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Abstract

Issler and Vahid (2006) used canonical correlation analysis and the information
content in the decisions of the Business Cycle Dating Committee of the National Bureau
of Economic Research to construct a coincident and leading index of economic activity
for the United States, the IVCI and IVLI, respectively. In their work there exists
evidence that the linear combinations of the coincident and the leading series that
represents the IVCI and IVLI are likely to vary over time. This evidence was also
reported by other authors as Chauvet (1998) and Stock and Watson (1988).

In this paper we use a state space probit model to capture the time-varying structure
of these indexes. We apply the extended iterated Kalman filter and use the Rivers
and Voung (1988) procedure to correct for endogeneity to estimate the Kalman Filter
coincident and leading indexes, KFIVCI and KSIVCI, respectively. Our estimates
show some earn in the prediction power of recessions compared to the IVCI and some
evidence that the weights of the coincident and leading vary over time. For example,
using the same data set, our filtered probabilities predict 84.93% of the recessions,
compared to 68.49% obtained by them. We also have some evidence that the weights
vary slight over time. The employment weight varies over time in a range 0.96 to 0.52
during the studied period. This suggests that the weights are really varying across time
and agrees with a memo of the Business Cycle Dating Committee (Hall et al., 2002,
p. 9) where they state “employment is probably the single most reliable indicator [of
recessions]”.

JEL classification: C32, E32.
Keywords: Kalman filter, coincident and leading indicators, Business cycle, Canonical cor-
relation, Instrumental variable probit.
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1 Introduction

Although the business cycle status of the economy is not directly observable, our most
educated estimate of its turning points is embodied in the binary variable announced by the
NBER Business Cycle Dating Committee. Of course, its operational delay is too long to
make this information useful instantly. For this reason, there are many econometric models
that predict the economy’s business cycles, the so-called coincident and leading indices of
economic activity. For example, Stock and Watson (1988a, b, 1989, 1991, 1993a) Hamilton
(1989), and Chauvet (1998) all proposed different methods that estimate and forecast the
“state of the economy”, treating it as a latent variable.

In a recent paper, Issler and Vahid (2006) proposed using the NBER Business-Cycle
Dating Committee decisions to construct coincident and leading indices of economic activity.
As is well known, this committee is responsible for the U.S. business cycles dating since 1978.
Its announcements are based on the consensus of a panel of experts, and they are made some
time (usually six months to one year) after a turning point in the business cycle has occurred.
It provides our most educated estimate of U.S. turning points. The NBER Dating Committee
summarizes its deliberations as follows:

“The NBER does not define a recession in terms of two consecutive quarters of decline in
real GNP. Rather, a recession is a recurring period of decline in total output, income, employ-
ment, and trade, usually lasting from six months to a year, and marked by widespread con-
tractions in many sectors of the economy.” (Quoted from http://www.nber.org/cycles.html)

The problem with the NBER committee deliberations is its lag – usually six months
to one year after a turning point has occurred. This makes it of little practical use for
instant or direct decision-making purposes. Despite that, Issler and Vahid showed how to
use these deliberations ex-post to estimate weights on total output, income, employment,
and trade. This is what they have labeled “The Missing” Link between the NBER committee
deliberations and the behavior of the four series the NBER reportedly keeps track of. In their
empirical exercise, they found signs that the estimated weights are time-varying. Something
similar is reported in Chauvet (1998), where she claims different than historical roles for
the coincident series in the 1990 recession. Also, Stock and Watson (1988) argue that the
combinations of shocks that induce business-cycle behavior might vary from one cycle to the
next.

Our first original contribution is to propose a state-space model with time-variable weights
using the NBER decisions that can be estimated using the kalman filter. As Issler and
Vahid, we use canonical-correlation analysis to extract the cycles from the coincident vari-
ables (employment, industrial production, sales and income). With these cycles, we run an
instrumental-variable state-space probit regression fitting the NBER dummy variable esti-
mating time-varying coefficients related to each coincident series: the so called kalman Filter
Coincident Index (KFCI) and kalman Smoother Coincident Index (KSCI). Here, we integrate
state-space research with probit regression and instrumental-variable techniques, proposing
a unique algorithm to estimate a sensible coincident index able to track NBER deliberations.
This is our second original contribution. Based on coincident-index estimates, we construct
an optimal variable-weight leading index of economic activity using the canonical-correlation
procedure. This is our third original contribution.

The canonical-correlation analysis has an important role in our method. It extracts the
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cycles from the coincident series that have common features with the “business cycle”, where
by cycle we mean the information that can be linearly predicted from the past. This step
is important for the following reasons: (i) it allows us to extract the non-cyclical features
from the coincident series that could introduce noise in state-space estimation; (ii) it allows
combining present and past in linking coincident and leading indices, respectively, and; (iii)
it allows for the possibility of asymmetric cycles in coincident series.

The estimation procedure chosen for obtaining the state space probit model states esti-
mates is the extended iterated Kalman filter and smoother. Although this method is based
on a Taylor expansion, the predictive power of the implemented model ensures the good
quality of adjustment, as we report below. The NBER Business Cycle Dating Committee
uses information available at time t+ h, where h is some positive integer, to decide whether
the economy at time t is in recession or not. This generates a MA(h) structure at the error
terms. This dynamic structure is incorporated in the model, exploring the flexibility of the
state space formulation. We also adapt the procedure presented by Rivers and Vuong (1988)
to deal with presence of endogeneity in the data.

Our preliminary results are promising. Our model shows a significant gain to predict
recessions compared to Issler and Vahid (2006) one. For example, using the same data set,
our filtered probabilities predict 84.93% of the recessions, compared to 68.49% obtained by
them. We also have some evidence that the weights vary slight over time. The employment
weight varies over time in a range from 0.96 to 0.94 during the studied period. This confirms
a claim in a memo of the Business Cycle Dating Committee (Hall et al., 2002, p. 9) where
they state “employment is probably the single most reliable indicator [of recessions]”.

The structure of the rest of the paper is as follows. In Section 2 we present the econometric
and statistical background of our methodology. Section 3 presents our empirical results and
Section 4 concludes.

2 The model

We start this section presenting some aspects of canonical correlation analisys. We also
explain the data structure, show how the endogeneity problem arises.

2.1 Determining a basis for the cyclical components of coincident

variables

One of the innovations proposed by the Issler and Vahid (2006) was the use of the statistical
technique of canonical correlation analys, introduced by Hotelling (1935, 1936) to create
the coincident and the leading indices of economic activity. As stated before, the canonical
correlation analysis is important for allowing to extract the non-cyclical features from the
coincident series that could introduce noise in state-space estimation (Chauvet, 1998); it
allows combining present and past in linking coincident and leading indices, respectively,
and; it allows for the possibility of asymmetric cycles in coincident series.
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We mean as the relevant information the “cyclical” part of the coincident variables that
can be linearly predicted from the past information set. The set of past information includes
lags of both sets of coincident and leading variables. The inclusion of lags of leading vari-
ables in addition to lags of coincident variables in the information set serves two combine
the estimation of coincident and leading indicator indices and to allow for the possibility of
asymmetric cycles in coincident. For example, lags of variables such as interest rates and
the spread between interest rates are documented as nonlinear processes (Anderson, 1997;
Balke and Fomby, 1997). So, the canonical-correlation allows us to use this kind of relation
in the prediction procedure. As canonical correlation analyis extracts the “cyclical” compo-
nents of the series, we avoid contaminating the second step estimation by the presence of
“noises”disturb the estimation (as noted by Chauvet(1998)) in the series by excluding the
“non-cyclical” components from the explanatory variables.

Canonical analysis finds linear combinations of the both set of series, the coincident and
the leading one, that are more correlated to each other among all the possible linear combi-
nations. For setting notation, denote the set of coincident variables (again, income, output,
employment and trade) by the vector xt = (x1t, x2t, x3t, x4t)

′ and the set of m (m ≤ 4)
“predictors” by the vector zt (this includes lags of xt as well as lags of the leading vari-
ables). Canonical-correlation analysis transforms xt into four independent linear combina-
tions A(xt) = (α′1xt, α

′
2xt, α

′
3xt, α

′
4xt) with the property that α1xt is the linear combination

of xt that is most (linearly) predictable from zt, α2xt is the second most predictable linear
combination of xt from zt after controlling for α1 and so on. These linear combinations
will be uncorrelated with each other and they are restricted to have unit variances so as
to identify them uniquely up to a sign change. By-products of this analysis are four linear
combinations of zt = (γ′1zt, γ

′
2zt, γ

′
3zt, γ

′
4zt) with the property that γ′1zt is the linear combi-

nation of zt that has the highest squared correlation with α′1xt, for i = 1, 2, 3, 4. Again, the
elements of G(zt) are uncorrelated with each other, and they are uniquely identified up to a
sign switch with the additional restriction that all four have unit variances. The regression
R2s between αixt and γ′izt zt for i = 1, 2, 3, 4 which we denote by (r2

l , r
2
2, r

2
3, r

2
4) the squared

canonical correlations between xt and zt.
In the present application, we call (α′1xt, α

′
2xt, α

′
3xt, α

′
4xt) “basis cycles” in xt. Our view

that cycles are predictable from past information justifies the use of this term. It is important
to note that moving from xt to A(xt) is just a change of coordinates. In particular, no
structure is placed on these variables from outside, and no information is thrown away in
this transformation. Hence, the information content in A(xt) is neither more nor less than
the information content in xt:

The advantage of this basis change is that it allows us to determine if the cyclical be-
havior of the coincident series can be explained by less than four basis cycles. Note that
in the first basis cycle, i.e., the linear combination of xt with maximal correlation with the
past, reveals the combination of coincident series with the most pronounced cyclical fea-
ture. Analogously, the linear combination associated with the minimal canonical correlation
reveals the combination of the xt with the weakest cyclical feature. We can use a simple
statistical test procedure to examine whether the smallest canonical correlation (or a group
of canonical correlations) is statistically equal to zero. The likelihood ratio test statistic for
the null hypothesis that there are k significant cycles (i.e., there are 4 − k zero canonical
correlations) is
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LR = −T
4∑

i=k+1

ln(1− λ2
i )

which has an asymptotic χ2 distribution with (4−k)(m−k) degrees of freedom (see Anderson,
1984). It is customary to use (T −m) instead of T in the above statistic to improve its finite
sample performance. If the null is not rejected, then the linear combinations corresponding
to the statistically insignificant canonical correlations cannot be predicted from the past
and therefore can be dropped from the set of basis cycles. In that case, we can conclude
that all cyclical behavior in the four coincident series can be written in terms of less than
four basis cycles. Hence, the use of linear combinations of xts that are not associated
with a zero canonical correlation is equivalent to using only the cyclical components of the
coincident series. Any linear combination of the significant basis cycles is a linear combination
of coincident variables, which is convenient for our purposes, because it implies that our
coincident index will be a linear combination of the coincident variables themselves. If the
canonical correlation tests suggest that only one cycle is needed to explain the dependence
of the four coincident variables with the past, then that unique common cycle will be the
candidate for the coincident index. In such a case, our coincident index will be close to the
coincident index constructed using a single hidden dynamic factor approach. However, our
analysis, which is reported in Section 3, shows that this is not the case. Jumping to our
results, our proposed coincident index is a linear combination of three statistically significant
basis cycles that has a common cycle with the unobserved business cycle state of the economy.

2.2 Estimating a structural equation for the unobserved business

cycle state

Since we have obtained the cycles estimates, we have to use the information contained
at the NBER indicator to find the weights of each cycle in our coincident index. As the
NBER indicator is a dummy variable, one might think that all we have to do is to run a
probit regression using the NBER indicator and the cycles as explaining variables. But we
should consider some points. First, we have evidence that weights are time varying. So,
we should use a model specification that allows the coefficients of the probit model be like
that. The second point is that the NBER uses information available at time t + h, where
h is some positive integer, to decide whether the economy at time t is in recession or not.
This characteristic of the decision making of the NBER business cycle committee brings
some dynamic structure to residuals that we are going to explore in the next paragraphs.
The NBER recession indicator is important because it embodies some information about the
unobserved business cycle state of the economy. As will become clear below, the time-varying
linear combination of the coincident series that has a serial correlation pattern similar to that
of the unobserved state of the economy is neither the conditional expectation of the NBER
recession indicator given the past information set, nor the conditional expectation of the
NBER indicator given the coincident series.

We state the key assumption that enables us to estimate the coincident index here:
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Assumption 1 There exists a time-varying linear index of (the cyclical parts of) the co-

incident series that has the exact same correlation pattern with past information as the

unobserved state of the economy.

Note that we have enclosed “the cyclical parts of” in parentheses because it is redundant.
Although the index that has the same correlation pattern with the past will only involve
the significant basis cycles (i.e., will not involve white noise combinations of the coincident
series), these basis cycles are themselves (time-varing)linear combinations of coincident series.
Hence, the index will ultimately be a linear combination of coincident series.

Let yt denote the unobserved state of the economy and {c1t, c2t, c3t} denote the significant
basis cycles of the coincident series at time t. Assumption 1 clearly implies that there must
be a time varying linear combination of yt and {c1t, c2t, c3t} that is unpredictable from the
information before time t. That is,

E(y∗t − β0 − β1tc1t − β2tc2t − β3tc3t|It−1) = 0, (1)

where It−1 is the information available at time t − 1 and the movement equation for the
time-varying coefficients is the following:

βt = βt−1 + εt, (2)

where βt = (β1t, β2t, β3t)
′ and εt = (ε1t, ε2t, ε3t)

′ and the terms εit, i = 1, 2, 3 are white noise,
independent of cit, i = 1, 2, 3.

However, yt is not observed. Instead, we have the NBER indicator that is equal to 1
when, to the best knowledge of the NBER Dating Committee at time t + h; the economy
was in a recession at time t. That is, when the “smoothed” estimate of the unobserved state
of the economy based on information at time th is below a critical value1:

NBER =

{
1, if E(y∗t |It+h) < 0,
0, otherwise.

(3)

Using Eq. (1), we obtain

E(y∗|It−1) = β0+E(β1t|It−1)E(c1t|It−1)+E(β2t|It−1)E(c2t|It−1)+E(β3t|It−1)E(c3t|It−1) (4)

We should notice that we can compute E(βitcit|It−1) = E(βit|It−1)E(cit|It−1) because we
assume they are independent. Moreover, It−1 has information about the coincident vari-
ables, not about βit, i = 1, 2, 3, so E(βit|Is) = βit, ∀s ∈ (1, . . . , T ). Information about
βit, i = 1, 2, 3 comes from the NBER announcement and we deal with it using the state
space procedures, as we will describe in the following sections. From equation 4 we have

1This threshold value cannot be identified separately from the constant term in Eq. (1) from the data.

Therefore, without loss of generality, we assume that this critical value is zero (in other words, we let the

threshold value be absorbed in the constant term).
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E(y∗|It−1) = β0 + β1tc1t + β2tc2t + β3tc3t + ωt, E(ωt|It−1) = 0.

Because we can always write

E(y∗t |It+h) = E(y∗t |It−1) + ξt + ξt+1 + . . .+ ξt+h, (5)

where ξt+i is the “surprise” associated with new information arriving in period t + i, it is
straightforward to show that

E(y∗|It+h) = λ0 + β1tc1t + β2tc2t + β3tc3t + ut, (6)

ut = ωt + ξt + ξt+1 + . . .+ ξt+h (7)

where ut is unforeseeable given information at time t− 1 and has a “forward” MA(h) struc-
ture. So we can incorporate the “surprises” in our model as it is done in the following
equation:

E(y∗t |It+h) = β0 + β1tc1t + . . .+ βktckt + ξt + ξt+1 + . . .+ ξt+h + ωt. (8)

Since the cycles c1t, . . . , ckt are not observed, but modeled as cit = λi(γ
′izt) + υit it

might exist some correlation between the estimated cycles and the errors ωt. This possible
correlation is modelled as (

ωt

υt

)
∼ N

(
0,

[
σ2

ω σ′ωυ

συω Συυ

])
(9)

where the υit, i = 1, . . . , k, are collected in to a vector υt, λt and γ′izt for i = 1, . . . , k come
from the canonical-correlation analysis, συυ is a k × k diagonal variance-covariance matrix
of υt, and συu is a k × 1 vector of covariances between ut and υt. Because of measurement
error, the basis cycles c1t, . . . , ckt are correlated to ut. Joint normality of ut and υt implies
that

ωt = υ′tδ + ηt, (10)

where δ = Σ−1
υυσυu, ηt ∼ N(0, σ2

u − σ′υuΣ
−1
υυσυu) and ηt is independent of υt. Substituting, for

ut in equation (8), we obtain

E(y∗t |It+h) = β0 + β1tc1t + . . .+ β3tckt + ξt + ξt+1 + . . .+ ξt+h + υ′tδ + ηt, (11)

NBERt =

{
1 if ηt < −(β0 + β1c1t + . . .+ βkckt + υ′tδ),
0 if ηt ≥ −(β0 + β1c1t + . . .+ βkckt + υ′tδ).

(12)

This formulation allows us to write the following “measurement” equation:

Pr(NBERt = 1) = Φ(−(λ0+λ1v̂1t+λ2v̂2t+λ3v̂3t+β1tc1t+β2tc2t+β3tc3t+ξt+ξt+1+. . .+ξt+h)).
(13)

Notice that, by construction, all the regressors in (11) are uncorrelated with the error term
ηt. The normalization σ2

η = 1 make all the parameters identifiable. Since this transformation
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eliminates the correlation between the error term and the regressors, we no longer have the
endogeneity problem. We could estimate all the system, but since we there are so many
parameters and states to be estimated, it would be too demanding computionally. Jin and
Jorgensen (2005) pointed out this problems and adapted a two stage procedure to a Gaussian
model with time-varying coefficients. This solution motivated us to do the same. So, in this
paper we adapt the procedure presented by Rivers and Vuong (1988) for estimating our
time-varying probit models with presence of endogeneity. There are some other estimation
procedudure in the literature. We adopt Rivers and Voung’s procedure due its relative
simplicity.

The estimation procedure is described as follows:

1. Regress cit, i = 1, . . . , k, on zt to get υ̂it and Σ̂υυ, a consistent estimate of Συυ.

2. From υ̂it i = 1, . . . , k , form υ̂t an then get estimates of θt = (β0, δ
′) denoted by θ̂ and

of the states (β1t, β2t, β3t, ξt+h).

In their paper, Rivers and Vuong (1988) showed that their procedure produces strongly
consistent estimates and their estimators are asymptotically normally distributed.

2.3 The state space model

Since we are dealing with the time varying structure of the coefficients we can build a state
space model to estimate β1t, β2t and β3t. State space models are well presented in many
textbooks as Durbin and Koopman (2002), Harvey (1989), among others. The state space
approach has many interesting aspects, including the a straight forward way to deal with
time series patterns in the error terms. This aspect will be used in this work to deal with
the MA(h) structure in the residuals.

The Kalman filter due to Kalman (1960) is a direct way to estimate state space models.
It is widely used to estimate Gaussian state space models. As we have a limited information
dependent variable, we are must to use a probit state space method. Some methods of
estimation of non-Gaussian state space methods rely on Monte Carlo procedures. In this
paper we decided do not use them. Although the may generate more accurate results, the
are computationally intensive. Since one of our aims is to provide a “easy to use” tool for
practitioners, a monte carlo simulation can take too much time to generate estimates. The
method we decide to use is the iterated extended Kalman filter and smoother, very well
presented by Klein (2003). Although is based on a Taylor expansion of the probit equation,
what supposedly would make it loose some accuracy, our results give us strong evidence
that we are able to predict the state of the economy quite well as will be shown in the next
sections.

2.4 The iterated extended Kalman filter and smoother

As stated before, we decide to use de iterated extend Kalman filter and smoother to estimate
our state space model. Although, this method has the important drawback of being based
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on a Taylor expansion of the measurement equation, it is easy to implement and not very
demanding, by the computational point of view. Actually, the goodness of fit of the model
proposed is a strong argument we will use in favor of our choice. We should remember that
a practitioner needs to be able to process the data as soon it arrives to make his decisions
quickly.

As the result of the Taylor expansion of equation (13), we have the following approxi-
mating Gaussian equation:

ˇNBERt = φ(ψ̌t)
−1{NBERtη

−1
t − Φ(ψ̌t)}+ ψ̌t (14)

= λ0 + λ1 + λ2 + λ3 + β1tc1t + β2tc2t + β3tc3t + ξt + ξt+1 + . . .+ ξt+h + et, et ∼ N(0, V̌t),

where ηt = logitπ, φ is the Gaussian density function, Φ is the Gaussian cumulative distribu-
tion function, and ψ̌t = −(λ̌0+λ̌1v̂1t+λ̌2v̂2t+λ̌3v̂3t+β̌1tc1t+β̌2tc2t+β̌3tc3t+ξ̌t+ξ̌t+1+. . .+ ˇξt+h),
i.e., ψ̌ is a starting value of the iterated process. The variance Vt is given as follows:

V̌t = η−1
t exp ψ̌t(1 + exp ψ̌t)

−2φ(ψ̌t)
−2.

To run the Kalman filter it is necessary to write the measurement and the state equation
in matrix notation. We write using the notation and formulation proposed by Durbin and
Koopman (2002, p. 46 and p. 54). The measurement and the state equation are defined,
respectively, as follows:

ˇNBERt = Z∗
t α

∗
t + εt, ε ∼ N(0, V̌t) (15)

and

α∗t+1 = T ∗α∗t + ηt, ηt ∼ N(0, Q). (16)

Where Z∗
t = (1 v1t v2t v3t c1t c2t c3t 1 0 . . . 0), α∗t

′ = (λ0 λ1 λ2 λ3 β1t β2t β3t α
′
t)
′,

αt =


ˇNBERt

ξt + . . .+ ξt−h+2

ξt + . . .+ ξt−h+3
...
ξt

 , T ∗ =

[
I7 0
0 T

]
, T =


0 1 . . . 0
...

. . .

0 0 1
0 0 . . . 0

 , εt =



0
...
0
ε1

ε2

ε3

ξt+1
...

ξt+1


,

(17)

Q =

 04 0 0
0 Ση 0
0 0 Ση

 , Ση =

 σ2
η1

ση1η2 ση1η3

ση2η1 σ2
η2

ση2η3

ση3η1 ση3η2 σ2
η3

 and Σξ = σ2
ηIh. (18)
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The matrix Z∗
t is a 1×19 vector, α∗t is a (7+q)×1 vector, αt is a q×1, T ∗ is a (7+q)×(7+q)

matrix.
The state space model is completed with a initial distribution to the state vector: α∗t0 ∼

N(a0, Q0). To complete our statistical model, we write the equation that links the coincident
and leading variables:

xt = Π︸︷︷︸
4×m

zt + εt, (19)

where εt is normal and Π has rank 3.

3 Results

In this section we present some results. The first exercise is to compare our results to
Issler and Vahid(2006) ones. We also test the capacity of our model to predict the last two
recessions. Finally, we estimate the probability of the economy of the United States to be in
a recession in the last months.

3.1 The Data

Our analysis is based on monthly data from 1960:01 to 2008:03. The data covering the
period from 1960:01 to 2007:03 is used for estimation and quality of adjustment proposes.
The data from 2007:04 to 2008:03 is reserved for prediction of the status of economy in the
last months. This last sample period should be used for this, since we know that NBER
Business Cycle Committee needs at least from six to 12 months of forward observations to
decide about the state of economy at time t. The four coincident series, “Income” (It),
“Industrial Production” (Yt), “Sales” (St) and “Employment” (Nt) are defined in Table 3.1
and their growth rates are plotted in Figure 1. All the coincident and leading series used in
this work were seasonally adjusted, except the last two leading series presented at Table 3.1.
The four coincident series show signs of dropping during recessions, although this behavior
is more pronounced for Industrial Production (∆ lnYt) and Employment (∆ lnNt). These
two series also show a more visible cyclical pattern, whereas, for example, it is hard to notice
the cyclical pattern in Sales (∆ lnSt) or Income (∆ ln It). Before modeling the joint cyclical
pattern of the coincident series in (∆ ln It), (∆ lnYt), (∆ lnNt), (∆ lnSt), we performed
cointegration tests to verify if the series in (ln It, lnY t, lnNt, lnSt) share a common long-
run component. As in Stock and Watson (1989), we find no cointegration among these
variables.

3.2 Canonical Correlation Analysis

Conditional on a VAR(4) we calculated the canonical correlations between the coincident
series (∆ ln It, ∆ lnYt, ∆ lnNt, ∆ lnSt) and the respective conditioning set, comprising four
lags of (∆ ln It, ∆ lnYt, ∆ lnNt, ∆ lnSt) and four lags of the leading series. All the leading
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Table 1: Squared canonical correlations and canonical-correlation test.

Series definition

Coincident series

Industrial production

Employess in non-agricultural payrolls

Manufacturing trade and Sales

Personal income less transferences

Leading series

NPOHUA by Building Permits in PIP

Industrial production, durable consumer goods

Number Unemployed for Less than 5 Weeks

All Employees: Service-Providing Industries

10-Year Treasury Constant Maturity Rate

Interest rate spread: 10-Year - 3 months Treasury Constant Maturity Rate

series were transformed by taking the log difference, but the two interest rate series that
were transformed by taking the first difference. The canonical-correlation test results in
Table 3.2 indicates that all the cycles are not white noise. The last estimated squared
canonical correlation λ2

4 = 0.1340 is smaler to the value obtained by Issler and Vahid (2006).
To keep our model comparable to their, we decided to consider only the three orthogonal
basis cycles basis cycles to represent the cyclical behavior of (∆ ln It,∆ lnYt,∆ lnNt,∆ lnSt).
These factors, (c1t, c2t, c3t), were labeled as the coincident basis cycles and they are linear
combinations of the coincident series given by

 c1t

c2t

c3t

 =

 −0.63 3.10 2.18 6.38
0.58 −0.79 −7.46 2.21
0.76 −4.09 2.42 0.95

×


∆ ln Ii
∆ lnYi

∆ lnSi

∆ lnEi

 (20)

3.3 Estimates and comparison to our competitors

As long as we have the estimated cycles, we are able to estimate the state space model. We
also estimate the Issler and Vahid (2006) model to have a good benchmark of the ability to
predict the “state of economy”of our model.

Figure 2 shows the Kalman Filtered IVCI (KFIVCI) and the Kalman Smoothed (KSIVCI)
and the IVCI probabilities. Based on a cut-off point of 0.5, IVCI probabilities predict
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Figure 1: Coincident Series.

Table 2: Squared canonical correlations and canonical-correlation test.

Sq. Canonical correlations Degrees of freedom λ2
j and all smaller λ2

j = 0

λ2
j P-values (df corrected test)

0.5422 160 0.0000

0.2833 117 0.0000

0.2190 76 0.0000

0.1340 37 0.0002

recessions and expansions with accuracy of 68.49% and 98.15%, respectively. As Figure
?? shows, using the Kalman Smoother we are able to predict correctly 84.93% 82.38%
of recessions and expansions, respectively. Notice that we compare the IVIC estimated
probabilities to KSIVCI because the estimation of the IVCI uses all the information of the
sample. These number suggest a difference between our model to Issler and Vahid (2006)
one. Issler and Vahid model seems to predict better expansions and our seems to predict
better recessions.

Besides have good predictions, one of the aims of this work is to investigate how the
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Table 3: Accuracy of estimation based on a cut-off point of 0.5.

Estimators
State of Economy

Overall Recessions Expansions

KFIVCI 82.03 82.19 82.00

KSIVCI 82.38 84.93 82.00

IVCI 94.31 68.49 98.15

weights of the coincident series are varying over time. Figure 3 shows how the coefficient
weights vary over time. As it was reported by other studies, the employment series seems
to be the most important one to determine the status of the economy. Most of time, its
smoothed weight varies around 0.63 but a careful look at its behavior reveals that its co-
efficients are likely to increase at the recession periods archiving its larger value just after
the recession period in each recession period “neighborhood”. This behavior occurs at all
recessions but the last in 2001.

The opposite behavior occurs with the Industrial Production weights, which varies around
a value close to 0.30. It looks to decrease at the recessions periods, but in the last recession.
The same behavior presented by sales, which coefficients vary around a value close to 0.1.
The sales weights vary most of around 0.12 and the personal income vary close to −0.05
suggesting no significantly considered by the Business Cycle Committee. Table 3.3 shows
some descriptive statistics from the time-varying coefficients.

Table 4: Descriptive statistics of the smoothed weights.

Statistic Personal Income Industrial Production Sales Employment

Min -0.07 0.12 -0.07 0.52

First Quant. -0.06 0.28 0.10 0.60

Median -0.05 0.30 0.13 0.63

Mean -0.05 0.29 0.12 0.64

Third Quant. -0.05 0.32 0.15 0.67

Maximum -0.00 0.36 0.20 0.96
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Figure 2: Predicted and Smoothed probabilities using data from 1960:06 to 2007:03.

3.4 Predicting the last recessions

As long we have compared our model results to the Issler and Vahid (2006) we will make
some predictions exercises. We will check the ability of our model to predict the last 2
recessions and verify what it can say about the economic cycle in the last 12 months.

3.4.1 The last 12 months

As a final exercise we predicted the probability of recession of the economy in the in the
period from 1960:01 to 2007:03. These probabilities are plotted and and presented in Figure
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Figure 3: Filtered and Smoothed weights.

4 and Table 3.4.1, respectively.
Given the predicted probabilities in table 3.4.1 we see that with this model we predicts

probabilities greater than 0.5 in sequence since 2007:11.

15



1960 1970 1980 1990 2000 2010

0.0
0.2

0.4
0.6

0.8
1.0

Figure 4: Predicted probabilities of recession.

Table 5: Predicted probabilities for period from 2007:04 to 2008:03

Year and month Predicted Probability

2007:04 0.5709

2007:05 0.2992

2007:06 0.4357

2007:07 0.5562

2007:08 0.4347

2007:09 0.5473

2007:10 0.4439

2007:11 0.6280

2007:12 0.5872

2008:01 0.7926

2008:02 0.6226

2008:03 0.7812

4 Conclusion

The goal of this paper is to introduce a time varying structure on the IVCI and IVLI proposed
by Issler and Vahid since in their paper they relate some evidence that the weights of the
coincident variables are likely to vary over time. To do this we propose a state space probit
model. We also take advance of the flexibility of the state space formulation to incorporate
the time series structure that there exist on the residuals. With this set up, we deal with
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to problems: the endogeneity of the model and treat in a adequate manner the dynamical
structure of the residuals.

With this structure we observe some sort of variation in the weights. For example, for
the Employment series, that is (according to Hall et al., 2002, p. 9) “probably the single
most reliable indicator [of recessions]”, the weights vary from 0.96 to 0.52. We also have
some evidence that our index is able to predict better the recessions. For example, using
the same data set, our filtered probabilities predict 84.93% of the recessions, compared to
68.49% obtained by Issler and Vahid.
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