = 0; under partial overlap scenario — with X =(vy,v,), Xi= (v,,v3),
X3= (v, v3), B = (0.6, 0.4), B, = (0.2, 0.3), B; = (0.3, 0.9), u = (0.9, 1.5), oy =
(-0.67, 0.36)', a3 = (0.02, 1.28)', and p; = p; = 0; and under complete overlap scenario
— with X = X;= X3= (v,,vy,Vv3), 8 = (0.6, 0.4, 0.8)", B, = (0.2, 0.8, 0.3)", B; = (0.4,
0.3,0.9), u = (0.85, 1.55)", a; = (-1.2, 0.07)", a5 = (1.28, 2.5)", and p, = p; = 0. The
samples are estimated using the exogenous Swopit-z model with the same specifications
of the latent equations as in the above DGPs.

The Monte Carlo results summarized in Table 2 suggest that the exclusion restrictions
are not necessary for the identification and consistent estimation of the Swopit-z model.
As the sample size grows, the biases and RMSE reduce, and the CP approaches the
nominal value both with and without exclusion restrictions. Not surprisingly, the more
exclusion restrictions, the more accurate the estimates — for example, without the
exclusion restrictions (under the complete overlap) the bias is 100% larger, and the s.e.

bias is 250% larger than in the case of no overlap among the covariates.

Table 2. Effect of exclusion restrictions on the performance of Swopit-z estimator

Number of observations per parameter: 25 50 75

The overlap among the covariaesin
the regi me and amount equations:

Bias of ME estimates
(=1 for "no overlap" with 25 obs/parameter)

RMSE of ME estimates

(=1 for "no overlap" with 25 obs/parameter)
Coverage probability of ME estimates,
% (at 95% level)

Bias of ME standard error estimates
(=1 for "no overlap" with 25 obs/parameter)

no overlap | partid overlap | complete overlap

1.0[15|16 0.4]0.8]0.7 0.3]0.6]0.6
1.0[1.1]1.2 0.7]0.8]0.8 0.6]0.6]0.6
930(92.0(92.1  935|93.7|934  94.2|94.1|935

1.0|1.4|25 0.9]0.8]2.2 04]06|14

4.3 Performance with endogenous explanatory variables

To analyze the finite sample performance of the CF Swopit-z estimator in the presence

of EEVs, the repeated samples in this set of experiments are generated according to

ri =x8+wiyte, t=1,2,...,T
rel(xe, W) = s if pg_q < rf|(xe, W) < pg, s =1,2,3
y:,t = X;,tﬁs + W;,t7s+5s,ta s=1,3
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Z/t|(X1t,W1,t77“t =) =jifa;; 1< yit|(xl,t7W1,t) <oy, J=1,2..,q
yl(re =2) =gq
Ye|(X3,0, W3, 7y = 3) = j if o351 < yg,t’(XS,taw&t) <azy,j=¢,9+1,..,J

%t = Zt(s—’—;t

S Y AU R T
Et 0 01
iid

with X =0, Xyj= X3= vy, Z = (v,,v3), V1 Y Normal(2,1), vo Y Normal(0,1), vi ~

Normal(0,1), v = (0.6, 0.4), v, = 0.5, 45 = 0.5, B, = 0.6, B = 0.6, p = (0.91, 1.49)’,

al = (-1.25, -0.04), a2 = (0.4, 1.25), A = (0.75, 0.75), A\ = A3 = 0.75, var(¥;) =
09 0

0 09/
There are two endogenous explanatory variables: the first one (instrumented by vy)

(0.36, 0.36), and & =

enters w; in the regime equation, the second one (instrumented by v3) enters w;, wy; and
wy; and belongs to all three equations. The only exogenous regressor v is included in
x1; and x3; in the outcome equations. The values of vy, v, and vz are drawn repeatedly
for each replication. The estimations are performed using the standard and CF Swopit-z

estimators.

Table 3. Performance of standard and CF Swopit-z estimators in the presense of en-
dogenous explanatory variables

. Sample size
Estimator

! 250 500 1000 2000
Bias of ME estimates Standard 109 106 105 104
(= 1for CF estimator with 250 observations) CF 1.0 0.5 0.3 0.1
RMSE of ME estimates Standard 18 16 14 13
(= 1 for CF estimator with 250 observations) CF 1.0 0.7 04 0.3
Coverage probability of ME estimates, Standard 61.7 48.9 41.8 39.0
% (at 95% level) CF 91.8 93.4 94.0 94.4
Bias of ME standard error estimates Standard 10 0.7 0.5 0.3
(= 1 for standard estimator with 250 observations) CF 2.6 14 1.0 0.7

In the first round of experiments, the repeated samples are generated with 250, 500,
1000 and 2000 observations. The Monte Carlo results demonstrate (see Table 3) that
the CF estimator is consistent and provides the reliable estimates in small samples: as
the sample size grows, the bias reduces by 90%; the RMSE and s.e. bias reduce by
70%:; and the CP moves from 91.8% to 94.4%, closer to the 95% nominal value. The

standard estimator that ignores the endogeneity performs much worse: the bias reduces

23



by 5% only; the RMSE reduces by 30% only; the s.e. bias reduces by 70%; and the CP
moves from 61.7% to 39.0%, away from the nominal level. The relative performance of
the standard estimator with respect to the CF one worsens as the sample size grows:
with 250 observations, its bias is eleven times as large as the bias of the CF estimator,
whereas with 2000 observations, it is hundred times as large. The s.e. bias of the
standard estimator is only twice as small as that of the CF one.

In the second round of experiments, the repeated samples are generated with 1000
observations but with the various degree of endogeneity strength (measured by the values
of A, A\; and )3). The simulations show (see Table 4) that as endogeneity becomes
stronger, the performance of the CF estimator decreases but not sharply: the bias grows
by 10%; the RMSE grows by 20%; the s.e. bias is affected more severe — it increases by
170%; consequently, the CP slowly moves from 94.5% to 93.7%, away from the nominal
value. The performance of the standard Swopit estimator deteriorates much severe: the
bias almost doubles; the RMSE increases by 80%; the CP stays around 40%; the s.e.
bias, however, remains low. The relative performance of the standard estimator with
respect to the CF one worsens as the endogeneity strengthens: when it is weak (strong)
the bias is 29 (51) times as large as the bias of the CF estimator.

Table 4. Effect of endogeneity strength on the performance of standard and CF Swopit-z
estimators

The strength of endogeneity (thevaluesof 1 =4"=21")

Estimator

0.10 0.25 0.50 0.75 0.90
Bias of ME estimates Sandard 294 31.9 39.3 49.1 574
(=1 for CF estimator with4 = 0.1) CF 1.0 1.0 1.0 12 11
RMSE of ME estimaes Standard 2.3 25 29 3.6 4.2
(=1for CF estimator with4 =0.1) CF 1.0 1.0 1.0 1.1 1.2
Coverage probability of ME Standard 43.6 39.9 37.4 41.8 43.7
estimates, % (at 95% level) CF 94.5 94.5 94.4 94.0 93.7
Bias of ME standard error estimates  Standard 1.0 1.0 0.8 11 0.9
(=1 for standard estimator with A = 0.1) CF 1.3 1.2 1.7 25 35

In the third round of experiments, the repeated samples are generated with 1000
observations but with the various degree of instruments’ strength (measured by the
values of d). The simulations suggest (see Table 5) that as the instruments become
stronger, the performance of the CF estimator improves sharply: the bias reduces by
94%; the RMSE reduces by 87%; the s.e. bias decreases by 84%; and the CP moves from
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79% to 94%, closer to the nominal value. The performance of the standard estimator
also improves but not so sharply — the CP changes from 29% to 42% only, and its
relative performance with respect to the CF estimator worsens significantly: with weak
(strong) instruments the bias is 8 (40) times as large as the bias of the CF estimator,
the RMSE is larger by 37% (220%), and the s.e. bias is smaller by 328% (122%).

Table 5. Effect of the strength of instruments on the performance of standard and CF
Swopit-z estimators

The strength of instruments (the values of & ;; =& ,, )

Estimator

0.10 0.25 0.50 0.75 0.90
Bias of ME estimates Standard 8.2 7.1 4.6 3.0 24
(=1 for CF estimator withé =0.1) CF 1.0 0.2 0.07 0.05 0.06
RMSE of ME estimates Standard 14 12 0.8 05 0.4
(=1for CF estimator withd =0.1) CF 1.0 04 0.2 0.14 0.13
Coverage probability of ME Standard 29.0 355 37.0 385 41.8
estimates, % (at 95% level) CF 79.3 90.9 93.1 93.9 94.0
Bias of ME standard error estimates ~ Standard 10 0.5 0.4 0.4 0.3
(= 1 for standard estimator with § = 0.1) CF 4.3 1.0 1.0 0.8 0.7

5 Empirical application

I applied the OP, MIOP and Swopit models to predict the next FOMC decision on the
target during the Greenspan era, provide the out-of-sample forecast for the Bernanke era,
compare the in- and out-of-sample performance of the competing models, compare the
fit of the Swopit model and the discrete-choice models for the target from the literature,

and address the problem of EEVs using the CF estimator.

5.1 FOMC decisions as sample observations

The FOMC makes interest rate decisions either at prescheduled meetings eight times
per year or occasionally at unscheduled meetings and by the discretion of the chairman
during intermeeting periods. Neither quarterly nor monthly interval matches a natural
FOMC decision-making cycle. Modeling relationship between monthly or quarterly av-
erages of the federal funds rate and economic variables can be subject to a problem
of reverse causation, especially if financial market data are included. The Fed closely
monitors daily market interest rates; on the other hand, market rates respond immedi-

ately to any Fed action. The identification of policy rules using aggregated (monthly
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or quarterly) financial market data is not plausible. I instead use all FOMC decisions
(scheduled and unscheduled) on the target as sample observations, and estimate Fed
response to recent economic and daily financial data truly available right before each
FOMC decision, using the vintages of real-time data that do not include subsequent
revisions.

The dates of FOMC decisions, the sizes of target changes, and the values of dependent
variable g, are reported in Table 14 of Appendix D. I use the chronology of FOMC
decisions from the Fed’s Board of Governors, available from ALFRED'? and derived
from Thornton (2005) prior to 1994 and from FOMC meeting transcripts and statements
after 1994. I made the following consolidations of target changes: (i) two hikes by 37.5
basis points (bp) and 12.5 bp made on September 3™ and 4", 1987, respectively, are
merged into a single 50 bp hike; (ii) no change on September 22°¢, 1987 and 6.25 bp hike
on September 24" 1987 are merged into a single 6.25 bp hike; (iii) two hikes by 6.25
bp and 37.5 bp made on August 8" and 9**, 1988, respectively, are merged into a single
43.75 bp hike; and (iv) two hikes by 6.25 bp and 18.75 bp made on November 17" and
22741988, respectively, are merged into a single 25 bp hike. The sample consists of 190
observations during the 7/1987-1/2006 period under the Greenspan chairmanship.'?

Prior to October 1989 the Fed often changed the target in multiples of 6.25 bp,
but later on the changes have been always made in multiples of 25 bp. The sample

frequencies of original target changes are as follows:

Change, bp -50 -31.25 -25 -18.75 -12.5 0 6.25
Frequency 13 1 30 1 1 99 3

Change, bp 12.5 18.75 25 31.25 43.75 50 75
Frequency 2 3 27 2 2 ) 1

I classified these 190 observations into the following five categories of the dependent

variable y;:

UYg large cut small cut no change small hike large hike

Frequency 14 32 102 32 10

where “large hike/cut” is an increase/decrease more than 25 bp, “small hike/cut” is an
increase/decrease 25 bp or less but more than 6.25 bp, and “no change” is either no

change or a change no more than 6.25 bp.!?

1OALFRED, Archival. Federal Reserve Economic Data, is a collection of vintage versions of U.S.
economic data, compiled by the Federal Reserve Bank of St. Louis (https://alfred.stlouisfed.org/).

'With an exception for the first observation in the sample — the FOMC meeting on July 7", 1987
under the Volcker chairmanship.

12The estimations results are robust to the alternative classification: “large hike/cut” is an in-
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5.2 Data and model specification

A detailed list of candidate explanatory variables I tried is reported in Table 15 of Ap-
pendix D. The list includes various measures of inflation, output, employment, monetary
aggregates, interest rates, exchange rates, and other indicators of economic activity that
could influence FOMC decisions and actively monitored by the Fed according to the
minutes and transcripts of FOMC meetings. For quarterly and monthly variables, I
used the real-time data from the latest release available right before the FOMC makes
its decision. For daily variables, I used information available by the end of the previous
day. The preferred specification includes the following four variables:

(1) spread, — the difference between the one-year treasury constant maturity rate
and effective federal funds rate, five-business-day moving average. The studies that
model target changes using discrete choice approach report that the Taylor-rule variables
(such as inflation and output gap) do not provide the best forecasting performance.
Piazzesi (2005) finds that the two-year yield describes Fed policy better than the Taylor
rules because: (i) yield data summarize the market anticipations of future target moves;
(ii) these market anticipations are based on a wide spectrum of information, not just
on a couple of variables; and (iii) yield data are available at higher frequencies and
are less affected by measurement errors than macroeconomic variables. Hamilton and
Jorda (2002), Kauppi (2012) and Van den Hauwe, Paap and van Dijk (2013) report that
despite an extensive literature relating Fed policy to such macroeconomic variables as
inflation, output gap, capacity utilization, the spread between the six-month Treasury
bill and federal funds rate appears to be by far the most important predictor of the target
changes. The term spread can be seen as a low-dimension market-based precursor of
future inflation and economic activity (Mishkin (1990), Bernanke (1990), Estrella and
Hardouvelis (1991), Frankel and Lown (1994), Estrella and Mishkin (1998)). Bikbov
and Chernov (2013) argue that monetary policy regimes may not be estimated precisely
if one uses information from the short interest rate only. The real-time data on spread,
are retrieved from ALFRED.

(2) tight;—1 and (3) ease;—; — the two binary indicators derived from the “policy
bias” statement or “balance-of-risks” assessment at the previous FOMC meeting. During
the 1983-1999 period at each meeting the FOMC issued a statement in its domestic
policy directive about its expectations for changes in the stance of monetary policy in
the nearest future. The directive was symmetric if it is stated that a tightening or
an easing of policy were equally likely; otherwise, the directive was asymmetric toward

either a tightening or an easing (see Thornton and Wheelock (2000) for the history of the

crease/decrease more than 25 bp, “small hike/cut” is an increase/decrease 25 bp or less, and “no
change” is no change.
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policy directive). Since 2000, the policy directive was replaced by FOMC assessment of
the balance of risks between heightened inflation pressure and economic weakness over
the foreseeable future; and since 2003, the FOMC issued separate risk assessments for
both inflation and economic growth. The balance-of-risks assessment indicates FOMC
evaluation of whether the risks for the economy are biased towards an economic slowdown
(easing bias), towards higher inflationary pressure (tightening bias) or whether the both
risks are balanced (symmetrical assessment). As the earlier policy bias directive, the
balance-of-risks statement has persistently been interpreted as an indicator of the likely
future policy actions. Lapp and Pearce (2000) and Pakko (2005) report that these FOMC
statements have predictive power for the next decisions on the target. I classified the
policy bias and balance-of-risks statements as “easing”, “symmetrical” or “tightening”
and constructed two indicator variables: tight; | that takes value one if the statement at
the previous FOMC meeting was tightening, and zero otherwise; and ease; ; that takes
value one if the statement was easing, and zero otherwise. The indicators are derived
from FOMC statements and minutes.'3

(4) house; — the total number of new privately owned housing units started —
a critical leading indicator of economic strength, actively monitored by the Fed and
frequently mentioned in FOMC statements. The real-time data on housing starts are
retrieved from ALFRED and the Philadelphia Fed’s real-time data set.'*

The values of employed variables are shown in Table 14 of Appendix D. Sample
descriptive statistics are reported in Table 16 of Appendix D. All variables are stationary
at the 0.01 significance level according to the augmented Dickey-Fuller unit root test as
documented in Table 17 of Appendix D.

5.3 Estimation results

Table 6 reports the estimates of the exogenous Swopit-z parameters. The regime equa-
tion contains all four above variables. The outcome equations contain tight; ; and
spread; in the hawkish regime, and ease; 1 and spread,; in the dovish regime. I did not
impose any exclusion restrictions a priori. The exclusions are completely data-driven:
those variables, coefficients on which are not significantly different from zero at the
0.05 level, are excluded from the final specification (with an exception of ease;_; in the
outcome equation under the dovish regime). The estimation results without exclusion
restrictions are reported in Table 18 of Appendix D. Among 190 FOMC actions during

almost twenty years, the Swopit-z model correctly predicts 134 decisions (in terms of

Bhttps:/ /www.federalreserve.gov/monetarypolicy /fomc__historical.htm
Yhttps://www.philadelphiafed.org/research-and-data/real-time-center /real-time-data,/
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five choices) with the 8.2 bp mean absolute error (MAE) and 71% hit rate. In terms of
three policy choices (up, no change, down) the hit rate is 78%. The model never wrongly

predicts the direction of change.

Table 6. Modeling changes to federal funds rate target: the estimates of the exogenous
Swopit-z model parameters

Outcome equations

Variables Regime equation

Dovish regime Hawkish regime
tight 1.1 1.77 (0.37)*** 2.44 (0.91)***
easer -2.74 (0.73)*** -0.34 (0.34)
spread; 2.01(0.37)*** 0.99 (0.29)*** 1.67 (0.72)**
houset 5.21 (0.97)***
threshold ; 7.09 (1.56)*** -152 (0.34)*** -2.33(5.49)
threshold » 9.95 (1.64)*** -0.22 (0.34) 3.18 (1.00)***

Notes. Sample period: 7/1987-1/2006 (190 observations). ***/**/* denote the statistical significance
at the 1/5/10 percent level. The asymptotic standard errors are shown in parentheses. The explanatory

variables are defined in Section 5.2.

5.4 Comparison of alternative models

Table 7 compares the in-sample fit of the Swopit-z and Swopit-r models (estimated with
exogenous switching and the same specifications of covariates), the standard OP model
(estimated with all explanatory variables in the Swopit models), and the MIOP model
(in which its both equations include all covariates from the Swopit models).!> The OP
model, as a natural starting point for discrete-choice modeling of monetary policy, is
used in many studies (Vanderhart (2000), Dolado, Maria-Dolores and Naveira (2005),
Gerlach (2007), among others). The MIOP model is applied in Brooks, Harris and
Spencer (2012) to the policy rate of Bank of England.

For the 7/1987-1/2006 period, according to the Akaike (AIC) and Bayesian (BIC)
information criteria and the Vuong test (at the 0.01 significance level), the Swopit-z
model is superior to the OP and MIOP models, and also preferred to the Swopit-r model
by the AIC and BIC. The empirical rejection of the MIOP model in favor of the Swopit-z
model implies that the impacts of explanatory variables on the outcome decisions are

asymmetric; hence, combining these two distinct decisions into one branch of the decision

15The OP and MIOP estimation results are shown in Table 19 of Appendix D. The Swopit-r results
are shown in Table 20 of Appendix D.
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tree, as implemented in the MIOP model, may seriously distort an inference. The Swopit-
z model has the best hit rate, MAE and adjusted noise-to-signal ratios, especially for
status quo outcomes. The OP and MOP models predict more zeros (130 and 121) than
the Swopit model (119), but they correctly predict only 88 and 87 zeros, respectively,
whereas the Swopit-z model correctly predicts 90 zeros. The Swopit-r model with 18
parameters has the identical measures of fit as the Swopit-z model with 14 parameters
and delivers insignificant increase in the likelihood. Indeed, the estimates of common 14
parameters in both models are similar, and the four extra threshold parameters in the
Swopit-r model have a little effect on the fit. The parsimonious Swopit-z model suffices
to capture the regime-switching behavior of the Fed, and seems to be comprehensive
enough to characterize the conduct of monetary policy during the Greenspan era. The
three regimes can be naturally interpreted as latent monetary policy stances (dovish,

neutral, or hawkish).

Table 7. Comparison of competing models: the Swopit-z model is favoured by the data

Model: OoP MIOP Swopit-z Swopit-r
Log likelihood -159.5 -149.8 -139.1 -137.5
AIC 335.0 325.6 306.2 311.0
BIC 361.0 367.8 351.6 369.5
Vuong test versus OP model -2.26%* -4 Q1% ** -4.38***
Vuong test versus M1OP model -2.46*** -2.40% **
Hit rate (interms of 5 choices) 0.64 0.66 0.71 0.71
MAE, bp 104 10.0 8.2 8.2
Adj. noise-to-signd ratio for cuts 0.10 0.11 0.10 0.10
Adj. noise-to-signd ratio for no changes 0.55 0.45 0.37 0.37
Adj. noise-to-signd ratio for hikes 0.08 0.05 0.03 0.03

Notes. Sample period: 7/1987-1/2006. ***/**/* denote the statistical significance at the 1/5/10
percent level. Hit rate is the percentage of correct predictions among five choices, where the predicted
choice is that with the highest probability. MAE is the mean absolute difference between the observed
change and expected change, computed as Zj jPr(Ays = jlx¢, x;,x;7). Adjusted noise-to-signal ratio
(Kaminsky and Reinhart (1999)), is defined as [B/(B+D)]/[A/(A+C)], where A denotes the event
that the decision is predicted and occurred, B denotes the event that the decision is predicted but not
occurred, C denotes the event that the decision is not predicted but occurred, and D denotes the event

that the decision is not predicted and not occurred.

In the past literature, two or three regimes are usually considered enough to charac-
terize monetary policy switching even for longer time spans. It seems that in this em-

pirical application with only 190 observations in the sample, the Swopit-z and Swopit-r
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models with exogenous switching is the most that available data can bear without seri-
ous computational problems and substantial small-sample biases. The estimation of the
endogenous Swopit-z model that has 16 parameters and the unrestricted three-regime
Swopit model that has 27 parameters experience problems with convergence and invert-
ibility of the Hessian matrix, because in small samples their likelihood functions at the
maximum can be flat for an infinitely wide range of parameters’ values.'¢

How good is the fit of the Swopit model in comparison with the fit of other discrete-
choice models for target changes in the literature? Hu and Philips (2004) and Piazzesi
(2005) model the target changes (in terms of three choices: up, no change, down) made
only at the scheduled FOMC meetings in the 2/1994-12/2001 and 2/1994-12/1998 pe-
riods with 64 and 40 observations in the samples, respectively. Though the Swopit-z
model is estimated over the far longer 1987-2006 period with much larger sample size
(190 observations), it has slightly better overall hit rate of 78% (in terms of three choices)

and outperforms the competitors in terms of the adjusted noise-to-signal ratios.

Table 8. Comparison with Hu and Phillips (2004) and Piazzesi (2005): the Swopit-z
model is favoured by the data

Model (the number of observations inthe sample)

Hu and Piazzesi Swopit-z Hu and Piazzesi Swopit-z

Phillips (40 obs) model Phillips (40 obs) model

(64 obs) (114 obs) (64 obs) (114 obs)
Actuad outcome Hit rate Adjusted noise-to-signd ratio
Decrease 0.69 0.00 0.84 0.08 na 0.03
No change 0.90 0.93 0.91 0.45 0.72 0.14
Increase 0.50 0.57 0.89 0.04 0.11 0.05
All 0.78 0.75 0.89

I re-estimated the Swopit model for a shorter period from 11/1992 to 1/2006 with
114 observations, still much more than in Hu and Philips (2004) and Piazzesi (2005).
I omitted the first 76 observations from 7/1987 to 10/1992, among which there are 33
decisions made at the unscheduled FOMC meetings and teleconferences; such intermeet-

ing FOMC decisions are more difficult to predict (among 114 decisions from 11/1992 to

16The estimation of the endogenous Swopit-z model for a larger sample with 281 observations for
the 7/1987-12/2016 period converges but the covariance of the parameters still fails to invert. The
estimation results for both exogenous and endogenous Swopit-z models for this period are reported
in Tables 21 and 22 of Appendix D. The rise in the likelihood of the endogenous Swopit-z model is
significant according to the LR test at the 0.01 level. The endogenous switching is preferred by the
AIC, while the BIC prefers the exogenous switching.
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1/2006 there are seven intermeeting decisions only). As Table 8 reports, the Swopit-z
model demonstrates much higher overall hit rate (89% versus 78% and 75% in Hu and
Philips (2004) and Piazzesi (2005), respectively), much higher hit rate for cuts (84%
versus 69% and 0%, respectively) with better noise-to-signal ratio, much higher hit rate
for hikes (89% versus 50% and 57%, respectively) with similar or better noise-to-signal
ratio, and similar hit rate for no changes (but with much better noise-to-signal ratio
of 0.14 versus 0.45 and 0.72, respectively). The models in Hu and Philips (2004) and
Piazzesi (2005) predict too many zeros, and many of these predictions are wrong. The
Swopit model overcomes this typical shortcoming of discrete choice models, which tend

to overfit the most popular choice.
5.4.1 Out-of-sample forecasting performance

Figure 3. Out-of-sample forecast for the Bernanke era (68 steps ahead): the Swopit-z
model correctly predicts 91 percent of FOMC decisions

O Actual and x predicted changes to the federal funds rate target, bp
25 @B X~

Sl 1 1

T ] 1 LLLLLLLLLL

e - Dovish regime

Dec-06 Dec-07 Dec-08 Dec-09 Dec-10 Dec-11 Dec-12 Dec-13
Dates of FOMC decisions

Notes. The 68-step ahead forecast for the 3/2006-12/2014 period is obtained from the Swopit-z model
estimated for the 7/1897-1/2006 period (see Table 6).

How well does the Swopit model, estimated for the Greenspan era, forecast out of sam-
ple? Figure 3 shows the actual and predicted target changes as well as the predicted
probabilities of latent regimes for the next 68 decisions (without rolling re-estimations),
made during the 3/2006-12/2014 period under the Bernanke chairmanship. The Swopit-
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z model correctly predicts all three hikes, seven out of ten cuts, and 49 out of 51 status
quo decisions.

Table 9 compares the out-of-sample forecasting performance of the competing models.
The Swopit-z model correctly predicts 91% of the decisions (in terms of five choices) and
clearly outperforms the OP (29%) and MIOP (78%) models. The MAE of the forecast
in the OP and MIOP models are, respectively, six times and two times as large as in
the Swopit-z model. If we compare the forecasts only for the first 27 decisions before
the onset of the zero-lower-bound (ZLB) period in December 2008, the Swopit-z model
also has the best hit rate of 78%, whereas the OP and MIOP models correctly predict
74% and 48% of the policy decisions, respectively. Among the next 41 decisions after
December 2008 during the ZLB period (all of them were status quo outcomes), the
Swopit-z and MIOP models correctly predict 100% and 98% of them, respectively, while
the OP model makes no correct predictions (it predicts 41 cuts). According to the
Swopit-z forecast, the status quo decisions in the 8/2006-8/2007 period are either the
“hawkish” or “neutral” zeros, while since 1/2009 the zeros are generated exclusively by
the dovish regime. The Swopit-z model predicts that the probability of a dovish regime
is close to one during the entire 10/2007—-12/2014 period; nevertheless, it predicts no cuts

during the ZLB period when there was actually no scope for reducing target further.

Table 9. Comparison with the OP and MIOP models: the Swopit-z model provides the
best out-of-sample forecast for the Bernanke era (68 steps ahead)

Model: oP MIOP Swopit-z
Hit rate (interms of 5 choices) 0.29 0.78 0.91
MAE, basis points 195 7.0 3.3

Notes. The 68-step ahead forecasts for the 3/2006-12/2014 period are obtained from the models esti-
mated for the 7/1897-1/2006 period.

5.5 Surmounting the endogeneity problem

The model is cast in a predictive format. If our interest is not in forecasting per se
but rather in estimating Fed reaction to economic and financial developments, we must
pay attention to possible correlation between the regressors and monetary policy shocks

in order to avoid a bias in the estimates.!” Although the model predicts the next Fed

17See de Vries and Li (2014) for a discussion of the problem of endogeneity and an assessment of the
magnitude of the bias in the conventional estimates of linear monetary policy rules; see also Kim (2004)
for endogeneity problem in the estimation of a forward-looking linear reaction function of the Fed with
an unknown break date.
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decision using the predetermined values of explanatory variables as they were known
prior to each FOMC meeting (so there is no reverse causal effect from the shocks to
the regressors), we however should worry about the possible endogeneity problem for
two reasons. First, the FOMC policy bias directives or balance-of-risks assessments
may contain internal Fed information about monetary shock at the next policy meeting;
hence, the variables tight; ; and ease; ; may be endogenous to the shocks. Second,
according to the efficient market hypothesis, the market participants use all available
information to predict the upcoming policy actions, and the market interest rates may
move in anticipation of FOMC decisions; thus, the variable spread; may be endogenous.

To overcome the possible endogeneity problem, I apply the CF estimation approach
that introduces residuals from the reduced form for the endogenous regressors into the
structural equation as controls for endogeneity. These residuals are presumably those
components of the endogenous variables that are attributable to the unobserved mone-
tary policy shocks. The estimation of these residuals raises a host of issues (such as the
lack, validity and strength of the instruments)!® that we can avoid in this application by
computing instead the market-based proxies for monetary shocks in order to use them
as controls for endogeneity.

Cochrane and Piazzesi (2002) point out that monetary shocks derived from daily
interest rate data are nearly the ideal measures of unanticipated changes to the target.
Financial markets can flexibly employ the boundless spectrum of information in order
to predict Fed decisions, surmounting the omitted-variable and time-varying-parameter
problems common in econometric estimations. Krueger and Kuttner (1996) document
that the federal funds futures rates provide the efficient forecasts of funds rate changes.
Giirkaynak, Sack and Swanson (2007) report that the federal funds futures dominate
the other securities in forecasting monetary policy at horizons up to six months.

Measuring monetary policy shocks.

I estimate monetary policy shocks as surprises, that is as FOMC decisions on the
target unanticipated by the market. Following Kuttner (2001), the one-day surprises
are measured by market reaction to FOMC actions using the change in the implied rate

of current-month federal funds futures on the day of policy action:

18 As Sims and Zha (2006) point out, identification in instrumental variable model is based on claiming
that a list of instrumental variables is available to control for the endogeneity of explanatory variables,
but these instruments are available only because of a claim that we know a priori that they do not
belong directly to the central bank reaction function and can affect monetary policy only through their
effects on the future values of regressors. However, it seems inherently implausable that, for instance,
the central bank response to an expected future 3-percent inflation rate does not depend on whether
the past inflation rate was 1.5 percent or 6 percent.
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surprise; = — 7_(fT — fro1), (6)

where 7 is the day of month when the policy action became known to market participants,
n is the number of days in the current month, f. and f,_; are the current-month futures
rate on the day of policy action and on the day prior to policy action, respectively. The
futures rate is computed as 100 minus the contract’s settlement price. The contracts,
known as “30 day federal funds futures”, are traded on the Chicago Mercantile Exchange.
Each contract is for interest on federal funds for one month calculated on a 30-day basis
at a rate equal to the average overnight effective federal funds rate for the contract
month. The data are retrieved from Quandl.'® The first multiplier is a scaling factor
that accounts for the number of remaining days in the month affected by a policy action.
If a policy action occurs on the first day of the month, the one-month futures rate on
the last day of the previous month is subtracted from the current-month futures rate
on the first day of the current month. If an FOMC decision comes on one of the last
three days of the month, the unscaled difference in the one-month futures rates is used
instead, following Bernanke and Kuttner (2005).

The timing of Fed actions (the dates when the market participants became aware
of them) is crucial for measuring monetary policy surprises. The effective dates of Fed
actions and the estimated monetary policy shocks are reported in Table 14 of Appendix
D. The employed chronology is taken from the Board of Governors of the Fed (via
ALFRED) with several adjustments suggested by Kuttner (2001, 2003) on the basis of
the analysis of market reaction.?’

The CF estimates of the Swopit-z model

The exogeneity of estimated monetary policy shocks is first tested by regressing them
on all explanatory variables. The null hypothesis of exogeneity is rejected (the p-value
of F-test is 0.0000). Table 10 reports the second-step CF estimates of the Swopit-z
parameters with monetary policy surprises included as controls for endogeneity in all
three equations. The usual ¢ statistics for the coefficients on monetary policy surprises
from the second step of CF estimation procedure can also be used to test exogeneity.
The coefficients on surprise; are significant at the 0.001 level in each equation. The
null of exogeneity is rejected again.?! The inclusion of surprise, substantially improves
the model fit: the log likelihood increases from -139.1 to -104.3, the hit rate rises from

Yhttps://www.quandl.com

20See notes to Table 14 of Appendix D for the details.

2! Evidence in favor of endo/exogeneity should be interpreted conditional on the correct model spec-
ification.
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0.71 to 0.79, and the MAE decreases from 8.2 bp to 5.5 bp. The CF Swopit-z model is
clearly preferred to the standard Swopit-z model by the AIC and BIC.

The endogeneity of explanatory variables causes a severe bias in the standard esti-
mates of the Swopit-z model. The null hypothesis that the parameters in the standard
and CF Swopit-z models do not differ jointly is rejected by the LR test (the p-value is
0.0000); the slope parameters in two models do also differ jointly (the p-value is 0.0000).
Individually, only three slope parameters differ in two models at the 0.001 significance
level: the coefficients on spread; and house; in the regime equation and on spread; in
the output equation under the hawkish regime. The other slope parameters are not

individually different from their counterparts at the 0.10 significance level.

Table 10. Endogeneity does matter: the CF estimates of the Swopit-z model parameters

Output equations

Variables Regime equation
Dovish regime Hawkish regime
tight 1 2.03 (0.46)*** 256 (1.23)**
easer -4.04 (L.44)*** -0.14 (0.38)
spread 2.90 (0.59)*** 1.36 (0.33)*** 0.46 (0.75)
house; 5.44 (1.22)***
surpriset 13.45 (3.98)*** 8.68 (1.66)*** 22.00 (7.02)***
threshold ; 7.17 (2.04)*** -2.48 (0.46)*** -2.21(1.35)
threshold » 10.56 (2.11)*** -0.61 (0.38) 3.60 (1.37)***
Log likelihood AIC BIC Hit rate
-104.3 242.7 297.9 0.79

Notes. Sample period: 7/1987-1/2006 (190 observations). ***/**/* denote the statistical significance

at the 1/5/10 percent level. The asymptotic standard errors are shown in parentheses.

The null hypothesis that the policy reactions are symmetrical (that is, the CF Swopit-
z coefficients on spread; are equal and coefficients on tight; ; and ease; 1 have the same
absolute value but opposite signs in the dovish and hawkish regimes) is rejected by
the LR-test (the p-value is 0.003). The CF Swopit-z model is also preferred to the CF
MIOP and CF OP models by the AIC and BIC, and the Vuong test (the p-values are
0.007 and 0.000, respectively). The CF estimates of the MEs of the covariates on choice
probabilities can differ significantly in the OP, MIOP and Swopit models. For example,
as Table 11 shows, the ME of ease;_; on the probability of no change in the Swopit-z
model is -0.23. It means that if the policy bias directive at the last FOMC meeting

changes from “symmetrical” to “easing”, the probability of no change reduces by 0.23
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(holding all other covariates at their sample medians). In the OP and MIOP models,
the ME estimates are five times as small as in the Swopit-z model, and statistically

insignificant even at the 0.2 level.

Table 11. The marginal effects of the covariates on choice probabilities can differ signif-
icantly in the competing models

Model oP MIOP Swopit-z
ME of easer1 onPr(y:=0) -0.05 (0.04) -0.04 (0.04) -0.23 (0.09)***

Notes. Sample period: 7/1987-1/2006 (190 observations). ***/**/* denote the statistical significance
at the 1/5/10 percent level. The MEs are computed using CF estimators and fixing the other variables

at their sample median values.

Figure 4. Estimated probabilities of latent regimes and actual FOMC decisions during
the Greenspan era

Estimated probabilities of latent regimes
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Notes. Sample period: 7/1987-1/2006 (190 observations). The estimates are obtained from the CF
Swopit-z model (Table 10).
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Figure 4 shows the estimated probabilities of latent policy regimes for each FOMC
decision in the Greenspan era. The average probabilities of the hawkish, neutral and
dovish regimes are 0.23, 0.35 and 0.42, whereas the observed frequencies of hikes, zeros
and cuts are 0.22, 0.54 and 0.24, respectively. On average, the ratio of the probability
of no change conditional on the neutral regime to the unconditional probability of no
change Pr(y; = 0|r; = 0)/ Pr(y; = 0) is 0.66. It means that only about two thirds of zeros
are the neutral zeros; one third of zeros are generated in either dovish or hawkish policy
regime. It turns out that one third of all outcomes in the dovish and hawkish regimes
are zeros — the outcome decisions tend to leave the rate unchanged by weakening the
tightening and easing policy inclinations.

Figure 5 illustrates the correspondence of latent regimes to the contractionary, main-
taining and easing policy periods shown in Figure 2. The profiles of regime probabilities
differ considerably. Monetary policy decisions in the contractionary/maintaining/easing
periods are dominated by the hawkish/neutral/dovish regimes, respectively; however,
in the maintaining periods one third of status quo outcomes are the dovish or hawkish

Zeros.

Figure 5. Average probabilities of latent regimes in different policy periods
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Maintaining e T S T I . i neutral
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0.4 0.6 0.8 1.0

Notes. Sample period: 7/1987-1/2006 (190 observations). The estimates are obtained from the CF
Swopit-z model (Table 10). The policy periods are shown in Figure 2.

Concluding remarks

Data measured on an ordinal scale are frequently encountered in many fields and can
be generated by a heterogeneous process. In the cross-sectional context, the data can
be generated by different unobserved groups (latent segments) of the population; in the
time-series context — by different unobserved states (latent regimes). These issues are
well recognized and adequately addressed by various switching regression techniques de-
veloped for continuous outcomes, with either exogenous or endogenous switching among

two or more known or unknown regimes. For ordered categorical responses, the regime
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switching approach is less developed and mostly limited to binary outcomes, two regimes,
exogenous switching, known sample separation and exogenous regressors.

This study fills a gap in the literature with methodological contribution of new tools
for analyzing ordered-choice models with endogenous switching among N latent regimes
and with endogenous regressors. Different aspects of the methodology are illustrated
through the Monte Carlo experiments and empirical application to the federal funds rate
target. The simulations and empirical results make it clear that the regime switching
and the endogeneity of explanatory variables do matter and can cause a severe bias in the
estimates of monetary policy rules. The proposed model overwhelmingly outperforms
the existing ordered-choice models both in- and out-of sample.

The flexible multi-part structure of the proposed model is also able to overcome
some typical shortcomings of the conventional single-regime ordered-choice models. The
new model allows a certain variable to have the same sign of the marginal effect on the
probabilities of both the largest and smallest categories, and also allows the sign of the
marginal effect to change more than once when moving from the smallest category to
the largest one. In the conventional models, the marginal effects on the probabilities of
the outcomes at the opposite ends of the ordered scale always have the opposite sign,
and the sign of the marginal effect can only change once when moving from the smallest
category to the largest one. The new model also overcomes another typical shortcoming
of single-equation models, which tend to overfit the most popular choice.

The new method can be used to more adequately represent monetary policy rules of
many central banks, can be embedded in multivariate macroeconomic models to better
understand the monetary policy effects, and can be fruitfully applied to various ordinal

data with an unobserved sample separation or a regime switching environment.
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Appendix A. The Swopit models with exogenous regime
switching

If p, = 0,Vs then € and e, are mutually independent and regime switching is exogenous.
Assuming that € and e, are iid with standard normal CDF &, the probabilities of the
outcome j with exogenous switching are given as follows.

The exogenous N-regime Swopit model

N
Pr(yt = j|Xt, Xl,t7 Xg’t, ey XN,t) = Z Pr(rt = S|Xt) Pr(yt = j’Xs,t, Tt = S)
)
N
= 2 @ (s — x1B) — @(ps—y — xiB)][ @05 — x11B,) — Plesj1 — x,8,)]} -

s=1
These probabilities can be computed as
Pr(y: = 1|x¢, X14, X0ty oo, Xnp) = @(p — x38) (a1 — x’u,Bl)
3 [0, X48) — B,y —X1B)] By — X4,
+ [1 = @y — xiB)] Pl — X By);
Pr(y: = jlxi, X1 Xo 5 - X)) = (0 —x;8) [ (0 —x) ,By) — Pl j-1—x7 4 8,)]

N-1

+ 5222 {[®(1s —xi8) — ®(p1s_y — x18)] [P0y — %,8,) — Plasj—1 — xL,6,)]}

+[1=P(uy_y —x1B8)] [@(an,; — Xy, By) — Plan;1 — Xy, By)] for2 <j < J—1;
Pr(y: = J[x¢, X16, X2t -, Xnt) = Py — x;8)[1 — P(a1, 71 — Xll,t/Bl)]

3 { (000~ X8) — Bl — X)) (0 — X,i8,) — Blaress X, 8]}

+ (1= P(uy_y —x8)] [1 - 2(ans1 — Xy, By)]-
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The exogenous Swopit-r model

Pr(yt = j|Xt, X1,ts Xs,t)
= > Pr(ry = s|x) Pr(y, = j|xs0, 7 = 5) + Lj—g Pr(r, = 2|x;)
3

s=1,

= 3 A{l®(n, = x1B) = @iy — x1B)][®(vs; — X[ ,B,) — Blavsj1 — %, B,)]}

1,3

L@ (s — %8) — By — x8)]

(8)

These probabilities can be computed as

Pr(yt = 1|Xt,X1,t,X3,t)
= ®(py — X;ﬁ)q)<al,l - Xll,tﬁl) +[1 = ®(py — x;3)] q)(a&l - Xg,tﬁ?));

Pr(y; = jlx¢, X1, X3,¢) = (g — xi8)[P(1; — X7 ,B1) — ®(a1,5-1 — X ,6)]
+Ij:q[¢(ﬂ2 - Xéﬂ) - CD(M - Xgﬁ)]
+[1 = @y — xiB)] [P(as,; — x5,85) — Pz j-1 — x3,85)] for 2< j < J— 14

Prye = Jxe, X14,%34) = ®(py — xi8)[1 — (01,51 — X1,8)]
+ 1= @(py — xiB)][1 — P(v3.7-1 — x3,6)]-
The exogenous Swopit-z model

Pr(y, = jlxe; X1, X34) = Lj<q Pr(ry = 1]x) Pr(y = jlxss,me = 1)
+1—q Pr(ry = 2|x;) + Ij>q Pr(ry = 3|x¢) Pr(y, = j|xs, 7 = 3)
= Licg {® (1, = x1B)[@(1,; — X1,81) — P ;1 — X1,8))]} (9)
+Ij:q[q)(ﬂ2 —x18) — ®(py — x;8)]
g {[1 = D(py — xiB)][®(0s; — x5,85) — P(as;—1 — X5,83)]} -

These probabilities can be computed as

Pr(y, = 1]x;, X1, X3,¢) = ®(py — x,8)P (11 — X/1,t/31)§

Pr(y, = jlx¢, X1, %X34) = Li<q®(py — x:8)[@(n; — x1,8;) — ®(a1;-1 — x1,6,)]
+Li=g[P (1 — x,8) — P(111 — x18)]
Fljzq [1 = ®(py — xi8)] [B(3,; — X5,8;) — Plas;—1 —%x5,8;)] for 2 < j < J — 1

Pr(y, = J|Xt7X1,t7X3,t) = [1 = P(py —xiB)] [1 — (I)(O‘?),Jfl - XIS,tﬁ?))]'

The exogenous Swopit models with EEVs

In the presence of EEVs, the probabilities to observe the outcome j in (7) can be
rewritten for the CF estimator of the exogenous N-regime Swopit model as

Pr(yt = j|Xt> X1,ty X2ty -0y XNty {7th)

N o Bs=X B—Wy—viX ) P ths 1 =X B—W VA
—1 \/17va7"(ut)\) \/171}(11”(1115)\)

-3

S

(P O‘s,jfx;’t,@,g7Ws,t7sfus,tks . (P as,jfl7x,lg7tﬁsfws,t')’sfl’s,t>\s
\/lfvar(usﬁt)\s) \/lfvar(VSTt)\s) ’

X
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The probabilities in (8) for the exogenous Swopit-r model with the EEVs can be
rewritten for the CF estimator as

Pr(yt = j’xh Xl,ta X3,t7 {X,t)
N / !
— o) Bs—XiB—Wy—UiA | P Bs—1 =X B—wWy—viA
5;1 { |: ( \/lfvar(ut/\) \/17var(ut)\)

% (I) as,j7x;’t,657Ws,t‘Ys*Vs,tAs o @ as,jflfx;’tﬁs7Ws,t7s*’/s,tks
\/l—var(usﬂt)\s) \/l—var(us,t)\s)

I | [ re=xiBowoyvid | g [ mexiBowiy—ved | |
=g ( \/lfvar(utA) \/lfvm'(ut)\)

The probabilities in (9) for the exogenous Swopit-z model with the EEVs can be
rewritten for the CF estimator as

Pr(yt = j’xh Xl,ta X3,t7 ‘%}t)

—xX\B—wW,;y—vtA
— Ij<qq) H17Xy t t
= \/l—var(ut)\)

! !
a1,5—X1 B1—W1tv1—V1itA a1,j—1—X] (B1—W1tY1— V1, A1
X |:q) / Lt — @ / Lt

\/l—var(l/l,t)\l) \/l—fuar(ulyt)\l)
+[j=q ) Po =X B—wWy—viA ) 1 =X B—w,y—viA
\/1—var(ut)\) \/1—Uar(ut)\)
B B—wiy—vA
+li>, |1 —®
jza \/17var(ut)\)
% [¢ 03, —X5 B3 —W3,:¥3—V3,0A3 | P <C¥3,j—1_xé),’tﬂg_WB,t'YS_VB,tAS):| .

\/lfvar(ug,t)\g) \/17var(u3’t)\3)
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Appendix B. A special case when the Swopit-z model
nests the MIOP model

In general, the Swopit-z and MIOP models (see the upper panel of Figure 1) are not
nested in each other, but they are not strictly non-nested. They overlap if their slope
coefficients are all fixed to zero, and only the thresholds are estimated. However, there
is an interesting special case when the Swopit-z model does nest the MIOP model. The
special case arises under certain parameter restrictions provided (i) there are only three
outcome categories of the dependent variable, (ii) both X; and X3 in the Swopit-z
outcome equations contain all covariates in the MIOP regime equation, and (iii) X in
the Swopit-z regime equation includes all covariates in the MIOP outcome equation.

To begin, I first describe the MIOP econometric framework. Then I explain under
which conditions the Swopit-z model nests the MIOP model.

The MIOP model

Let t (t = 1,2,...,T) be one of the available T observations. Let y; be an observed
dependent variable that can take on a finite number J of ordinal values, coded by
index j (j = 1,2,...,J, J > 2), among which a potentially heterogeneous (“inflated”)
and often predominant response is coded as ¢, 1 < ¢ < J. The observed outcome
y; can be generated in any of two states, coded as 1 or 0 and interpreted as latent
regimes in the time-series context or as latent segments of population in the cross-
section context. The realized states (regimes) r{" are only partially observed and of an
ordinal nature. The regime switching decision is determined by the continuous latent
variable ", endogenously driven in response to the observed data and unobservables
according to the binary probit regime equation. The correspondence between r;™* and
ry" is determined by an unobserved threshold in the usual binary-response fashion. For
each t, only one out of two potential realizations of y; is observed. Conditional on being
in the regime 77" = 1, the observed outcome ¥, is determined (in the usual OP fashion)
by a continuous latent variable y;"*, which is driven in response to the observed data and
unobservables according to an outcome equation. Conditional on being in the regime
r{" = 0, the observed outcome y; is always q.
To summarize, the MIOP model can be described by the following system

ri =x"e" 4+ e (regime equation),

3 m mM* m
il — { Lif g™ < ri™|x]
e Xy =

0 if Fmxm < pm (regime matching rule)

yry = x By + ety (outcome equation),

yel(xip, it = 1) = jif o, <yi¥x7y <afy, j=1,2,...,J (outcome matching

wpl(r'=0)=¢q, 1<qg<J rules),

([ 27 e
gy 0’ pm 1

and outcome decisions),

where x;" and x7", are the t'" rows of the observed data matrices X™ and X", respec-
tively; 8™ and 37" are the vectors of unknown slope parameters; ;" and e7’, are the tth
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rows of the iid across ¢ disturbance terms €™ and €7"; &/ is independent of 7", at leads
and lags: E(e}"el’, ) = 0 for V7 # 0; p™ and —oo = affy < of; < ... < af'; = oo are
the unknown threshold parameters; the joint probability density between ;" and €7’ is
standardized bivariate normal with CDF ®q(e™;e]";p™).

The probabilities of the outcome j in the MIOP model are given by

Pr(y" = ]'|X;nax717?t) = Pr(r{™[x{" > ™ and ay’j_q < ?th*|xr17t < 0/17?]')
g Pr(ry™|x < p™)
= Pr(g; > p™ — x7VB™ and at’i_q — x1B < el < af’; — XTLfﬁT)
=g Pr(ei” < p™ —xi"'B")
= Oy(—p™ +x7VB™; oy — X746 —p™)
— Qo (—p™ + xVB™; Q-1 — XTtIIBT, —p™) + ]j:qq)(ﬂm —-x"B8"),

where [;_, is an indicator function such that I,—, = 1if j = ¢, and [;—, = 0 if j # q.

A special case

Suppose a dependent variable y;" takes only three discrete values j coded as {1, 2,3},
and an inflated response is coded as 2 (¢ = 2).

The probabilities of observing the outcome j in the MIOP model are given according
to (10) as

Pr(ye = 1x7".x{) = ®y(—p" +x7"B" o}y — X747 —p™);
Pr(y, = 2[x}", x}7,) = (" — x”B")
+Py (=™ + X7 B™; oYy — X746 —p™) (a1
—Po(—p™ + X B"; oy = XTiB —p");
Pr(y, = 3[x", X}',) = Bo(—p™ +x7"B™; —afy + x{4BT5p™).

The probabilities of observing the outcome j in the Swopit-z model are given accord-
ing to (5) as

Pr(y, = 1%, X1,6, X34) = Po(py — X85 001 — X/1,t51; p1);

Pr(y; = 2[x;, %14, X3,¢) = P2ty — X385 —an1 + Xll,tﬂl; —p1)

12
+@(py — xiB) — @(1y — x;8) + Po(—py +x8; 32 — Xg,tﬂ{i; —p3); (12)

Pr(y, = 3|x, X1t X3,t) = Oy(—py + x,0; —z2 + Xé,tﬂg; P3)-
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Suppose now that the matrices X; and X3 in the Swopit-z outcome equations are
identical to the matrix X" in the MIOP regime equation, and that the matrix X in the
Swopit-z regime equation is identical to the matrix X7* in the MIOP outcome equation.
Then x;; = x3; = x;" and x;, = X1 Impose the following restrictions on the Swopit-z
parameters:

Bs = —B=0",B=067 1= 0/1717 Ho = a?}m (13)

3o = —app=p" and —p; = py=p".

Then, using that ®(—60) = 1 — ®(0), the probabilities of observing the outcome j in
the Swopit-z model according to (12) can be written as

Pr(y, = 1|x{", xT,) = ®o(—p™ +x7B™; oy — X787 —p™);

Pr(y, = 2[x}", x1)) = P2(afy — 787" p™ — x3'B™;0™)
+CI)(O‘717?2 - XTLBT) - @(o/ffl - XTéﬁ?) + q)z(_afz + Xrlnéﬁgn, p" = xp B —p™)
=1—®o(—p™ +x7"B"; oy — x7, 87" —p™) — ©(—afy +x7467")
+(I)<04717,12 - XT;BT) - (P(O/fl - XTtI 1)
+1 = ®(af’y — x7}087") — Po(—p™ +x3V'B™; —afy + X787 p™)
=1—Qo(—p" +x3B™; oy — X7 BT —p™) — Lo(—p" +x7B™; —afy +XTBY p™)
= O(u™ —x7"B") + o(—p™ + X7V B™; oy — X746 —p™)
—Oy(—p™ +xB™ = XT4BY —p™);

Pr(y, = 3|x",X7%) = Da(—p™ + x7B™; —al + X487 30™),

which are identical to the probabilities in the MIOP model given by (11).

In more general cases, when X; and X3 are not identical to the matrix X™, but
contain all variables in X™, and when X is not identical to Z™, but contains all variables
in Z™, we can use additional restrictions by fixing the values of the coefficients on all extra
variables in X, X; and X3 to zero. With these additional parameter restrictions, the
selected set of the explanatory variables in each Swopit-z outcome equation is identical to
the set of the variables in the MIOP regime equation, the selected set of the explanatory
variables in the Swopit-z regime equation is identical to the set of the variables in the
MIOP outcome equation, and the probabilities in the MIOP and Swopit-z models are
identical.

Notice that the restrictions in (13), namely 85 = =3, = 8" and a3 = —aq 1 = ™,
impose a sort of symmetry on the policy reactions in the hawkish and dovish policy
stances in the Swopit-z model, since they imply that the conditional probability of a hike
in the hawkish regime Pr(y; = 3|x;, X34, 7 = 3) is determined by the same mechanisms
as the conditional probability of a cut in the dovish regime Pr(y; = 1|x¢, X1, 7 = 1):

Pr(y, = 3[x¢, X34, 70 = 3) = 1 — ®(as2 — x5,8;) = 1 — &(p™ — x7"B")
= ®(—p" +x"B™) = ®(a11 — X,Ltﬁl) = Pr(y, = 1|xp, x4, = 1).
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Appendix C. Supporting material for Monte Carlo
experiments

Accuracy of slope parameter estimates in the Swopit-z model
with exogenous switching

In this set of experiments, three vectors of covariates v, vo and v are drawn once
(and held fixed in all simulations) as v, Y Normal(2,1), vo Y Normal(0,1) and v; Y
Normal(0,1). The repeated samples with 250, 500 and 1000 observations are generated
by the Swopit-z DGP with X = (v, v3), X;1= X3= (v,, v3), 8 = (0.6, 0.4)", B, = (0.3,
0.8), B; = (0.9, -0.3), . = (0.91, 1.5), a; = (-0.95, 0.25)", a3 = (-0.13, 1.2), and
pp = py = 0. The samples are estimated using the Swopit-z model with the same
specifications of the latent equations as in the above DGP.

Table 12. Monte Carlo results: the accuracy of estimated slope parameters 3, in the
Swopit-z model with p;=p3=0

Samplesize 250 500 1000
Bias of parameter estimates, % 6.5 3.2 14
RMSE of parameter estimates, % 40.6 27.0 185
Coverage probability of parameter estimates, % (at 95% level) 934 94.5 949
Bias of standard error estimates, % 8.4 3.3 17

Notes. Bias is the absolute difference between the estimated and true values, devided by the true
values, in percent. RMSE is the root mean square error relative to the true value, in percent. Coverage
probability is the percentage of times the estimated asymptotic 95 percent confidence intervals cover the
true values. Bias of s.e. estimates is the absolute difference between the average of estimated standard
errors and standard deviation of parameter estimates in all iterations, devided by the standard deviation
of parameter estimates, in percent. All above measures are averaged across all replications and for all
slope parameters.

As Table 12 reports, the Swopit-z estimator is consistent and the asymptotic distri-
bution is a good approximation of the small sample distribution of the slope parameters
B, B, and B;. As the sample size grows, the biases and RMSE reduce substantially
(both biases are less than 2% with 1000 observations), and the CP gets closer to the
nominal level of 95% and reaches 94.9%.

Accuracy of slope parameter estimates in the Swopit-z model
with endogenous switching

In this set of experiments, three vectors of covariates vi, vo and vz are drawn once
(and held fixed in all simulations) as vy Y Normal(2,1), vo Y Normal(0,1) and v; Y

Normal(0,1). The repeated samples with 250, 500 and 1000 observations are generated
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by the Swopit-z DGP with X = (v, v3), X;j= X3= (v,, v3), 8 = (0.6, 0.4)", B, = (0.3,
0.8), B; = (0.9, -0.3), p = (0.9, 1.5, oy = (-1.22, 0.08)", a5 = (0.3, 1.63), p, =
0.3, and p; = 0.6. The samples are estimated using the Swopit-z model with the same
specifications of the latent equations as in the above DGP.

Table 13. Monte Carlo results: the accuracy of estimated slope parameters [, in the
Swopit-z model with endogenous switching

Sample size 250 500 1000
Bias of parameter estimates, % 7.6 2.7 1.0
RMSE of parameter estimetes, % 42.3 274 18.7
Coverage probability of parameter estimates, % (at 95% level) 925 94.2 94.6
Bias of standard error estimates, % 46 2.3 16

Notes. Bias is the absolute difference between the estimated and true values, devided by the true
values, in percent. RMSE is the root mean square error relative to the true value, in percent. Coverage
probability is the percentage of times the estimated asymptotic 95 percent confidence intervals cover the
true values. Bias of s.e. estimates is the absolute difference between the average of estimated standard
errors and standard deviation of parameter estimates in all iterations, devided by the standard deviation
of parameter estimates, in percent. All above measures are averaged across all replications and for all
slope parameters.

As Table 13 reports, the Swopit-z estimator is consistent and the asymptotic distri-
bution is a good approximation of the small sample distribution of the slope parameters
B, B, and B;. As the sample size grows, the biases and RMSE reduce substantially
(both biases are less than 2% with 1000 observations), and the CP gets closer to the
nominal level of 95% and reaches 94.6%.
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Appendix D. Supporting material for empirical ap-
plication

Table 14. Data used in estimations

ants/lcg fegzggfe utn%ls Dependent Effective dqe of surprise; tighty: ease.: spread: house;
decision rate target varigble y+ FOMC action
07-Jul-87 0 no change 08-Jul-87 -0.040 0 0 0.164 1.620
18-Aug-87 0 no change 19-Aug-87 -0.020 0 0 0228 1611
27-Aug-87 0.125 small hike 27-Aug-87 0.040 0 0.260 1611
03-Sep-87 05 large hike j:igg;; 8:;52 0090 1 0 0426 1611
22-Sep-87  0.0625  nhochange 24-Sep-87 0.010 1 0 0426  1.582
03-Nov-87 -05 large cut 04-Nov-87 -0.130 0 0 0.008  1.669
16-Dec-87 0 no change 17-Dec-87 -0.140 0 1 0.534 1.637
05-Jan-88 0 no change 05-Jan-88 -0.050 0 0 0.130 1.637
28-Jan-88  .0.1875 small cut 28-Jan-88 -0.060 0 0 0.134 1.374
10-Feb-88  -0.125 small cut 11-Feb-88 0.030 0 0 0.146 1.374
29-Mar-88 0.25 smdl hike 30-Mar-88 0.010 0 0 0.144 1.494
09-May-88 0.25 small hike 09-May-88 0.050 0 0 0.540 1.543
17-May-88 0 no change 18-May-88 -0.040 0 0 0.110 1.543
25-May-88 0.25 small hike 25-May-88 -0.020 1 0 0.482 1.561
22-Jun-88  0.1875  smdl hike 22-Jun-88 -0.010 1 0 -0108 1.384
30-Jun-88 00625  nhochange 01-Jul-88 -0.070 1 0 -0136 1.384
19-Ju-88  0.1875 smdl hike 19-Jul-88 0.000 1 0 0.028 1.454
08-Aug-88 04375  largehike 855?%.8:;;0693?72: 0.090 1 0 0100 1454
16-Aug-88 0 no change 17-Aug-88 -0.040 1 0 0.166 1.454
20-Sep-88 no change 21-Sep-88 0.020 0 -0110  1.489
01-Nov-88 0 no change 02-Nov-88 0.032 0 -0.192 1453
. 17-Nov-88: 0.0625
17-Nov-88 0.25 small hike 29-Nov-88: 0.1875 -0.078 1 0 0.208 1.554
14-Dec-88  0.3125 large hike 15-Dec-88 0.018 1 0 0.450 1.554
05-Jan-89  0.3125 large hike 05-Jan-89 -0.024 1 0 -0270 1563
08-Feb-89 0.125 small hike 09-Feb-89 0.000 1 0 0058 1524
14-Feb-89 01875  smdl hike 14-Feb-89 0.020 1 0 -0070 1524
24-Feb-89 0.4375 large hike 24-Feb-89 0.070 1 0 -0.158 1.693
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Table 14 (contd). Data used in estimations

E;g:\a/log fe((jZ?;gfe utn(zjs Dependent Effective deFe of surprise: tightv: easer1 spread: house;
decision ratetarget variable y FOMC action
28-Mar-89 0 no change 29-Mar-89 -0.070 1 0 -0194 1498
16-May-89  0.0625 no change 17-May-89 -0.022 1 0 -0744 1361
05-Jun-89 -0.25 small cut 05-Jun-89 -0.036 0 0 -108 1.361
06-Jul-89 -0.25 small cut 07-Jul-89 -0.026 0 0 -1446 1311
26-Jul-89 -0.25 small cut 26-Jul-89 -0.062 0 0 -1.224  1.400
22-Aug-89 0 no change 23-Aug-89 0.000 0 0 -0708  1.430
03-Oct-89 0 no change 04-Oct-89 0.034 0 1 -0720 1353
16-Oct-89  -0.3125 large cut 16-Oct-89 -0.207 0 1 -0854 1.353
06-Now-89 -0.25 small cut 07-Now-89 -0.104 0 1 -0940 1.263
14-Nov-89 0 no change 15-Nov-89 -0.020 0 1 -0.652 1.263
19-Dec-89 -0.25 small cut 20-Dec-89 -0.169 0 1 -0828 1361
07-Feb-90 0 no change 08-Feb-90 -0.014 0 0 -0110 1235
27-Mar-90 0 no change 28-Mar-90 0.000 0 0 0.034 1477
15-May-90 0 no change 16-May-90 0.000 0 0 0.084 1.321
03-Jul-90 0 no change 04-Jul-90 0.000 0 0 -0248  1.207
13-Jul-90 -0.25 smdl cut 13-Jul-90 -0.138 0 1 -0118  1.207
21-Aug-90 0 no change 22-Aug-90 0.000 0 1 -0464  1.148
07-Sep-90 0 no change 07-Sep-90 0.039 0 1 -0594  1.148
17-Sep-90 0 no change 17-Sep-90 -0.023 0 1 -0286  1.148
02-Oct-90 0 no change 03-Oct-90 0.021 0 1 -0480 1127
29-Oct-90 -0.25 smal cut 29-Oct-90 -0.020 0 1 -0472 1135
13-Nov-90 -0.25 smal cut 16-Nov-90 0.000 0 1 -0484 1135
07-Dec-90 -0.25 smal cut 07-Dec-90 -0.271 0 1 -0274 1041
18-Dec-90 -0.25 small cut 19-Dec-90 -0.233 0 1 -0206 1.041
08-Jan-91 -0.25 small cut 08-Jan-91 -0.175 0 1 0.122 1.129
01-Feb-91 -0.5 large cut 01-Feb-91 -0.259 0 1 -0918 0.987
06-Feb-91 0 no change 07-Feb-91 0.000 0 1 -0244 0987
08-Mar-91 -0.25 small cut 08-Mar-91 -0.162 0 1 0.096 0.850
26-Mar-91 0 no change 27-Mar-91 0.000 0 1 0.170  0.989
12-Apr-91 0 no change 12-Apr-91 -0.100 0 0 0.452 0.989
30-Apr-91 -0.25 small cut 30-Apr-91 -0.170 0 0 0.310 0.901
14-May-91 0 no change 15-May-91 0.019 0 0 0.374 0.901
03-Jul-91 0 no change 05-Jul-91 0.000 0 0 0.198 0.982
05-Aug-91 -0.25 small cut 06-Aug-91 -0.149 0 0 0.384 1.040
20-Aug-91 0 no change 21-Aug-91 0.124 0 0 0.052 1.070
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Table 14 (contd). Data used in estimations

ant&(g feizzgfe utn(zals Dependent Effective dr#e of surprise; tight.: ease.: spread: house,
decision rate target varigble y+ FOMC action

13-Sep-91 -0.25 small cut 13-Sep-91 -0.053 0 1 0.070 1.070
01-Oct-91 0 no change 02-Oct-91 -0.011 0 1 0.102 1.065
30-Oct-91 -0.25 small cut 30-Oct-91 -0.060 0 1 0.104 1.033
05-Nov-91 -0.25 small cut 06-Nov-91 -0.125 0 1 0.114 1.033
06-Dec-91 -0.25 small cut 06-Dec-91 -0.087 0 1 -0190 1.096
17-Dec-91 -05 large cut 20-Dec-91 -0.238 0 1 -008  1.066
05-Feb-92 0 no change 06-Feb-92 -0.013 0 0 0.190 1.103
31-Mar-92 0 no change 01-Apr-92 0.010 0 1 0674 1304
09-Apr-92 -0.25 small cut 09-Apr-92 -0.243 0 1 0.418 1.304
19-May-92 0 no change 20-May-92 0.000 0 1 0120  1.115
01-Jul-92 -05 large cut 02-Jul-92 -0.363 0 0 0.144  1.230
18-Aug-92 0 no change 19-Aug-92 0.026 0 1 0.122 1.119
04-Sep-92 -0.25 small cut 04-Sep-92 -0.219 0 1 0.106 1.119
06-Oct-92 0 no change 07-Oct-92 0.052 0 1 -0528 1237
17-Nov-92 0 no change 18-Nov-92 -0.100 0 1 0.648 1.256
22-Dec-92 0 no change 23-Dec-92 0.039 0 1 0732 1242
03-Feb-93 0 no change 04-Feb-93 -0.012 0 0 0.330 1.302
23-Mar-93 0 no change 24-Mar-93 -0.044 0 0 0.290 1.208
18-May-93 0 no change 19-May-93 -0.026 0 0 0270 1213
07-Jul-93 0 no change 08-Jul-93 0.027 1 0 0.146 1.244
17-Aug-93 0 no change 18-Aug-93 0.000 1 0 0.428 1.212
21-Sep-93 0 no change 22-Sep-93 0.000 0 0 0228 1323
16-Nov-93 0 no change 17-Nov-93 0.023 0 0 0.546 1.351
21-Dec-93 0 no change 22-Dec-93 0.000 0 0 0.604 1.432
04-Feb-94 0.25 small hike 04-Feb-94 0.117 0 0 0.324 1.540
28-Feb-94 0 no change 28-Feb-94 -0.050 0 0 0.736 1.294
22-Mar-94 0.25 smal hike 22-Mar-94 -0.034 0 0 1104  1.309
18-Apr-94 0.25 smal| hike 18-Apr-94 0.100 0 0 1.282 1.309
17-May-94 05 large hike 17-May-94 0.133 0 0 1.678 1.455
06-Jul-94 0 no change 06-Jul-94 -0.050 0 0 0.986 1510
16-Aug-94 05 large hike 16-Aug-94 0.145 1 0 1.340 1.415
27-Sep-94 0 no change 27-Sep-94 -0.200 0 0 1.112 1.442
15-Nov-94 0.75 large hike 15-Nov-94 0.140 1 0 1.444 1525
20-Dec-94 0 no change 20-Dec-94 -0.169 0 0 1.758 1.540
01-Feb-95 05 large hike 01-Feb-95 0.052 1 0 1.208 1.529

56



Table 14 (contd). Data used in estimations

ant&(g feizzgfe utn(zals Dependent Effective dr#e of surprise; tight.: ease.: spread: house,
decision rate target varigble y+ FOMC action
28-Mar-95 0 no change 28-Mar-95 0.103 0 0 0326  1.323
23-May-95 0 no change 23-May-95 0.000 1 0 0.012 1.236
06-Jul-95 -0.25 small cut 06-Jul-95 -0.012 0 0 -0610 1.239
22-Aug-95 0 no change 22-Aug-95 0.000 0 1 0.080 1.380
26-Sep-95 0 no change 26-Sep-95 0.000 0 0 -0122 1398
15-Nov-95 0 no change 15-Nov-95 0.060 0 0 -0324 1390
19-Dec-95 -0.25 small cut 19-Dec-95 -0.103 0 0 -0394  1.337
31-Jan-96 -0.25 small cut 31-Jan-96 -0.070 0 0 -0466  1.420
26-Mar-96 0 no change 26-Mar-96 -0.031 0 0 0198  1.490
21-May-96 0 no change 21-May-96 0.000 0 0 0.316 1.519
03-Jul-96 0 no change 03-Jul-96 -0.050 0 0 0.060 1434
20-Aug-96 0 no change 20-Aug-96 -0.042 1 0 0.448 1.455
24-Sep-96 0 no change 24-Sep-96 -0.125 1 0 0.666 1.525
13-Nov-96 0 no change 13-Nov-96 0.000 1 0 0.128 1.438
17-Dec-96 0 no change 17-Dec-96 0.011 1 0 0.182 1514
05-Feb-97 0 no change 05-Feb-97 -0.030 1 0 0.328 1.329
25-Mar-97 0.25 smdl hike 25-Mar-97 0.026 1 0 0.458 1.528
20-May-97 0 no change 20-May-97 -0.113 0 0 0.354 1.473
02-Jul-97 0 no change 02-Jul-97 -0.016 1 0 -0272 1397
19-Aug-97 0 no change 19-Aug-97 -0.013 1 0 0.008 1.447
30-Sep-97 0 no change 30-Sep-97 0.000 1 0 -0070 1.363
12-Nov-97 0 no change 12-Nov-97 -0.042 1 0 -0.126 1.500
16-Dec-97 0 no change 16-Dec-97 -0.010 1 0 -0058 1531
04-Feb-98 0 no change 04-Feb-98 0.000 0 0 -0310 1519
31-Mar-98 0 no change 31-Mar-98 0.000 0 0 -0150 1.636
19-May-98 0 no change 19-May-98 -0.026 1 0 -0150 1538
01-Jul-98 0 no change 01-Jul-98 -0.005 1 0 -0480 1530
18-Aug-98 0 no change 18-Aug-98 0.012 1 0 -0370 1615
29-Sep-98 -0.25 small cut 29-Sep-98 0.060 0 0 -089 1613
15-Oct-98 -0.25 small cut 16-Oct-98 -0.262 0 1 -0906 1.613
17-Nov-98 -0.25 small cut 17-Nov-98 -0.058 0 1 -0542 1576
22-Dec-98 0 no change 22-Dec-98 -0.017 0 0 -0.362 1.649
03-Feb-99 0 no change 03-Feb-99 0.000 0 0 -0182 1.720
30-Mar-99 0 no change 30-Mar-99 0.000 0 0 -0116  1.799
18-May-99 0 no change 18-May-99 -0.036 0 0 0.018 1574
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Table 14 (contd). Data used in estimations

ant&(g feizzgfe utn(zals Dependent Effective dr#e of surprise; tight.: ease.: spread: house,
decision rate target varigble y+ FOMC action

30-Jun-99 0.25 small hike 30-Jun-99 -0.040 1 0 0.284 1.676
24-Aug-99 0.25 small hike 24-Aug-99 0.022 1 0 0.232 1.661
05-Oct-99 0 no change 05-Oct-99 -0.042 0 0 -0064 1676
16-Nov-99 0.25 small hike 16-Nov-99 0.086 1 0 0.138 1.618
21-Dec-99 0 no change 21-Dec-99 0.016 0 0 0.426 1.600
02-Feb-00 0.25 smdl hike 02-Feb-00 -0.054 0 0 0.564 1.712
21-Mar-00 0.25 smal hike 21-Mar-00 -0.031 1 0 0.398 1.781
16-May-00 05 large hike 16-May-00 0.052 1 0 0322 1663
28-Jun-00 0 no change 28-Jun-00 -0.020 1 0 -0372 1592
22-Aug-00 0 no change 22-Aug-00 -0.017 1 0 -0294 1512
03-Oct-00 0 no change 03-Oct-00 0.000 1 0 -0500 1531
15-Nov-00 0 no change 15-Nov-00 0.000 1 0 -0.394 1530
19-Dec-00 0 no change 19-Dec-00 0.052 1 0 -0810 1532
03-Jan-01 -05 large cut 03-Jan-01 -0.382 0 1 -1052 1562
31-Jan-01 -0.5 large cut 31-Jan-01 0.005 0 1 -1208 1575
20-Mar-01 -05 large cut 20-Mar-01 0.056 0 1 -1.186  1.647
11-Apr-01 0 no change 11-Apr-01 0.016 0 1 -1014 1647
18-Apr-01 -05 large cut 18-Apr-01 -0.425 0 1 -0852 1613
15-May-01 -05 large cut 15-May-01 -0.078 0 1 -0680 1.613
27-Jun-01 -0.25 small cut 27-Jun-01 0.050 0 1 -0472 1622
21-Aug-01 -0.25 small cut 21-Aug-01 0.016 0 1 -0290 1672
17-Sep-01 -05 large cut 17-Sep-01 -0.323 0 1 -0306 1672
02-Oct-01 -05 large cut 02-Oct-01 -0.069 0 1 -0508 1527
06-Nov-01 -0.5 large cut 06-Nov-01 -0.100 0 1 -0460 1574
11-Dec-01 -0.25 small cut 11-Dec-01 0.000 0 1 0.322 1.552
30-Jan-02 0 no change 30-Jan-02 0.015 0 1 0.434 1.570
19-Mar-02 0 no change 19-Mar-02 -0.026 0 1 0.846 1.678
07-May-02 0 no change 07-May-02 0.000 0 0 0528  1.646
26-Jun-02 0 no change 26-Jun-02 0.000 0 0 0.378 1.733
13-Aug-02 0 no change 13-Aug-02 0.034 0 0 -0032 1672
24-Sep-02 0 no change 24-Sep-02 0.025 0 1 0.006 1.609
06-Nov-02 -0.5 large cut 06-Nov-02 -0.194 0 1 -0252  1.843
10-Dec-02 0 no change 10-Dec-02 0.000 0 0 0.282 1.603
29-Jan-03 0 no change 29-Jan-03 0.000 0 0 0066  1.835
18-Mar-03 0 no change 18-Mar-03 0.048 0 0 -0080 1622
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Table 14 (contd). Data used in estimations

ant&(g feizzgfe utn(zals Dependent Effective dr#e of surprise; tight.: ease.: spread: house,
decision rate target varigble y+ FOMC action
06-May-03 0 no change 06-May-03 0.037 0 0 -0028 1.780
25-Jun-03 -0.25 small cut 25-Jun-03 0.150 0 1 -0280 1732
12-Aug-03 0 no change 12-Aug-03 0.000 0 1 0.342 1.803
16-Sep-03 0 no change 16-Sep-03 0.000 0 1 0.204 1.872
28-Oct-03 0 no change 28-Oct-03 0.000 0 1 0.288 1.888
09-Dec-03 0 no change 09-Dec-03 0.000 0 1 0.374 1.960
28-Jan-04 0 no change 28-Jan-04 0.000 0 1 0.182  2.088
16-Mar-04 0 no change 16-Mar-04 0.000 0 1 0.158 1.855
04-May-04 0 no change 04-May-04 -0.006 0 1 0.536 2.007
30-Jun-04 0.25 small hike 30-Jun-04 -0.010 0 0 1.116 1.967
10-Aug-04 0.25 small hike 10-Aug-04 0.022 0 0 0.752 1.802
21-Sep-04 0.25 small hike 21-Sep-04 0.017 0 0 0.528 2.000
10-Nov-04 0.25 small hike 10-Nov-04 0.000 0 0 0.636 1.898
14-Dec-04 0.25 small hike 14-Dec-04 0.000 0 0 0.546 2.027
02-Feb-05 0.25 small hike 02-Feb-05 0.000 0 0 0.502 2.004
22-Mar-05 0.25 smdll hike 22-Mar-05 0.000 0 0 0.658  2.195
03-May-05 0.25 smal hike 03-May-05 0.000 0 0 0.480 1.837
30-Jun-05 0.25 small hike 30-Jun-05 0.000 0 0 0.286 2.009
09-Aug-05 0.25 smal hike 09-Aug-05 0.000 0 0 0462  2.004
20-Sep-05 0.25 small hike 20-Sep-05 0.015 0 0 0.252 2.009
01-Nov-05 0.25 small hike 01-Nov-05 0.000 0 0 0.424 2108
13-Dec-05 0.25 smdl hike 13-Dec-05 0.000 0 0 0256 2014
31-Jan-06 0.25 small hike 31-Jan-06 0.000 1 0 0.142 1.933
28-Mar-06 0.25 smal hike 28-Mar-06 0.000 1 0 0.136 2.120
10-May-06 0.25 smal hike 10-May-06 -0.007 1 0 0.170 1.960
29-Jun-06 0.25 small hike 29-Jun-06 -0.015 1 0 0.264 1.957
08-Aug-06 0 no change 08-Aug-06 -0.040 1 0 -0150 1.850
20-Sep-06 0 no change 20-Sep-06 0.000 1 0 -0228 1.665
25-Oct-06 0 no change 25-0Oct-06 0.000 1 0 -0.170 1.772
12-Dec-06 0 no change 12-Dec-06 0.000 1 0 -0326 1486
31-Jan-07 0 no change 31-Jan-07 0.000 1 0 -0156  1.642
21-Mar-07 0 no change 21-Mar-07 0.000 1 0 -0328 1525
09-May-07 0 no change 09-May-07 0.000 1 0 -0314 1518
28-Jun-07 0 no change 28-Jun-07 0.000 1 0 -0.308 1.474
07-Aug-07 0 no change 07-Aug-07 0.026 1 0 -0460 1467
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Table 14 (contd). Data used in estimations

'antsg fei?ggfe utncills De!oendent Effective dr#e of surprise; tightw., easew.1 spread: house;
decision rate target varigble y+ FOMC action
10-Aug-07 0 no change 10-Aug-07 0.000 1 0 -0490 1467
17-Aug-07 0 no change 17-Aug-07 0.155 1 0 -0202 1381
18-Sep-07 -05 large cut 18-Sep-07 -0.150 0 0 -1008 1.381
31-Oct-07 -0.25 small cut 31-Oct-07 -0.020 0 0 -0848 1191
11-Dec-07 -0.25 small cut 11-Dec-07 0.008 0 0 -1246 1229
22-Jan-08 -0.75 large cut 22-Jan-08 -0.741 0 0 -1394  1.006
30-Jan-08 -05 large cut 30-Jan-08 -0.095 0 1 -1.182  1.006
18-Mar-08 -0.75 large cut 18-Mar-08 0.167 0 1 -1420 1.065
30-Apr-08 -0.25 small cut 30-Apr-08 -0.055 0 1 -0324 0947
25-Jun-08 0 no change 25-Jun-08 -0.030 0 0 0.604 0.975
05-Aug-08 0 no change 05-Aug-08 -0.006 0 0 0.260 1.066
16-Sep-08 0 no change 16-Sep-08 0.059 0 0 -0202 0.965
08-Oct-08 -05 large cut 08-Oct-08 -0.142 0 0 -0154 0.895
29-Oct-08 -05 large cut 29-Oct-08 -0.060 0 1 0734 0817
16-Dec-08 -0.75 large cut 16-Dec-08 -0.119 0 1 0356  0.625
28-Jan-09 0 no change 28-Jan-09 0.000 0 1 0252  0.550
18-Mar-09 0 no change 18-Mar-09 -0.006 0 1 0.508 0.583
29-Apr-09 0 no change 29-Apr-09 -0.005 0 1 0.342 0.510
24-Jun-09 0 no change 24-Jun-09 -0.025 0 1 0.262 0532
12-Aug-09 0 no change 12-Aug-09 -0.008 0 1 0324 0582
23-Sep-09 0 no change 23-Sep-09 0.000 0 1 0.244 0.598
04-Nov-09 0 no change 04-Nov-09 0.000 0 1 0.270 0.590
16-Dec-09 0 no change 16-Dec-09 -0.010 0 1 0230 0574
27-Jan-10 0 no change 27-Jan-10 -0.019 0 1 0.188 0.557
16-Mar-10 0 no change 16-Mar-10 0.000 0 1 0234 0575
28-Apr-10 0 no change 28-Apr-10 0.000 0 1 0248  0.626
23-Jun-10 0 no change 23-Jun-10 0.000 0 1 0.110 0593
10-Aug-10 0 no change 10-Aug-10 0.000 0 1 0.080 0.549
21-Sep-10 0 no change 21-Sep-10 0.000 0 1 0.052 0.598
03-Now-10 0 no change 03-Nov-10 0.003 0 1 0.028  0.610
14-Dec-10 0 no change 14-Dec-10 0.000 0 1 0.126 0519
26-Jan-11 0 no change 26-Jan-11 0.000 0 1 0.096  0.529
15-Mar-11 0 no change 15-Mar-11 0.000 0 1 0.108  0.596
27-Apr-11 0 no change 27-Apr-11 0.000 0 1 0.132 0.549
22-Jun-11 0 no change 22-Jun-11 -0.009 0 1 0.084 0.560
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Table 14 (contd). Data used in estimations

Date of Change to Dependent  Effective date of

FQMC federd funds varigbley FOMC action surprise; tighty., easew.. spread: house;
decision rae target
09-Aug-11 0 no change 09-Aug-11 0.000 0 1 0.024 0.629
21-Sep-11 0 no change 21-Sep-11 0.008 0 1 0002 0571
02-Nov-11 0 no change 02-Nov-11 0.000 0 1 0.052 0.658
13-Dec-11 0 no change 13-Dec-11 -0.004 0 1 0032 0628
25-Jar12 0 no change 25-Jar12 0.000 0 1 0022  0.657
13-Mar-12 0 no change 13-Mar-12 0.017 0 1 0.064  0.699
25-Apr-12 0 no change 25-Apr-12 0.000 0 1 0.042 0.654
20-Jun-12 0 no change 20-Jun-12 0.000 0 1 0.008 0.708
01-Aug-12 0 no change 01-Aug-12 0.005 0 1 0.032 0.760
13-Sep-12 0 no change 13-Sep-12 0.009 0 1 0.028 0.746
24-Oct-12 0 no change 24-Oct-12 0.000 0 1 0.030  0.872
12-Dec-12 0 no change 12-Dec-12 0.000 0 1 0014  0.894
30-Jan-13 0 no change 30-Jan-13 0.000 0 1 0016  0.954
20-Mar-13 0 no change 20-Mar-13 0.000 0 1 -0004 0917
01-May-13 0 no change 01-May-13 0.000 0 1 -0012 1.036
19-Jun-13 0 no change 19-Jun-13 0.014 0 1 0034 0914
31-Jul-13 0 no change 31-Jul-13 0.000 0 1 0.026 0.836
18-Sep-13 0 no change 18-Sep-13 0.000 0 1 0.046 0.891
30-Oct-13 0 no change 30-Oct-13 0.000 0 1 0032  0.891
18-Dec-13 0 no change 18-Dec-13 0.006 0 1 0.050 1.091
29-Jan-14 0 no change 29-Jan-14 0.000 0 1 0.040 0.999

Notes. The dependent variable y; is defined in Section 5.1; the explanatory variables tight;_1, ease;_1,
spread; and house; are defined in Section 5.2; the monetary shock surprise; is defined in Section 5.6.
The dates when FOMC decisions became effective do not completely coinside with the dates when
these decisions were made. Up to 1994, the FOMC decisions, made at scheduled meetings, became
effective on the next day. Since February 1994, when the Fed began announcing its decision immediately
after each FOMC scheduled meeting, the FOMC decisions became effective on the same day. The
target changes made at unscheduled meetings were typically implemented by the Fed and recognized by
futures market participants on the same day (with two exceptions for FOMC decisions on November 6,
1989 (technical factors delayed market reaction to the next day) and on October 15, 1998 (which was
implemented after the close of futures market, so the market reacted on the next day). The employed
chronology of FOMC actions is taken from the Board of Governors of the Fed (via ALFRED) with
several adjustments suggested by Kuttner (2001, 2003): (i) 25 bp cut on June 5, 1989 instead of June
6, 1989 as in ALFRED; (ii) 25 bp cut on July 26, 1989 instead of July 27, 1989; (iii) 31.25 bp cut on
October 16, 1989 instead of October 19, 1989; (iv) 25 bp cut on November 7, 1989 instead of November
6, 1989; (v) 25 bp cut on December 18, 1990 instead of December 19, 1990; (vi) 25 bp cut on January 8,
1991 instead of January 9, 1991; and (vii) 25 bp cut on October 30, 1991 instead of October 31, 1991.
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Table 15. List of candidate explanatory variables

Inflation measures:

Consumer price index (CPI) for all urban consumers: all items (Bureau of Labor Statistics)

CPI (Blue Chip consensus forecasts for current quarter, and for one, two, and three quarters
ahead)

Core CPI (Greenbook projection for current quarter, and for one, two, three and four quarters
ahead, Board of Governors of the Fed)

Personal consumption expenditures (PCE) (Bureau of Economic Analysis)
Real PCE (Bureau of Economic Analysis)

Headline PCE inflation (CPI inflation before 2000) (Greenbook projection for current quarter,
and for one, two, three and four quarters ahead, Board of Governors of the Fed)

Real PCE, chain weight (Greenbook projection for current quarter, and for one, two, three and
four quarters ahead, Board of Governors of the Fed)

Price index for gross domestic product (GDP), chain weight (Blue Chip consensus forecasts for
current quarter, and for one, two, and three quarters ahead)

Price index for GDP (gross national product (GNP) before 1992Q1), chain weight (Greenbook
projection for current quarter, and for one, two, three and four quarters ahead, Board of Gover-
nors of the Fed)

Implicit price deflator: GNP (prior to 1991/12/03) — GDP (since 1991/12/04) (Bureau of Eco-
nomic Analysis)

Implicit price deflator: GNP (Bureau of Economic Analysis)

Implicit price deflator: business sector (Bureau of Labor Statistics)

Implicit price deflator: nonfarm business sector (Bureau of Labor Statistics)

Implicit price deflator: private fixed investment (Bureau of Economic Analysis)
Implicit price deflator: final sales of domestic product (Bureau of Economic Analysis)
Output-price index (Bureau of Economic Analysis)

Producer price index: finished goods (Bureau of Labor Statistics)

Inflation expectation (University of Michigan survey)

Diffusion indexes (Philadelphia Fed survey)

Output, productivity and costs measures:

GDP (Bureau of Economic Analysis)
Real GDP (real GNP prior to 1991/12/03) (Bureau of Economic Analysis)
Real GNP (Bureau of Economic Analysis)

Real GDP (real GNP until 12/10/1991) (Greenbook projection for current quarter, and for one,
two, three and four quarters ahead, Board of Governors of the Fed)
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Table 15 (contd). List of candidate explanatory variables

e Real GDP (Blue Chip consensus forecasts for current quarter, and for one, two, and three quarters
ahead)

e Output gap (the difference between actual and potential output) projection for current quarter,
and for one, two, three, four and five quarters ahead (assumptions used by the staff of the Board
of Governors of the Fed in constructing its Greenbook projection, source: Philadelphia Fed’s
real-time data set)

e Real potential GDP (U.S. Congressional Budget Office)
e Final sales of domestic product (Bureau of Economic Analysis)
e Real final sales of domestic product (Bureau of Economic Analysis)

e Nonfarm business sector: output per hour of all persons (Greenbook projection for current
quarter, and for one, two, three and four quarters ahead, Board of Governors of the Fed)

e Real output per hour of all persons: business sector (Bureau of Labor Statistics)

e Real output per hour of all persons: nonfarm business sector (Bureau of Labor Statistics)
e Real output of all persons: business sector (Bureau of Labor Statistics)

e Real output of all persons: nonfarm business sector (Bureau of Labor Statistics)

e Real compensation per hour: business sector (Bureau of Labor Statistics)

e Real compensation per hour: nonfarm business sector (Bureau of Labor Statistics)

e Unit labor cost: business sector (Bureau of Labor Statistics)

e Unit labor cost: nonfarm business sector (Bureau of Labor Statistics)

e Industrial production index (Greenbook projection for current quarter, and for one, two, three
and four quarters ahead, Board of Governors of the Fed)

e Average gross hourly earnings: total private industries (Bureau of Labor Statistics)
e Index of aggregate weekly hours: total private hours (Bureau of Labor Statistics)

e Industrial production index: total (Board of Governors of the Fed)

e Capacity utilization: total (Board of Governors of the Fed)

e Capacity utilization: manufacturing (Board of Governors of the Fed)
Employment measures:
e Unemployment rate: all civilian workers (Greenbook projection for current quarter, and for one,
two, three and four quarters ahead, Board of Governors of the Fed)

e Unemployment rate: all civilian workers (Bureau of Labor Statistics)

e Total nonfarm payroll employment: all employees (Greenbook projection for current quarter,
and for one, two, three and four quarters ahead, Board of Governors of the Fed)

e Total nonfarm payroll employment: all employees (Bureau of Labor Statistics)
e Index of help wanted advertising in newspapers (Conference Board)

e Diffusion indexes (Philadelphia Fed survey)
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Table 15 (contd). List of candidate explanatory variables

Other activity measures:

e Real business fixed investment, chain weight (before 1996Q1: fixed weight) (Greenbook projection
for current quarter, and for one, two, three and four quarters ahead, Board of Governors of the
Fed)

e Real residential fixed investment, chain weight (before 1996Q1: fixed weight (Greenbook projec-
tion for current quarter, and for one, two, three and four quarters ahead, Board of Governors of
the Fed)

e Housing starts: total number of new privately owned housing units started (Census Bureau)

e Housing starts: total number of new privately owned housing units started (Greenbook projection
for current quarter, and for one, two, three and four quarters ahead, Board of Governors of the
Fed)

e Balance on current account (Bureau of Economic Analysis)

e Personal saving (Bureau of Economic Analysis)

e Gross private domestic investment (Bureau of Economic Analysis)

e Real gross private domestic investment (Bureau of Economic Analysis)
e Fixed private investment (Bureau of Economic Analysis)

e Fixed private investment (Bureau of Economic Analysis)

o Real fixed private investment (Bureau of Economic Analysis)

e Disposable personal income (Bureau of Economic Analysis)

e Manufacturers’ new orders: durable goods (Census Bureau)

e New private housing units authorized by building permit (Census Bureau)
e Personal income (Bureau of Economic Analysis)

e Real disposable personal income (Bureau of Economic Analysis)

e Retail sales: total excluding food services (Census Bureau)

e New one family houses for sale (Census Bureau)

e New one family houses sold (Census Bureau)

e Shipments: total manufacturing (Census Bureau)

e Diffusion indexes (Philadelphia Fed survey)
Monetary aggregates:

e M1 Money Stock (Board of Governors of the Fed)
e M2 Money Stock (Board of Governors of the Fed)
e M3 Money Stock (Board of Governors of the Fed)
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Table 15 (contd). List of candidate explanatory variables

Financial indicators:

e Speads (differences) between the one-, two-, three-, five-, seven- and ten-year treasury constant
maturity rate and effective federal funds rate (Board of Governors of the Fed)

e Speads (differences) between the one-, two-, three-, five-, seven- and ten-year treasury constant
maturity rate and prime rate (Board of Governors of the Fed)

e Speads (differences) between the one-, two-, three-, five-, seven- and ten-year treasury constant
maturity rate and secondary market rate on 1-month certificate of deposit (Board of Governors
of the Fed)

e Speads (differences) between the one-, two-, three-, five-, seven- and ten-year treasury constant
maturity rate and 1-month commercial paper rate (since 1997/09/01: 1-month AA financial
commercial paper rate) (Board of Governors of the Fed)

e 3-month T-bill rate projection for current quarter, and for one, two, three, and four quarters
ahead (assumptions used by the staff of the Board of Governors of the Fed in constructing its
Greenbook projection, source: Philadelphia Fed’s real-time data set)

e Mortgage rates (merged) projection for current quarter, and for one, two, three, and four quarters
ahead (assumptions used by the staff of the Board of Governors of the Fed in constructing its
Greenbook projection, source: Philadelphia Fed’s real-time data set)

Exchange rates:

e Nominal exchange rate index: trade weighted, major currencies (Board of Governors of the Fed)

e Nominal exchange rate index (before 1998 — the G-10 mutlilateral trade-weighted index, since
1998 — the major currencies index) projection for current quarter, and for one, two, three, and
four quarters ahead (assumptions used by the staff of the Board of Governors of the Fed in
constructing its Greenbook projection, source: Philadelphia Fed’s real-time data set)

e Real (price-adjusted) exchange rate index projection for current quarter, and for one, two, three,
and four quarters ahead (assumptions used by the staff of the Board of Governors of the Fed in
constructing its Greenbook projection, source: Philadelphia Fed’s real-time data set)

FOMC statements:

e tight; 1 and ease;_1 — the two binary indicators derived from the “policy bias” statement or
“balance-of-risks” assessment at the previous FOMC meeting, classified as “easing”, “symmet-
rical” or “tightening”: tight;_, that takes value one if the statement at the previous FOMC
meeting was tightening, and zero otherwise; and ease;_; that takes value one if the statement
was easing, and zero otherwise.
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Table 16. Sample descriptive statistics

Sendard First-order
Variable Mean Median . Minimum Maximum autocorrelation
deviation o
coefficient
Vi -0.04 0.00 0.92 -0.50 0.50 0.50
tight .1 0.26 0.00 0.44 0.00 1.00 0.63
easet 0.32 0.00 0.47 0.00 1.00 0.73
spread; 0.05 0.11 0.54 -1.45 1.76 0.82
house; 1.48 151 0.27 0.85 2.20 0.92
surpriset -0.03 0.00 0.09 -043 0.15 -0.02

Notes. Sample period: 7/1987-1/2006 (190 observations). For the definitions of the variables see
Section 5.2.

Table 17. Tests for unit roots

The Augmented Dickey-Fuller (ADF) unit root tests

Vaidble Saij © Daa Deterministic  Lag t-
per! (.)d frequency terms* length statistic P-value**
(and size)

Vi (72/2‘71';2? FOMC decisions C 3 -4.30 0.0005
tight 1 (Zgg_jg FOMC decisions C 1 -4.72 0.0001
easet (72/2;;;)2? FOMC decisions C 0 -5.29 0.0000
spread, ( 1142421_124 g_) daily C 41 -7.84 0.0000
house; gégg';g; monthly C.LT 16 -4.23 0.0043
surpriset (72/21%2? FOMC decisions C 3 -6.44 0.0000

Notes. * C - constant, LT - linear trend; ** MacKinnon (1996) one-sided p-values. For the definitions
of the variables see Section 5.2. The lag order of the lagged first differences of the dependent variable
in the ADF tests is selected according to a criterion of no serial correlation among the ADF regression
residuals.
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Table 18. Modeling changes to federal funds rate target: the estimates of the Swopit-z
model parameters without exclusion restrictions

Outcome equations

Variables Regime equation

Dovish regime Hawkish regime
tight 1.1 1.61(0.38)*** 5.25(136.22) 2.33 (1.00)**
easer -1.85(0.68)*** -0.36 (0.37) -10.38 (297.67)
spread; 2.06 (0.37)*** 0.64 (0.39)* 1.52 (0.74)**
houset 5.06 (1.00)*** -1.45(0.82)* -1.38(1.96)
threshold 1 6.91 (1.67)*** -3.32 (1.01)*** -7.07 (172.75)
threshold » 9.63 (1.68)*** -1.91 (0.93)** 0.83(3.31)

Notes. Sample period: 7/1987-1/2006 (190 observations). ***/**/* denote the statistical significance
at the 1/5/10 percent level. The asymptotic standard errors are shown in parentheses. The explanatory
variables are defined in Section 5.2.

Table 19. Modeling changes to federal funds rate target: the OP and MIOP estimates

) OP model MIOP model
Varigbles
Regime equation Outcome equation

tight .1 1.41 (0.25)*** -8.00 (201.73) 2.77 (0.60)***
easet.1 -0.89 (0.23)*** -5.18 (201.73) -1.25(0.28)***
spread 1.56 (0.20)*** 1.52 (0.55) 1.74 (0.25)***
house 1.55 (0.36)*** 411 (1.36)*** 1.70 (0.41)***
threshold ; -0.11 (0.55) -1.57 (201.73) -0.11 (0.60)
threshold » 1.09 (0.53)** 1.39 (0.61)**
threshold 3 3.91 (0.64)*** 4,06 (0.73)***
threshold 4 5.29 (0.69)*** 6.29 (0.88)***

Notes. Sample period: 7/1987-1/2006 (190 observations). ***/**/* denote the statistical significance
at the 1/5/10 percent level. The asymptotic standard errors are shown in parentheses. The explanatory
variables are defined in Section 5.2.
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Table 20. Modeling changes to federal funds rate target: the estimates of the Swopit-r

model parameters

Outcome equations

Varigbles Regime equation

Dovish regime Hawkish regime
tight .1 1.67 (0.35)*** 2.69 (0.98)***
easet.1 -3.07 (0.79)*** -0.40 (0.35)
spread 1.96 (0.35)*** 1.04 (0.29)*** 1.95 (0.75)***
house 5.60 (1.03)***
threshold 1 7.43 (1.58)*** -1.63 (0.35)*** -0.94 (0.61)
threshold » 10.46 (1.72)*** -0.26 (0.34) -0.94 (0.61)
threshold 3 5.90 (e) -0.94 (0.61)
threshold 4 31.18 (n/e) 3.49 (1.07)***

Notes. Sample period: 7/1987-1/2006 (190 observations). ***/**/* denote the statistical significance
at the 1/5/10 percent level. The asymptotic standard errors are shown in parentheses. The explanatory
variables are defined in Section 5.2.

Table 21. Modeling changes to federal funds rate target: the estimates of the exogenous
Swopit-z model parameters

Outcome equations

Variables Regime equation

Dovishregime Hawkish regime
tight .1 1.38 (0.31)*** 2.38 (0.90)* **
easet. -1.07 (0.39)*** -0.01 (0.30)
spread; 1.99 (0.33)*** 1.38 (0.23)*** 1.72(0.71)**
house 3.05 (0.57)***
threshold 1 4.33 (0.97)*** -1.51(0.29)*** -2.26 (5.22)
threshold2 6.38 (0.99)*** -0.58 (0.29)** 3.26 (0.98)***

Notes. Sample period: 7/1987-12/2016 (281 observations). ***/** /* denote the statistical significance
at the 1/5/10 percent level. The asymptotic standard errors are shown in parentheses. The explanatory
variables are defined in Section 5.2.
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Table 22. Modeling changes to federal funds rate target: the parameter estimates of the
endogenous Swopit-z model

Outcome equations

Vaiables Regime equation
Dovishregime Hawkish regime

tight 1 1.35 2.29
easet.1 -0.97 0.00
spread. 1.97 1.44 171
house 3.23
threshold 1 3.82 -1.59 -2.27
threshold2 6.74 -0.58 3.39

Correlation coefficients: p1=0.90 p3=0.36

Notes. Sample period: 7/1987-12/2016 (281 observations). The explanatory variables are defined in
Section 5.2. The Hessian matrix fails to invert — the s.e. of parameters are not estimated.
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