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Abstract

Cement is a non-storable input in the medium- and long-term. The evidence in Chile shows
that cement supply and demand are in relative equilibrium, so the demand or supply of this
input can measure the activity in the structural construction or work. The aim of this paper
is to backcast the series of cement production since January 2009, using as an instrument
the connection of the series of cement sales, available on a monthly basis from 1991-2013. To
this end, we apply the Johansen cointegration method. Then, a model of state-space is pro-
posed to characterize the cycle of cement production, taking its connection with investment
in construction into account. Indeed, cement production, technically, is a leading indicator of
sectoral investment.

Key words: cement; construction investment; retropolation; cointegration; state-space;
Chile

1. Introduction

From an economic perspective, cement is an intermediate input of production, and thus an
important structural component of construction for social purposes or productivity (Aranoff
2011). A structural building system is formed by a combination of materials (including
cement) and labor (Norman 1979), and it is productive when it contributes to improving the
efficiency of the factors of production (labor and capital). For example, the construction of
roads and bridges, among other benefits, shortens travel times; and depending on the quality
(condition of roads), dampens the depreciation or deterioration of the vehicles, thus decreasing
maintenance costs.

To highlight the importance of using cement, the Center for Investigations of Resources
and Energy Consumption of Spain (Spanish acronym CIRCE1), maintains that about 70% of
a building’s weight is owed to the use of cement in the construction process. In practice, the
cement used during the construction of foundations is a combination of aggregates, water and
additives2. Processed cement is produced from this combination in the form of manufactured
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mortar concrete. Other uses include the preparation of mortar, stucco or masonry3. Moreover,
it is also extensively used in heavy construction work, like excavation, foundation building
and structuring (formwork and reinforcement mats)4.

Therefore, the use of cement processing corresponds to one of the first stages of activity
in housing construction and infrastructure works (non-residential building, civil works and
engineering). It is therefore reasonable to assume that the intensity of cement use could
anticipate the pace of economic activity in the next stages of the construction industry’s pro-
duction chain (facilities and endings), as well as predicting the need of hiring labor (Norman
1979). In this regard, Aisen and Jones (2009), in their attempt to project the dynamics of
short-term employment in Chile’s construction industry, stressed the usefulness of cement
shipments as decisive determinant of employment. The Chilean Chamber of Construction
(CChC5) has used the determinant to measure indicators of sectoral activity, such as the
physical index of industrial shipments, the index of Monthly Construction Activity (Span-
ish acronym IMACON) and the Index of Regional Construction Activity (Spanish acronym
INACOR).

Moreover, cement, at least in the medium-term, is a non-storable material (non-stockable6).
Therefore, producers in the industry recommend a use-by date of not more than sixty days
from the packing date indicated on the bag, and advise that after this period quality deterio-
rates7. This is because the rate of deterioration is very sensitive to humidity, as well as other
factors related to the warehousing environment. Indeed, the data of production (supply) of
cement provided by the National Institute of Statistics (Spanish acronym INE8) from Jan-
uary 2009, are relatively coincident with dispatches assumed (demand) and published by the
Institute of Cement and Concrete (Spanish acronym ICH9) from January 2009 to December
2013 - which is the last data available prior to discontinuation of the monthly publication
indicator. From the above it appears that the old and discontinued series of monthly cement
sales from 1991-2013 may be useful as an instrument in the backward projection of a new
series of monthly manufacturing of that input. This allows us to reconstruct a wealth of
historical observations of the new cement indicator (measured in tons) to stimulate future
research. In this sense, Table 1 shows the close relationship between demand and supply of
cement, published by ICH and INE, respectively.

In this paper the splicing methods evaluated are: (i) strictly linear and backward pro-
jection, and (ii) backward projection by cointegration. Both methods allow a new series of
splicing cement manufacturing in the period hitherto unobserved (1991-2013), using as in-
strument for backward projection the old dispatch indicator. However, the methodological
difference is in the structure of the long-term relationship to the series imposed during the pe-
riod (2009-2013) they share. Particularly, strict backcasting supposes the observations of the
backcasting variable and splice instruments come from the same data generating process, or
probability density function, and therefore the residual structure of the relationship between
variables is white noise; whereas backcasting by cointegration is less restrictive, requiring the
residual stationarity series integrated relationship between variables in the same order.

3http://www.melon.cl/
4http://www.dictuc.cl/
5http://www.cchc.cl/
6http://www.imcyc.com/
7Cemento Bío Bío, http://www.cbb.cl/
8http://www.ine.cl
9http://www.ich.cl

2



Finally, as validation method of the new spliced economic indicator of cement production,
we compare the dynamics of its cycle with investment in construction, after we evidenced a
significant contemporary high correlation to the annual growth rate indicator of cement with
construction investment - which is one of the main macroeconomic aggregates of the National
Accounts sector. The disaggregation of the cyclical component is based on the work of Clark
(1989), Kim and Nelson (1999) and Harvey (2011), who use a state-space model to estimate
unobserved variables such as cycle and the stochastic trend of a time series.

This paper therefore proceeds as follows: After this introduction, some results in Section
2 highlight the need to create an indicator of either use or production of cement. Section 3
explains the methodology of strict backcasting and of backcasting by cointegration analysis.
The results of the application of these backward projection methodologies are shown in Section
4.1. The validation in economical terms of the spliced indicator of cement production will be
discussed in Section 5. Conclusions are then addressed in Section 6.

2. Stylized facts

Cement, besides being an intermediate construction input, forms also part of the value of
Gross National Accounts (NPP), elaborated by the Central Bank of Chile (Banco Central de
Chile 2008). This is because engineering and construction works - partial components of gross
fixed capital formation - use cement intensively as material in the construction of structural
works. The percentage of intermediate use of cement in sectoral activity - defined as works of
civil engineering, building and other specialized activities - is 46.1% of the total value ($433.514
million at basic prices), generated by 111 economic activities of input-output of the parent
company for the base year 2008 (Banco Central de Chile 2008). Within building activities
engineering and residential building works stand out, with percentages of intermediate use of
cement around 20% and 18%, respectively (see Table 2).

Regarding the database, the number of monthly frequency of cement production is com-
piled by INE since January 2009. It covers the following input classifications: Portland
cement, molten cement, slag cement and hydraulic analog cements, except the Clinker ones.
The number of cement deliveries published by the ICH, corresponds to the monthly period
from January 1991 to December 2013. This indicator is derived from the consolidated data of
three large cement-producing regions in Chile: Bío Bio, Melón and Polpaico. Unfortunately,
ICH discontinued the publication of this monthly indicator in January 2014. Yet, there is a
need to continue such publication, given cement’s importance of being a leading indicator of
construction activity and because cement is an intensively used input in the early stages of
building structures. So, taking advantage of the similarity of the shipment levels with levels
of cement production, consistent with the characteristics of an input or non-storable factor,
we decided to backcast the new official series of cement in monthly stretches for the years
1991-2008, and so use this new series as a proxy for the intensity of cement use in Chile.

Considering the monthly period (2009-2013) shared by both time series, the following
sections 3 and 4 show a contrast and statistically significant relationship between cement
and the those same inputs, based on the technique of strictly linear backward projection,
the augmented unit root test of Dickey Fuller (DFA) (Dickey and Fuller 1979) and Johansen
cointegration (Johansen 1991, 1995). The existence of a stable and significant relationship
between the two indicators, allows backcasting (splice back) the production series of cement,
using the observations history of cement sales as an instrument of splice. In turn, this proce-
dure makes it possible to reconstruct a lot of historical evidence to characterize the economic
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cycle of cement production compared with the investment cycle in the construction stage of
the study that will be addressed in Section 5.

3. Linear backward projection

In this section we evaluate the possibility of backcasting (splice back) levels of cement
production (in tonnes), using as an instrument of splice the number of cement deliveries.
The first variable is provided by the INE, whose frequency is monthly and is available from
January 2009 onwards.The use or demand indicator of cement is published by the ICH, also
on a monthly basis and observed since January 1991, but truncated from January 2014.

3.1. Strict linear backward projection

The application of the strict linear backward projection method (RLE) requires both series
(cement production and sales) to be derived from the same process or function data generator
probability density. It should be noted that the application of this technique considers the
methodological assumption that cement can be treated as a non-storable input, according
to the analysis described in the introduction. To validate the relative coincidence existing
between levels of cement and tons shipped of the same input, at least during the period
shared by both series (2009-2013), we statistically test the hypothesis that the difference
between supply and demand of cement is white noise. If so, it is possible to apply the strict
linear backward projection technique. The following theorem states that two time series are
generated by the same process if their difference presents the characteristics of a process
of white noise, while matching their simple auto-correlation functions with a cross auto-
correlation function. The cross auto-correlation function (CCF) between the processes yt and
xt is

(1) ρ(yt, xt−h) =

∑n
i=h+1 yixi−h√∑n
i=1 y

2
i

∑n
i=1 x

2
i

,

for a lag h, and where we assume that the processes yt and xt are independent and identically
distributed (i.i.d). The CCF measures deviation between both series with regard to their
respective means samples. Replacing yt = xt in (1), we have the usual simple autocorrelation
function (ACF). From there we denote ρxy(h) = ρ(yt, xt−h) the CCF between xt and yt, and
ρx(h) = ρ(xt, xt−h) and ρy(h) = ρ(yt, yt−h) of the ACF and xt and yt, respectively.

Theorem 1. Let {xt} e {yt}, t ∈ N, be two weak stationary processes with means E(xt) = µx

y E(yt) = µy and auto-covariances given by:

E[(xt − µx)(xt−j − µx)] = γx(j), ∀j ∈ N,

E[(yt − µy)(yt−j − µy)] = γy(j), ∀j ∈ N,

respectively; under the conditions
∑
∞

j=0 |γy(j)| < ∞ y
∑
∞

j=0 |γx(j)| < ∞. Considering the

linear relation xt = yt+εt, εt ∼ RB(0, σ2), xt ∈ Ft+1, Ft+1 ≡ sp{ys : s < t+1, s ∈ N}, where
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sp generated space or span that includes its frontier, we have to

ρx(j) = ρy(j) = ρxy(j), ∀j ∈ N,

where ρx(j) and ρy(j) correspond to ACF between xt e yt, respectively; and ρxy(j) is the CCF

between the two processes.

Proof. Given the linear relationship xt = yt+ εt, we have γx(j) = E[(yt−µy)(xt−j −µx)]
and γy(j) = E[(xt − µy)(yt−j − µx)]. Furthermore, E(xt) = E(yt) since applying property
of expected alternations E(E(εt/yt)) = E(E(εt)/yt) = 0, by the classical assumption that
E(εt) = 0.

Under the assumption xt ∈ Ft+1, we have γx(j) = γy(j), and thus ρx(j) = ρy(j). Then,
since

γx(j)

γx(0)
=
E(yt − µy)(xt−j − µx)√

γx(0)2
,

we have ρ(j) = ρxy(j), ∀j ∈ N. Since ρxy(j) < ∞, the assumption is also true
∑
∞

j=0 ρ(j) =∑
∞

j=0 ρxy(j) <∞. �

Theorem 1 shows that if xt represents the levels of the new series of cement for the time
t, and the variable yt refers to tons used as the same input, then the RLE method consists
of simply modifying the levels of the new series, xt such that they retain the monthly rates
of change of the old series of dispatches, yt. In other words, we can backcast the new series
of cement for a monthly period between 1991-2008, based on rates of implied variation of
cement shipments - variables used as a splice instrument. Therefore, we must

xt−(j+1) =
xt−jyt−(j+1)

yt−j
, j = 0, 1, . . . ,m− 1,

where m is the number of months remaining of the indicator cement deliveries prior to the
publication of statistics of production of this input (January 2009). In our case, m = 216
(considering the months from January 1991 to December 2008), and t is corresponding to
the months when the reference variable (cement dispatches) are taken into account, used for
backcasting the period of unobserved cement production (1991-2008).

However, in practice the series subject to our study proved stationary, according to the
DFA test, unit root and the results are shown in Table 3. Therefore, to be consistent with
what is stated in Theorem 1, the analysis of the feasibility of the application of the strict
linear backward projection method will be based on the series expressed in prime differences.

Table 3 shows that the original series of production and sales of cement (xt and yt, respec-
tively), as well as their seasonally adjusted and into logarithms transformed versions (sa) were
not stationary in levels. However, the unit root was eliminated by taking prime differences of
the series in the logarithm (or monthly growth rates of the original series). So, the hypothesis
to be tested in this paper is that residues of the relationship between the monthly production
growth and cement demand follows a white noise process. For this purpose, the Box-Ljung
test (Ljung and Box 1978) is applied to the difference or residue of the first order integrated
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series, which is based on the following

Q(p) = n(n+ 2)
p∑

i=1

γ(i)2

n− p
,

where γ(i) is the ith autocorrelation, n is the sample size, and p are the degrees of freedom
equal to the number of autocorrelations. Asymptotically, Q(p) converges in distribution χ2

p.
For details, see Harvey (1990). In each CCF and ACF plots, the peaks are compared with

the 95% confidence bands computed as ±z1−α/2
√

1/n, where z1−α/2 denote the standardized
normal quantile related to a significance level of α = 0.05. This challenges the hypothesis
of absence of auto-correlation of order p in a time series. It is also used to prove that the
waste follows a white noise process. Here it is utilized to test the absence of a residual auto-
correlation relationship between production and demand of cement, both series expressed in
prime differences or integrated first order (see Figure 1).

As the ACF shows, it is possible to reject the hypothesis that residues of the relationship
between demand for cement production follow a white noise process, as some values exceed
(in absolute value) the Bartlett confidence bands. This finding is endorsed by p values of the
Ljung-Box test, situated in the rejection region distribution χ2, considering criteria of up to
1% of significance. Yet, since this result is not consistent with the provisions of Theorem 1, we
rule out the possibility of applying the method of strict linear backward projection in a series
of cement production. This leads us to the alternative, splicing cointegration time series, since
the manufacturing and sales of cement were being built by the same order. Also, the residual
term follows a regular rational process with spectral density, based on the ARIMA(2, 0, 1)
specification that follows from the correlogram (Contreras-Reyes and Idrovo 2011). This
method will be addressed in the next section.

3.2. Linear backcasting by co-integration

In this section we evaluate an alternative series of cement production backcasting through
the method of cointegration. In broad strokes, this technique assumes that - in a horizontal
or relatively wide time window - cement production fluctuates in line with the number of ce-
ment sales. So their difference or residue has been stable over time, even though initially both
variables (production and delivery) are not stationary or integrated of order one - denoted by
I(1). From an economic perspective, the existence of cointegration sees a relationship equilib-
rium or long-term relation between the variables of interest (demand and supply of cement)
while residues of this relationship represent the imbalances or transitionary misalignments of
the cement market. Although differences between levels of production and sales of cement
can be observed within the economy, cointegration supposes that there will always be latent
market forces that lead to the reestablishment of equilibrium in the long run. That is, we say
that the time series xt (production) and yt (firms) only cointegrate if a parameter set {α, β} is
non-zero, such that the linear combination of the type αxt+βyt is stationary or integrated of
order zero. In this case, it is said that the stochastic processes share common trends, so that
the presence of spurious correlations is either discarded or relationships without economic
function are present. For a full explanation of the above, consider the following system of two
equations:

xt = µt + εt,(2)

yt = ξt + νt,(3)
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where µt is the stochastic trend series of sales of cement (yt) and ξt is the corresponding trend
of cement (xt). It is recalled that all these variables are not stationary or integrated I(1).
In addition, there is no a priori reason to suppose equal trend measures, so µt 6= ξt. System
disturbances (εt, νt) follow each stationary stochastic process or I(0).

Consider the following linear combination of the systemic variables xt and yt with α and
β parameters: αxt+ βyt = αµt+ βξt+αεt+ βνt. In principle, not all lineal combinations are
stationary. The combination αµt + βξt is I(1), shows the result of the stochastic trends and
the combination of the error terms αεt + βνt is stationary, since disturbances are individual
processes I(0). Thus, for xt and yt to cointegrate, the stationarity of the combination on the
right side should be achieved of the equation, i.e. βyt + αxt ∼ I(0). This conjecture is only
alone if the following restriction αµt+ βξt = 0 is imposed, which means that both time series
share common trends, because one ends up being the function of the other. So that while the
trends can differ on levels in the presence of cointegration, the changing of ? t is proportional
to the other trend measure µt. Indeed, if αµt + βξt = 0, then µt = −(β/α)ξt.

Having verified the existence of cointegration, the backward projection of cement produc-
tion - conditional on the observed dispatches of that input as splice variable - the following
expression is obtained:

xt−(j+1) = −

(
β

α

)

yt−(j+1),

where j = 0, 1, . . . ,m − 1 (with m the number of remaining months being the indicator of
cement dispatches). Finally, the radius of parameters −β/α is the result of the normalizing
of the cointegrating vector (α, β)⊤, this is in order to clear the variable we seek to backcast
depending on the observed series, E(xt/yt) ∼ I(0).

3.3. Johansen cointegration test

Here we focus on the Johansen cointegration test for the specification and estimation
of a Vector Autoregressive Model (VAR) of order p (see e.g. Crowder and Wohar 2004).
Specifically, we analyze a bivariate VAR model to inferring a long-term relationship of two
time series: production and sales of cement. Without loss of generality, consider the following
model VAR(1):

(
xt
yt

)

=

(
a1
a2

)

+

(
φ11 φ12

φ21 φ22

)

︸ ︷︷ ︸
Φ

(
xt−1

yt−1

)

+

(
ǫ1t
ǫ2t

)

,

where the variables xt e yt are processes I(1) and the error vector (ǫ1t, ǫ2t)
⊤ are innovations

with zero mean and constant variance. Alternatively, based on the Johansen technique, if we
subtract the vector (xt−1, yt−1)

⊤ on both ends of the system of equations of the model VAR
(1), then this can be restated in a similar manner to the specification used in the contrast of
the Dickey-Fuller unit root:

(
∆xt
∆yt

)

=

(
a1
a2

)

+

(
φ11 − 1 φ12

φ21 φ22 − 1

)

︸ ︷︷ ︸
Π

(
xt−1

yt−1

)

+

(
ǫ1t
ǫ2t

)

.

The rank of the coefficient matrix Π that accompanies the lagged variables in the bivariate
VAR (1) model, contains information on the number of existing cointegrating vectors in the
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system. Here, if Π has rank 1, then there are two non-zero vectors of the dimension 2× 1, δ
and β, such that Π = δβ⊤, where the parameter β is the cointegrating vector or long-term
relationship between production and sales of cement, and δ is the vector parameter of speed
and short-term adjustment of the error correction vector (VEC). In this case, β⊤(xt, yt)

⊤ is
a stationary linear combination I(0).

Since the variables xt and yt are not stationary or integrated of first order, then the
equation of lag operators (I2 −ΦL = 0), L = (λ1, λ2)

⊤, contains at least one root unit. So,
from the canonical decomposition of Φ, the roots λ1 and λ2 satisfying |Φ− λI2| = 0 envision
the existence of a cointegrating relationship to be one of them equal to the unit. This is
equivalent to say that two variables (xt and yt) share common trends. For example, if we
choose λ1 = 1 and |λ2| < 1, then φ11 = 1−φ12φ21/(1−φ22). Using the latter and returning to
the definitions of xt and yt raised in (2) and (3), the VAR(1) bivariate model can be expressed
by (

∆µt
∆ξt

)

=

(
a1
a2

)

+

(
φ11 − 1 φ12

φ21 φ22 − 1

)(
µt−1

ξt−1

)

+ Ω

where

Ω =

(
φ11εt−1 + φ12νt−1 + ǫ1t − εt
φ21εt−1 + φ22νt−1 + ǫ2t − εt

)

Then, replacing φ11 in the coefficient matrix Φ, cointegration satisfies the following system
according to the stochastic trends xt and yt:

(
−φ12φ21

1−φ22
φ12

φ21 φ22 − 1

)(
µt−1

ξt−1

)

=

(
0
0

)

with

|Φ− I2| =

∣∣∣∣∣
−φ12φ21

1−φ22
φ12

φ21 φ22 − 1

∣∣∣∣∣ = 0

(here λ1 = 1 prevailed). Therefore, variables xt and yt share common trends:

µt−1 =
1− φ22

φ21

ξt−1.

To perform the statistical test of the presence of one or more cointegrating relationships
between variables I(1), Johansen proposes the following test of two statistics, based on the
range or values of the characteristics of matrix Π:

(i) J = −n
p∑

i=r+1

ln(1− λi) (trace test),

(ii) J = −n ln(1− λr+1) (test of the maximum value of the characteristic root),

where λ is the largest eigenvalue of Π, p is the number of variables VAR model, and n is
the sample size. The trace test contrasts the null hypothesis of r vectors cointegration versus
the alternative hypothesis p cointegrating relationships. The test of the maximum eigenvalue
evaluates the hypothesis r cointegrating vectors versus the alternative r + 1 cointegrating
relationships. These tests asymptotically converge to χ2 distribution with critical values
developed by Johansen and Juselius (1990).
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4. Results

In this section, we use the Johansen test to backcast the new series of cement production
through the cointegrating relationship between supply and demand. If there is a stable long-
term relationship between production and sales of cement, it is feasible to backcast the first
series (of cement production) according to historical demand. However, prior to the applica-
tion of the Johansen cointegration test, it is necessary to define the optimal order of lags for
the unrestricted bivariate model estimation VAR.

The selection is based on the minimum value reached by the following statisticians: likeli-
hood ratio (LR), the Akaike Information Criterion (AIC) (Akaike 1974), Schwarz’s Bayesian
Information Criterion (SC) (Schwarz 1978), and the Hannan-Quinn criterion (HQ) (Hannan
and Quinn 1979). Table 4 shows that for a maximum of five potential setbacks, we conclude
that the optimal number of lags for the VAR model is equal to 3. This analysis is comple-
mented by the contrast of the hypothesis of the absence of VAR residual autocorrelation,
based on the χ2 statistic multiplier Lagrange test (LM-test). Table 5 shows that there is no
evidence that would warrant rejection of the hypothesis of serial autocorrelation absence in
the residuals of the unrestricted VAR(3) model, because the statistics of the χ2 tests for each
of the 10 delays considered in the residual structure exceed largely their respective critical
residual values, as noted in the p values at 5% significance. Therefore, the data suggest that
the specification of a VAR with three lags is appropriate to obtain wastes of white noise and
continue to the next step of our analysis, the application of the Johansen cointegration test.

Considering the estimation of the unrestricted VAR(3) model, we apply the trace test and
maximum characteristic value, both corresponding to the Johansen cointegration test. The
trace test confirms with 5% the significance of the existence of a stable long-term relationship
between cement production and sales during the monthly period from 2009-2013 (Table 6).
Specifically, the hypothesis of absence of a cointegration connection between the variables
of interest is rejected, since the value p = 0.01 indicates that the trace calculated from test
data (19.96) is greater than the critical value (15.5), with a level of significance α = 0.05.
Then, there is evidence to reject the hypothesis that there is at most one cointegrating vector
because the trace statistic (2.2) was less than the critical value (3.84), endorsed by the p value
that was obtained to contrast this hypothesis (0.14). This finding is confirmed by the test of
the maximum eigenvalue in Table 6.

Table 7 shows the cointegration vector normalized to the parameter series accompanying
tons of cement, so as to project back (backcast) the series of cement production in the period
not observed (January 1991 to December 2008). The estimate is conditional on the histor-
ical behavior of the number of sales of that input used in this paper as a tool for splicing.
Moreover, it appears that 67% of the variability in cement production is explained by changes
in the demand for the input, which is a good fit between the two series. Noting the value
of the coefficient of determination R2 and the Durbin Watson (DW) statistic, we rule out
the presence of spurious correlation between the variables considered in our analysis. Indeed,
Figure 2 compares the evolution of cement supply and its estimate, based on a cointegrat-
ing relationship with a confidence interval of 95%. Figure 3 shows the backward projection
made to the series of cement for the unobserved monthly period 1991-2008, with a confidence
interval of 95%.

Since the time series used in our analysis are expressed in logarithms, cement levels
(tonnes) and standard error were obtained (based on the properties of the log-normal dis-
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tribution) by

x̂t−(j+1) = exp

(

ϕ̂+ τ̂ ln yt−(j+1) +
σ̂2
ε

2

)

,

σ̂2
x = (exp(σ̂2

ε)− 1)x̂2
t−(j+1),

respectively; where x̂t is the backward projection of tons of cement production, ln yt is the
natural logarithm of dispatches, j = 0, 1, . . . ,m−1 is the backcast period with m the number
of remaining months as indicator of cement deliveries (January 2009 to December 2008),
and the parameter τ is obtained from the vector normalization cointegrating [α, β]⊤ (this
is in order to clear the variable we seek to backcast in the function of the observed series).
The variance σ̂2

ε is interpreted as the short-term imbalance or mismatch (transient) between
supply and demand of cement. The variance of cement supply, σ̂2

x, is the parameter used for
the design of the confidence interval [x̂t−(j+1) − z0.025σ̂x, x̂t−(j+1) + z0.025σ̂x].

To validate the backward projection indicator of cement from an economic perspective,
we calculate the cross-correlation between the annual growth of the quarterly series of cement
production (spliced) and the annual change in the key macro-economic National Accounts
(NPP), prepared on a quarterly basis by the Banco Central de Chile (2008). Considering
Eq. 1, we are interested in obtaining the cross-correlation between cement production x and
each one of the macroeconomic variables y: Gross domestic product (GDP) of the economy,
construction GDP, investment in the economy and sectoral investment. Figure 4 shows that
the annual growth rate of cement production is simultaneously and significantly correlated
with major NPP indicators, both at the national and sectoral levels. However, it can be
appreciated that the annual growth of cement production scores correlates somehow with
greater investment in construction (0.78) on the other macroeconomic indicators. So, in the
specification of the structural time series model (see the following section), we present this
relationship when estimating the cyclical component of cement production.

5. Characterization of the economic cycle of cement production

In Chile exist a lot of studies that measure aggregated economic cycles, but there is little
documented research on cycles in the construction area (Piguillem 2004). In this section,
we analyze the characteristics of recessive states of the cement production cycle in terms of
duration, depth and relationship with the cycle of investment in construction. The idea of
linking the cement cycle indicator with the investment cycle stems from the high correlation
(0.78) found between their respective rates of inter-annum change.

For this purpose, we use state-space models in order to disaggregate both cement produc-
tion and investment into two components not observed: cyclical/transitory and the stochastic
trend. The cyclical component accounts for short-term imbalances in the series with regard
to its evolution trend. Such detours could be due to transitory productivity shocks or distur-
bances from other sources, but be of short duration, as during the recession in Chile between
2008 and 2009, generated by the systemic effect of the international financial crisis (Cerda
and Vergara 2008). For its part, the stochastic trend path includes, among other factors,
permanent productivity shocks and structural or economic policy changes, such as fixing an
inflation target and the structural surplus rule, as stabilizing mechanisms of the economic
cycle (Banco Central de Chile 2007; Marcel et al. 2001), and the subsequent boom of public
works concessions which generated a level change in the evolution of investment (Idrovo 2012).
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5.1. Univariate model

The series of cement used in this section is normalized to the quarterly frequency in order to
be consistent with the sectoral investment of the Banco Central de Chile (2008). In addition,
we incorporate two lags in the dynamics of the cycle, in line with their level of significance
and the original structure put forward in the Kim–Nelson model (Kim and Nelson 1999).
The specification of a state-space model to estimate unobserved univariate components in the
construction sector is based on the work of Clark (1989), Kim and Nelson (1999) and Harvey
(2011). First, we conducted an exploratory exercise in which we ignored the ratio of cement
to construction investment, i.e.:

xt = et + ct,(4)

et = ft−1 + et−1 + νt,(5)

ct = φ1ct−1 + φ2ct−2 + εt,(6)

ft = ft−1 + ωt,(7)

where xt represents the production of cement, et is the stochastic trend component, and ct
is the cycle indicator. The et component follows random walk processes with time-varying

drift, ft, and noise νt
i.i.d.
∼ N(0, σν). Also, since the process ft has a noise ωt

i.i.d.
∼ N(0, σω),

the dynamic drift trend collected persists over structural changes or structural shocks in
the economy, so the trend series can experience level changes over time. The non-observed
component ct is the cycle of cement supply, which follows an autoregressive process and noise

εt
i.i.d.
∼ N(0, σε) (Kim and Nelson 1999). Finally, it is assumed that the system errors are

distributed as a normal with zero mean and constant variance. This assumption guarantees
the success of the maximum likelihood estimation of the parameters of the Kalman filter,
because it allows to decompose the prediction error of the state-space system and represents
the model as a dynamic recursive process (Harvey 1990).

Table 8 (top) first presents the results of the estimation by maximum plausibility of the
parameters of the univariate state-space model, i.e., the one that considers only the series of
cement production, ignoring their relation to the investment cycle in construction. In this
case, all coefficients were significant, according to the magnitudes of their standard errors. The
dispersion of the stochastic trend of producing cement is similar to its cycle. For its part, the
evolution of the drift of the trend was relatively stable. The following process cycle indicator
is stationary but with signs of long memory (φ1 + φ2 = 0.8) (Contreras-Reyes and Palma
2013). Figure 5a shows the evolution of the cyclical component of the cement production,
spliced by the cointegration method. We first present some cyclical behavior irregularities.
Particularly, a certain asymetry in its trajectory can be observed, i.e. the episodes of recession
tend to be more profound and lasting versus expansive states of the indicator. In principle,
this finding is inconsistent with the observations in the aggregate cycle of the economy (Idrovo
2010), given the significant correlation between the production of cement and macroeconomic
variables (see Section 4). This is because the recessionary periods have not been so deep and
lasting with respect to expansive episodes of historical average growth rates with a negative
sign.

5.2. Modelo bivariado

To add value to the above analysis we considered to leverage the significant relationship
discovered between the annual growth rates of cement production and investment in construc-
tion. Therefore, we incorporate this relation in the cyclic structure of the state-space model
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for the decomposition of cement in the stochastic trend and transitionary component. In this
case, the model of unobserved components is of bivariate kind, and additionally to cement we
include construction investment:

y′t = ut + vt,(8)

ut = gt−1 + ut−1 + ηt,(9)

vt = φ1vt−1 + φ2vt−2 + ǫt,(10)

gt = gt−1 + λt,(11)

where y′t is the logarithm of investment in construction (y′t = ln yt), ut is the component of

unobservable stochastic trend with noise ηt
i.i.d.
∼ N(0, ση), and vt is the cyclical component

of investment with stationary noise ǫt
i.i.d.
∼ N(0, σǫ). On the other hand, changes in the

country’s productivity occurred in the wake of the Asian crisis in 1999 (Durán-Palma et al.
2005), the significant development of infrastructure works concessions (Cámara Chilena de
la Construcción 2014), the international financial crisis of 2009 (Humphrey et al. 2009) and
cycle effects of mining investment (Cámara Chilena de la Construcción 2015), are evident in
the evolution of sectoral investment. Therefore, these productivity shocks are considered in
the dynamics of the term drift, gt, as the stochastic trend whose process of investment in

construction follows a random walk with noise λt
i.i.d.
∼ N(0, σλ).

Considering the system (4)–(7), we studied the following system for production cycles y′t
based on the cement trend system (8)–(11):

x′t = et + ct,(12)

et = et−1 + νt,(13)

ct = θ0vt + θ1vt−1 + θ2vt−2 + εt,(14)

where x′t is the logarithm of cement production (x′t = ln xt), and et and ct are the com-

ponents of the trend and unobservable cycle noiseνt
i.i.d.
∼ N(0, σν) and εt

i.i.d.
∼ N(0, σε), respec-

tively. Given the significant correlation of cement production with investment in construction
(section 4), the model considers a structure where the cycle of cement, ct, is related to the cycle
of investment in construction, vt, as shown in Eq. (14) of the unobserved model components.

Table 8 8 shows the estimated parameters by maximum likelihood of the bivariate model
of unobserved components. It demonstrates that the volatility of investment in construction
is mostly explained by the dispersion of the stochastic trend, regarding the volatility of the
cyclical component (ση ≫ σλ). For cement production, both terms (trend and cycle) have
similar variances (σν ≈ σε) as observed in the univariate model. However, the difference
lies in the magnitudes of their dispersions, i.e., the trend and the cycle indicator of cement
throws in the bivariate model a variance lower than when compared with that observed in the
univariate model, which is indicative of an improvement in fit. This is corroborated in part
by a higher value of the function log-likelihood, reported in the bivariate state-space model of
Eqs. (8)–(14). Moreover, no evidence of asymmetries are evident in the cyclical component
of investment, partly because it records a low persistence in its dynamics (φ1 +φ2 ≪ 1). This
result is analogous to the case of cement production, especially because their cyclical behavior
is strongly correlated with investment in the sector. Therefore, the fluctuations in the cement
indicator (monthly rate) can be a natural measure and advanced investment in construction
(whose publication is quarterly with a and two months lag).
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Figures 5(b)–(c) compare the evolution of the series of the trend and cycle of cement
production. Data were calculated with the uni- and bivariate state-space models. While the
univariate model assumes absence of a relationship between the cement cycle and investment
in construction, the bivariate model accounts for such a relationship. Figure 5d shows the
evolution of the stochastic trend in construction investment in the state-space bivariate model.
We can identify lower levels of sectoral investment in the crisis 1998-99, during which the level
of investment fluctuates below its stochastic trend. Furthermore, we can see that the recessive
state was preceded by an investment boom. Then, from 2006 on, a new growth cycle in
investment decisions, consistent with the boom of concessions in public works and the higher
economic growth during early 2008, can be observed (Idrovo 2012). In 2009 a negative gap
or low sector investment regime emerges in line with the effects of the international financial
crisis (Humphrey et al. 2009). After that, a marked acceleration of investment is observed
to settle in on its trend or long-term level. This is due to the high productivity of capital as
consequence of its scarcity in the aftermath of the 2010 earthquake (Siembieda et al. 2012).
Recently, construction investment fluctuates below its trend, which is a signal of low sectoral
activity. This result is explained by the process of normalization of the mining investment
cycle and construction which are derived therefrom (Cámara Chilena de la Construcción 2014,
2015).

Based on the structure of the bivariate state-space model, we need to extract the compo-
nent (not shown) of the stochastic trend series in investment in the construction sector. It is
possible to retrieve its cyclical evolution as a non-observed variable. Figure 6a demonstrates
that the investment cycle is highly correlated to cement production, so the lowest correlation
relative to their annual growth rates (Figura 6b) is due to the greater dispersion of the trend’s
component of sectoral investment versus the stochastic volatility trend of cement production
(ση > σν). Therefore, by correcting the dispersion of the tendency of both variables, they
exhibit practically coincident trajectories.

Table 9 summarizes the main characteristics of the production cycle of cement and in-
vestment in construction in the respective recessions of 1998-99 and 2008-09. It can be noted
that the recessionary conditions of the economic cycle for both indicators were selected on the
basis of recessive periods of aggregate activity. According to economic literature, recession
occurs when the quarterly GDP adjusted for seasonal effects, experiences negative changes
for two or more consecutive quarters (Bravo et al. 2002). Indeed, as a result of the Asian
crisis, seasonally adjusted GDP, decreased by 0.8% and 3.2% per quarter over the last two
quarters in 199810. Then in the years 2008-09, four consecutive seasonally adjusted declines
can be observed, whose magnitudes were -0.1% in the second quarter of 2008, -0.3% during
the third quarter of the same year, -1.8% by the end of 2008, and -1.2% in the first three
months of 2009.

Comparing these recessions in the depth or magnitude of falls and cycle time, we see in
Table 9 that the deadline is the period where the cycle peaked before declining, or experiences
a turning point into a recessive state. The minimum date is when the recession hit the bottom,
i.e., when it exhibited a positive turning point to head for a neutral state of the cycle. The
return refers to the date on which the cycle is normalized, i.e. arriving at its neutral level.
Duration is the time (in quarters) from deadline to minimum date. The length of recovery
is the time (in quarters) from when the recession bottomed (minimum date) until the cycle
(return) normalized. The gap max-min is the difference in percent between the maximum

10http://www.bcch.cl
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and minimum measurement stochastic trend, which reflects the depth of the cycle.The cycle
is before the points of gap percentage of the indicator on its stochastic trend, which indicates
the state prior to recession. In order to explore if the amplitude of the previous recession
cycle is able to anticipate the severity of it, we see that strong recessions can be preceded
by strong expansions and vice versa. The cycle corresponds to the gap after the percentage
points under its stochastic trend indicator.

6. Conclusions

In order to backcast a series of unobserved cement production on a monthly basis 1991-2008
two backward projection methodologies were evaluated: strictly linear backward projection
and backward projection for cointegration. However, we discarded backcasting based on
the strict method, after verifying statistically that the series subject to our analysis are not
embodiments of the same data generating process. This considered the monthly period that
share supply and demand for cement (2009-13).

Given the above, we proceeded to test the presence of a long-term relationship or coin-
tegration between the series of cement production supplied by INE and the series of cement
sales supplied by ICH, both in the monthly period 2009-2013. In this case, the requirement
for residual behavior between the two series is a weak stationarity and not the restrictive
properties of a white noise process. Indeed, the statistical evidence leaned toward the spicing
method of co-integration and the instrument of backcasting of the historical monthly series
provided by ICH (1991-2008).

Note that in this paper no deeper analysis of the origin of the disturbances in the sector,
in the sense that an external crisis or structural reforms, was undertaken and thus some
parameters may sensitize construction workers’ and enterprises’ policy preferences. To do so,
a general stochastic model of dynamic balance (DSGE) is required (Gupta et al. 2015). So,
our analysis focuses only on the behavior of the production cycle of cement and its link with
the cycle of sectoral investment. This is because our aim is to economically validate the utility
of a new monthly cement indicator as a leading indicator of the construction sector, which
should be based on its relationship with the quarterly series of investment in construction,
published by the Banco Central de Chile (2008).

A state-space model is then proposed to characterize the production cycle of cement,
considering its connection with investment in construction. The study found that cement is a
natural leading indicator of a cycle of sectoral investment. From the estimation of the cyclical
component of cement production and sectoral investment, both measured as the percentage
gap with their tendencies, we conclude that the qualitative characteristics (in terms of timing)
and the sizes of the gaps in the percentage cycle before and after their recessive stages are
analogous. Moreover, both indicators recorded strong contractions regarding their trend
measures during the 1998-99 and 2008-09 recessions. For now, there is no precise explanation
for this close behavior between the cement indicator and sectoral investment. However, it
is assumed that part of that could be the fact that cement is used highly concentrated in
the first production stages of the investment, which is very sensitive to variations in the
confidence of entrepreneurs and consumers about the economic outlook (Cámara Chilena de
la Construcción 2015). The results of the gap before the recessions’ cycle and the gap in the
cycle after them, are inconclusive as to whether the deepest recessions are usually preceded by
booms. It is probable that this is more evident in the case of series that involve more recessive
periods, such as the debt crisis of 1982 (Diaz-Alejandro 1985) and the 1990 recession, due to
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changing government (Durán-Palma et al. 2005; Cerda and Vergara 2008).
Finally, cement is a non-storable input in the medium and long-terms. Our results showed

that the supply and demand of cement are relatively coincident, so indiscriminately both
indicators measure activity in structural construction or structural work, which are in the
first stages of the production chain in the sector (Cámara Chilena de la Construcción 2015).
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Cámara Chilena de la Construcción (CChC). Marcela Ruiz-Tagle and Daniel Serey provided
especially illuminating and important comments. We also thank the National Statistics Insti-
tute (INE) to permit us access to the cement as analytical indicator database. The support
Harry Estay in the drafting of a cooperation agreement between INE-CChC is especially
appreciated.

References

Aisen, A., Jones, I. (2009). Modelo de corto plazo para proyectar el empleo de la construcción. Economía
Chilena 12, 77-82. Banco Central de Chile.

Akaike, H. (1974). A new look at the statistical model identification. IEEE Trans. Automat. Control 19,
716-723.

Aranoff, G. (2011). Competitive manufacturing with fluctuating demand and diverse technology: Mathemat-
ical proofs and illuminations on industry output-flexibility. Economic Modelling 28, 1441-1450.

Banco Central de Chile (2007). La Política Monetaria del Banco Central de Chile en el Marco de Metas de
Inflación. Publicaciones del Banco Central de Chile. http://www.bcch.cl

Banco Central de Chile (2008). Cuentas Nacionales de Chile. Compilación de Referencia.
Bergmann, R., Ludbrook, J., Spooren, W.P. (2000). Different outcomes of the Wilcoxon–Mann–Whitney test

from different statistics packages. The American Statistician 54, 72-77.
Bravo, H., Luna, L., Correa, V., Ruiz, F. (2002). Desestacionalización de series económicas: el procedimiento

usado por el Banco Central de Chile. Banco Central de Chile. Working Paper No. 177.
Cámara Chilena de la Construcción (2014). Infraestructura crítica para el desarrollo. Publicaciones de la

Cámara Chilena de la Construcción (CChC). http://www.cchc.cl

Cámara Chilena de la Construcción (2015). Informe de Macroeconomía y Construcción (MACh). Publicación
semestral de la Cámara Chilena de la Construcción (CChC), Informe MACh, No. 42. http://www.cchc.cl

Cerda, R., Vergara, R. (2008). Government subsidies and presidential election outcomes: evidence for a
developing country. World Development 36, 2470-2488.

Clark, P.K. (1989). Trend Reversion in Real Output and Unemployment. Journal of Econometrics 40, 15-32.
Contreras-Reyes, J., Idrovo, B. (2011). En busca de un modelo Benchmark Univariado para predecir la tasa

de desempleo de Chile. Cuadernos de Economía 30, 105-125.
Contreras-Reyes, J.E., Palma, W. (2013). Statistical analysis of autoregressive fractionally integrated moving

average models in R. Computational Statistics 28, 2309-2331.
Crowder, W.J., Wohar, M.E. (2004). A cointegrated structural VAR model of the Canadian economy. Applied

Economics 36, 195-213.
Diaz-Alejandro, C. (1985). Good-bye financial repression, hello financial crash. Journal of Development Eco-

nomics 19, 1-24.
Dickey, D.A., Fuller, W.A. (1979). Distribution of the estimates for autoregressive time series with a unit

root. Journal of the American Statistical Association 74, 427-431.
Durán-Palma, F., Wilkinson, A., Korczynski, M. (2005). Labour reform in a neo-liberal ’protected’ democracy:

Chile 1990–2001. The International Journal of Human Resource Managment 16, 65-89.
Gupta, R., Kanda, P.T., Modise, M.P., Paccagnini, A. (2015). DSGE model-based forecasting of modelled

and nonmodelled inflation variables in South Africa. Applied Economics 47, 207-221.
Hannan, E.J., Quinn, B.G. (1979). The determination of the order of an autoregression. Journal of the Royal

Statistical Society B 41, 190-195.
Harvey, A. (1990). The Econometric Analysis of Time Series. 2nd ed. Cambridge: MIT Press.

15



Harvey, A. (2011). Modelling the Phillips curve with unobserved components. Applied Financial Economics
21, 7-17.

Humphrey, C., Loft, A., Woods, M. (2009). The global audit profession and the international financial archi-
tecture: Understanding regulatory relationships at a time of financial crisis. Accounting, organizations and
society 34, 810-825.

Idrovo, B. (2010). Cuál es el Crecimiento de Largo Plazo de la Economía Chilena? Una Respuesta Formal
para una Antigua Pregunta. Cuadernos de Economía 29, 31-55.

Idrovo, B. (2012). Inversión en infraestructura pública y crecimiento económico, evidencia para Chile. Cámara
Chilena de la Construcción, Documentos de Trabajo, No. 69.

Jarque, C.M., Bera, A.K. (1987). A test for normality of observations and regression residuals. International
Statistical Review 55, 163-172.

Johansen, S. (1991). Estimation and hypothesis testing of cointegration vectors in Gaussian vector autore-
gressive models. Econometrica 59, 1551-1580.

Johansen, S. (1995). Likelihood-based Inference in Cointegrated Vector Autoregressive Models. Oxford Uni-
versity Press, Oxford.

Johansen, S., Juselius, K. (1990). Maximum Likelihood Estimation and Inference on Cointegration with
Applications to the Demand for Money. Oxford Bulletin of Economics and Statistics 52, 169-210.

Kim, C.-J., Nelson, C.R. (1999). State-Space Models with Regime Switching: Classical and Gibbs-Sampling
Approaches with Applications. MIT Press Books, edition 1, volume 1, number 0262112388, June.

Ljung, G.M., Box, G.E. (1978). On a measure of lack of fit in time series models. Biometrika 65, 297-303.
MacKinnon, J.G., Haug, A.A., Michelis, L. (1999). Numerical distribution functions of likelihood ratio tests

for cointegration. Journal of Applied Econometrics 14, 563-577.
Marcel, M., Tokman, M., Valdés, R., Venavides, P. (2001). Balance Estructural: La base de la nueva regla de

política fiscal chilena. Economía Chilena 4, 5-27.
Norman, G. (1979). Economies of scale in the cement industry. The Journal of Industrial Economics 27,

317-337.
Piguillem, F. (2004). Los Ciclos Agregados y los Ciclos de la Construcción. Documento de Trabajo No. 18.

Cámara Chilena de la Construcción.
Schwarz, G. (1978). Estimating the dimension of a model. Annals of Statistics 6, 461-464.
Siembieda, W., Johnson, L., Franco, G. (2012). Rebuild fast but rebuild better: Chile’s initial recovery

following the 27 February 2010 earthquake and tsunami. Earthquake Spectra 28, S621-S641.

16



Table 1: Tons of Cement production and inputs (2009-2013). The test t (1) of equal average (p value = 0.991
monthly variance, p value = 0.159 annual variance), the Wilcoxon / Mann-Whitney (2) (Bergmann et al.
2000) of equal medians (p value = 0.974 monthly variance, p value = 0.170 annual variance), the F test (3)
of equal variances (p value = 0.323 monthly variance , p value = 0.777 annual variance), and the normality
test (4) (Jarque and Vera 1987) are calculated at 5% of significance.

Levels Monthly change Annual change
Production Offices Production Offices Production Offices

Mean(1) 374,361 359,124 0.001 0.001 0.024 0.052

Median(2) 377,377 356,398 -0.007 0.012 0.004 0.049
Maximum 453,783 446,803 0.226 0.269 0.313 0.241
Minimum 305,420 275,145 -0.189 -0.201 -0.164 -0.116

Std. Dev.(3) 34,139 41,801 0.091 0.104 0.099 0.094
Skewness 0.2300 0.188 0.207 0.211 0.574 0.193
Kurtosis 2.7428 2.254 2.688 2.699 3.194 2.224

Jarque-Bera(4) 0.694 1.747 0.660 0.659 2.713 1.505
Probability 0.707 0.418 0.719 0.719 0.258 0.471
n 60 60 59 59 48 48
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Table 2: Use of the product cement, lime and gypsum in the various activities of the economy (input-output
matrix, reference compilation of National Accounts 2008 (Banco Central de Chile 2008)).The manufacture
of concrete and other products is based on nonmetallic minerals (1). These activities are evaluated at basic
prices (2).

Activities Millon(2) Distribution (%)
Copper Mining 12,338 2.85
Other non-ferrous ores mining 7,657 1.77
Manufacturing cement, lime and plaster 25,147 5.80

Manufacturing concrete and other products(1) 178,597 41.20
Building residential buildings 78,458 18.10
Nonresidential building construction 18,074 4.17
Construction civil engineering works 87,498 20.18
Specialized construction activities 15,872 3.66
Others 9,874 2.28
Total 433,514 100.00
Source: Own calculations based on statistics from the Central Bank of Chile.
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Table 3: Augmented Dickey-Fuller unit root test production (xt) and offices (yt) cement (01/2009-12/2013).
p values in different y-levels are calculated with intercept. The lags are based on the Hannan-Quinn test
(Hannan and Quinn 1979). The series xt corresponds to cement (tonnes), yt corresponds to cement shipments
(tonnes) and (sa) corresponds to the seasonally adjusted version via the EX-12 program the Central Bank of
Chile (Bravo et al. 2002).

p values
Series levels in difference Lag n
xt 0.085 0 1 58
ln(xt) 0.095 0 1 58
yt 0.397 0 2 60
ln(yt) 0.554 0 2 57
x(sa)t 0.400 0 1 58
ln(x(sa)t) 0.362 0 1 58
y(sa)t 0.740 0 2 57
ln(y(sa)t) 0.746 0 2 57
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Table 4: Selection Criteria lags VAR model with endogenous variables: log(c new) and log(c old), and for the
period 2009–13 (n = 55). The criteria used are: sequential modified LR test statistic (each test at 5% level),
Akaike information criterion (AIC), Schwarz information criterion (SC), Hannan-Quinn information criterion
(HQ); and where the lag order selected by the criterion is marked in bold.

Lag LogL LR AIC SC HQ
1 131.797 3.29e-05 -4.647 -4.501 -4.591
2 143.209 2.51e-05 -4.917 -4.625 -4.804
3 154.315 1.94e-05 -5.175 -4.737 -5.006

4 155.102 2.19e-05 -5.058 -4.474 -4.832
5 156.977 2.37e-05 -4.981 -4.251 -4.699
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Table 5: VAR (3) residual serial correlation LM tests where the null hypothesis is not serial, the correlation
at lag order 3, p values are related to chi-square distribution with 4 degrees of freedom, and n = 57.

Lags LM stat. p value
1 3.467 0.483
2 4.160 0.385
3 4.250 0.373
4 6.499 0.165
5 5.632 0.228
6 5.234 0.264
7 6.614 0.158
8 2.024 0.731
9 1.184 0.881
10 2.570 0.632
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Table 6: Unrestricted cointegration rank test (trace and maximum eigenvalue). Trace indicates test 1 cointe-
grating eqn(s) at the 0.05 level. (1) Denotes rejection of the hypothesis at the 0.05 level. p values correspond
to MacKinnon-Haug-Michelis test (MacKinnon et al. 1999).

Hypothesized
Test No. of CE(s) Eigenvalue J Statistic Critical Value p values

Trace None(1) 0.272 19.960 15.495 0.010
At most 1 0.039 2.196 3.841466 0.138

Maximum eigenvalue None(1) 0.272 17.764 14.265 0.013
At most 1 0.039 2.196 3.842 0.138
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Table 7: Normalized vector cointegration.

ln xt ϕ̂ β̂

α̂
= τ̂ ln yt R2 DW σ̂ε

1 -4.635 -0.641 0.67 1.51 0.16
S.E. 0.751 0.059
t value 6.175 10.917
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Table 8: Estimation of univariate and bivariate unobserved components with cement production models.

Model parameters Est. S.E.
Univariate σν 0.020 0.008

σε 0.025 0.006
σω 0.000 0.001
φ1 1.116 0.112
φ2 -0.311 0.062
Log-likelihood 176.748 -

Bivariate ση 0.019 0.003
σǫ 0.021 0.004
σλ 0.000 0.000
φ1 1.283 0.142
φ2 -0.412 0.091
θ0 1.093 0.258
θ1 0.105 0.086
θ2 -0.110 0.063
σν 0.013 0.006
σε 0.012 0.003
Log-likelihood 477.581 -
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Table 9: Characteristics of past recessions. Events marked with (1) consider the 2010 earthquake (Siembieda
et al. 2012).

Years event cement construction investment
1998 maximum date 1998-II 1998-II

minimum date 1999-III 1999-II
return 2001-I 2001-I
duration 5 quarters 4 quarters
duration recovery 6 quarters 7 quarters
gap max-min 23.18% 21.39%
gap cycle before 7.84% 7.33%
gap cycle after -8.23% -7.12%

2008–09 maximum date 2008-III 2008-II
minimum date 2009-II 2009-II
estimated return 2009-IV 2009-IV

return(1) 2010-IV 2010-IV
duration 3 quarters 4 quarters
duration recovery 2 quarters 2 quarters

duration recovery(1) 6 quarters 6 quarters
gap max-min 16.55% 11.20%
gap cycle before 9.04% 7.80%
gap cycle after -3.51% -2.43%
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Figure 1: a) Correlogram residue or difference between inputs and cement (01/2009–12/2013). b) p values of
Ljung-Box test.
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Figure 2: Adjustment of cement production (xt, tonnes) from the cointegration regarding cement sales (yt,
tonnes), with a quarterly frequency for the period 2009-13.
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Figure 3: Backward projection of cement production (in tonnes) on a monthly basis for the period 1991-2015.
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Figure 4: Cross-correlation function (CCF) between the cycle of production of cement and lags-lead main
indicators of National Accounts.
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Figure 5: a) cyclical component of cement production (tons percentage points from the trend), b) cement
(tonnes) and its trend component, c) cyclical component of cement production (tons, points percentage from
trend), d) investment in construction (millions of pesos of 2008) and its trend component.
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Figure 6: Cycles and annual growth rates (%) of investment in construction and production of cement.
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