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Abstract

I propose a monthly index of non-asset-market uncertainty. The index is constructed
through an approximate dynamic factor model with several main uncertainty indices
as data. This strategy reduces extreme movements in the level of uncertainty, which
is more appealing with theory. Likewise, I compare the new index with indicators
of uncertainty and estimate the impact of an uncertainty shock on the dynamics of
macroeconomic and financial variables.

Keywords: uncertainty, risk, factor models, non-asset-market






Introduction

Uncertainty has been a primary concern in economics and sciences in general. Princi-
pally, since it has been separated from risk (Knight, . The distinction between
risk and uncertainty is that the former can be described by a distribution function with
the associated probability for each possibly outcome—where each possible outcome
is known—while the latter can not be characterized in this terms. This distinction
between the concepts is highly important for economy that according to Bernstein
it divided the history, i.e., the mastering of both phenomena mark a break in
study of sciences.

Although the interpretation of uncertainty developed by Knight make him
intractable in empirical studies, the current state of economics has moved to an
amenable concept. That is, the time-varying conditional second moment of the
series under study which is related with structural shocks such as terrorist attacks,
political events, economic crises, wars and credit crunches.

From Datta et al. (2017)) it becomes clear that there are currently many mea-
surements of uncertainty and each of them is used by different market agents and
professionals to measure it without being sure about which one is the best. Since
each one captures different movements, it is necessary to build an index following
the existing ones to use as much information as possible. Henceforth, this document
seeks to make three main contributions to the study of uncertainty. First, I develop
a non-asset-market uncertainty index'|—using the name of the category under which
Datta et al. classifies a set of uncertainty indices. This index has the ability to
summarize the common comovements share in the several uncertainty indices devel-
oped so far in the literature, i.e., capture all the relevant information in the economy
as a whole. Second, I analyze the dynamic relationship between uncertainty and real
and financial variables in the economy. This allows us to understand the role of un-
certainty inside the economy and the dynamics inside it. For instance, I document
a negative relationship between uncertainty and real and financial variables. Finally,
I show how the non-asset-market uncertainty index is more appealing theoretically
for being less volatility—problem in newspapers-based on uncertainty measures—and
had less extreme correlation with recession dates—problem in econometric measures
of uncertainty. This thesis is also available as a pdff] and a reproducible Rmarkdown

!The monthly index is available on: https://github.com/jpadilse/Undergraduate_Thesis/
tree/master/index/Data/Output/Non-Asset-Market.csv

“PDF: https://github.com/jpadilse/Undergraduate_Thesis/blob/master/index/_book/
Thesis.pdf


https://github.com/jpadilse/Undergraduate_Thesis/tree/master/index/Data/Output/Non-Asset-Market.csv
https://github.com/jpadilse/Undergraduate_Thesis/tree/master/index/Data/Output/Non-Asset-Market.csv
https://github.com/jpadilse/Undergraduate_Thesis/blob/master/index/_book/Thesis.pdf
https://github.com/jpadilse/Undergraduate_Thesis/blob/master/index/_book/Thesis.pdf

documentf]

The rest of this document is organized as follows. First of all, I review theoretical
and empirical studies of uncertainty in[Literature] Second, I describe the methodology
used to estimate the uncertainty index that is an approximate dynamic factor model
in Then, I present the data used and the transformations made to
them in Lastly, I show the main effects in which contains the index
proposed and its relation with the United States’ economy.

3Rmarkdown: https://github.com/jpadilse/Undergraduate_Thesis
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Chapter 1

Literature

In this chapter I first review the concepts of risk and uncertainty and them differences
in the section [Risk and Uncertainty] Then, I documented the history of index con-
struction in macroeconomics in [History of Indices Constructionl Finally, I show the
main uncertainty indices in the field—which use some of the methodologies exposed
in the previous subsection—in [Empirical Measurements of Uncertaintyi

1.1 Risk and Uncertainty

First of all, the uncertainty has been positioned inside a framework of irreversible
investment, i.e., for future investment opportunities is cautious to wait until the
uncertainty levels have passed. Therefore, aggregate uncertainty shocks affect invest-
ments, labor and in general reducing the real activity (Bernanke, . Moreover,
Romer showed that consumers postpone their acquisition of durable goods in
periods of high uncertainty. In addition, Bansal & Yaron declares that the
uncertainty results in reduction of equity prices through the reduction of long-run
growth in the economy.

Bekaert, Hoerova, & Duca study the relationship between uncertainty and
policy interventions. Conclude that uncertainty has an important role in the transmis-
sion of monetary policy mechanisms. This creates the question if facing uncertainty
requires considerable policy action or not.

1.2 History of Indices Construction

The Dynamic Factor Model (DFM) allows to solve a classic problem in empirical
macroeconomics: the construction of an index of indicators of economic activity. In
the DFM framework, the latent factor summarizes the comovements of the observed
variables. Hence, the estimate of a latent factor from a single DFM is an index of the
movements of the relevant series.

The first application of DFMs for monitoring the economy was the Stock & Wat-
son experimental coincident index (XCI), which was in operation between May
1989 to December 2003. This index was the result from the Kalman filter estimate
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of one single factor among four monthly coincident indices: total non-farm employ-
ment, the index of industrial production, real manufacturing and trade sales, and real
personal income less transfers. Stock & Watson showed that in retrospective
analysis, the XCI was successful in contemporaneous monitoring and in real-time de-
tection of the recession of 1990 although it was only good detecting up to six months
in the future.

After the use of DFMs for index construction, economists started estimated sub-
sequent indices through state-space models. First, monthly real activity indices for
US states (Crone & Clayton-Matthews, [2005)—that are active since 2005. Second,
the inclusion of mixed-frequency series to the XCI in Mariano & Murasawa .
Third, Aruoba, Diebold, & Scotti developed a mixed-frequency index for eco-
nomic conditions so-called ADS. In contrast, recent studies have focused in large
dimensional systems. Stock & Watson constructed the base for the Chicago
Fed National Activity Index (CFNAI), that is the principal components estimate of
the common factor in 85 real activity variables. Finally, an European Union real
economy activity index—mamed EuroCOIN—based on 145 Euro-area real activity
variables was developed by Altissimo, Cristadoro, Forni, Lippi, & Veronese (2010)).

1.3 Empirical Measurements of Uncertainty

Different measures of uncertainty and proxies of this have been proposed in the liter-
ature. Nevertheless, the classification used to describe these indices in this document
will be the underlying outcome, i.e., asset price or macroeconomic variable. Hence,
the allegedly uncertainty measures are divided as non-asset-market and asset-market.
In this document are considered the non-asset-market measures because these are the
base for the proposed indexﬂ

The first indicator in this category is the economic policy uncertainty index de-
veloped by Baker, Bloom, & Davis which is based on three underlying com-
ponents: news-coverage about policy-related economic uncertainty, tax expiration
code data and economic forecaster disagreement. The first component is an index
of search results from 10 major U.S. newspapers for articles that contain terms re-
lated to economic and policy uncertainty. The second component gauges uncertainty
regarding the federal tax code—through reports from the Congressional Budget Of-
fice (CBO)—by counting the number of federal tax code provisions set to expire
in future years. The third component relies on disagreement between professional
forecasters—through the Federal Reserve Bank of Philadelphia’s Survey of Profes-
sional Forecasters—as an indicator of uncertainty. Moreover, the authors have de-
veloped a new economic policy uncertainty index based on newspaper archives from
Access World New’s NewsBank service which contains the archives of thousands of
newspapers across the globe. Finally, the authors also have a subindice for monetary
policy—for each source, that is, one index draw from a balanced panel of 10 ma-

I This decision left out studies based on microeconomic information such as the cross-sectional dis-
persion of firms’ profits (Bloom, [2009)) and estimated time-varying productivity (Bloom, Floetotto,
Jaimovich, Saporta-Eksten, & Terry, [2018)).
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jor national and regional U.S. newspapers and the other one from hundreds of U.S.
newspapers covered by Access World News—that contains additional terms relevant
to monetary policy.

In the same vein as previous authors it is the monetary policy uncertainty index
from Husted, Rogers, & Sun . This newspaper-based index search for keywords
related to monetary policy uncertainty—related to the United States—in the New
York Times, Wall Street Journal and Washington Post. Then, scale the count by the
total number of news articles mentioning the Federal Reserve for each newspaper in
a given period. In short, the index measures the perceived uncertainty surrounding
the Federal Reserve Board’s policy decisions and their consequences.

On the other hand, Caldara & lacoviello proposed a geopolitical risk index
counting the occurrence of words related to geopolitical tensions in eleven leading
international newspapers. In other words, the index measures the risk associated with
events that affect the normal course of domestic politics and international relations.
The authors also have proposed two indices more for distinguish geopolitical acts and
geopolitical threats.

Scotti uses macroeconomic news and survey forecast to construct a measure
of uncertainty about the state of the economy. The author’s macroeconomic uncer-
tainty index is based on a weighted average of economic data surprises, where the
latter are the difference between consensus expectations and economic data releases.

Lastly, Jurado, Ludvigson, & Ng and Ludvigson, Ma, & Ng de-
veloped a macroeconomic, financial and real uncertainty index of uncertainty. These
measures are based on removing the forecastable component of the series. In brief, the
uncertainty can be constructed as an weighted average of the forecast error variance
of hundreds of economic series.






Chapter 2

Methodology

For the construction of the non-asset-market uncertainty index it is necessary capture
the common comovements in the series, for which is used a dynamic factor model that
is described in [Dynamic Factor Modell

2.1 Dynamic Factor Model

Following Stock & Watson , the DFM represents the evolution of a vector of n
observed time series, @;, in terms of a reduced number of unobserved common factors
which evolve over time, plus uncorrelated disturbances which represent measurement
error and/or idiosyncratic dynamics of the individual seriesE]. Throughout this chap-
ter, we use lag operator, so that a(L) = Y22, a;L*, where L is the lag operator, and
a(L)xy = 32 axs—;.

One form to write the model is its dynamic form which takes into account the
serial dependence in the data, i.e., which represents the dependence of x; on lags of
the factors explicitly.

2.1.1 Dynamic Form of the DFM

The DFM expresses a n x 1 vector ax; of observed time series variables as depending on
a reduced number ¢ of unobserved or latent factors f; and a mean-zero idiosyncratic
component e;. The DFM is,

x, = 20L)fi+e (2.1)

fo = L) fi+m
where x; (0, ¥x) and the lag polynomial matrices £2(L) and ¥(L) are n X ¢
and ¢q x ¢, respectively. Also, n; is the ¢ x 1 vector of (serially uncorrelated) mean-
zero innovations to the factors such that the factor innovations and the idiosyncratic
disturbances are assumed to be orthogonal , i.e., E(e;n,) = 0V t,s. The ith row
of (L), the lag polynomial w;, (L), is called the dynamic factor loading for the ith

T follow the notation proposed by Abadir & Magnus (2002).
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series, x;. The term §2(L)f, in Equation (2.1)) is the common component of the
ith series. Because in the basic model in Equation the observed variables are
assumed to have mean zero the uncertainty indices in are transformed prior to
the analysis.

If the idiosyncratic disturbance e; in Equation is serially correlated the mod-
els in Equation (2.1 and are incompletely specified. Then, the approximate
factor model of Chamberlain & Rothschild allows for such correlation.

2.1.2 Static (Stacked) Form of the DFM

The static, or stacked, form of the DFM rewrites the dynamic form in Equation (2.1
and to depend on r static factors F, instead of the ¢ dynamic factors f;, where
r > q. This rewriting makes the model amenable to principal component analysis.
Let p be the degree of the lag polynomial matrix $2(L) and let F, =
(fts fiis--5 fi_p)" denote an r x 1 vector of static factors—in contrast to the
shorter vector of dynamic factors. Also let A = ¢(Ag, A1,...,Apy), where Ay, is the
n x ¢ matrix of coefficients on the hth lag in $2(L). Similarly, let @(L) be the matrix
consisting of 1s, 0s, and the elements of ¥(L) such that the vector autoregression in
Equation is rewritten in terms of F;. With this notation the DFM in Equation

(2.1) and (2.2) can be rewritten,
ry = AFt + € (23)
Fy = ®L)Fi 1 +Gny

where } i
v v, v, v,
I, O O O 7
=0 I, O O and G = [0‘11
: : Txq
_O o ... 1, O |

2.1.3 Normalization of the Factors

Because the factors are unobserved, they are identified only up to arbitrary normal-
izations. Exact identification of the factor model can be ensured with the principal
components normalization, Bai & Ng refer to this normalization as the PC1
normalization, where the columns of A are orthonormal:

nTAA =1, (2.5)

and choosing the factors such that Xr = E(F,F{) is a diagonal matrix with distinct
diagonal elements in decreasing order. In other words, the first factor has the largest
variance and, hence, explains the largest part of the variance of &, among the com-
mon factors. The second factor, has the second largest variance, and so on. These
conditions are sufficient to guarantee identification of A but only up to the sign of its
columns.
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2.1.4 Estimation of the Factors and DFM Parameters

The parameters and factors of the DFM can be estimated using nonparametric meth-
ods related to principal components analysis or by parametric state-space methods.

Nonparametric Methods and Principal Components Estimation

Nonparametric methods estimate the static factors in Equation directly without
specifying a model for the factors or assuming specific distributions for the distur-
bances. These approaches use cross-sectional averaging to remove the influence of the
idiosyncratic disturbances, leaving only the variation associated with the factors.

Principal components minimize the variance of the idiosyncratic components, i.e.,
maximizing the part of the variance of the observed variables explained by the com-
mon factors in which A and F; in (2.3) are treated as unknown parameters to be
estimated:

min  V,(A, F),where V,(A,F) = — (z; — AF,) (x; — AF)) (2.6)

Fi,...Fr,A ni ;=

subject to the normalization in Equation (2.5). The solution to the least-squares
problem in Equation (2.6) is the principal components (PC) estimator of the factors,
E = n 1A x;, Where A is the matrix of eigenvectors of the sample variance matrix
of x, Zx =T! Zt 1 :ctmt, associated with the r largest eigenvalues of 3y, and
S =11 Pl 1FtF’ A’ZXA = diag(Ay,..., Ar). The eigenvalues Ay, ..., A\, are
the empirical variances of the factors with A\; representing the variance of the principal
component with the largest contribution to the variance of the data, Ay represents
the variance of the second-most important component, and so on. The properties of
this estimator are well discussed in Stock & Watson (2002]).

Parametric state-space methods

State-space estimation entails specifying a full parametric model for x;, e;, and f; in
the dynamic form of the DFM, so that the likelihood can be computed.

For parametric estimation, additional assumptions need to be made on the distri-
bution of the errors and the dynamics of the idiosyncratic component e; in the DFM.
A simple and tractable model is to suppose that the ith idiosyncratic disturbance, e,
follows the univariate autoregression,

eir = 0;(L)es—1 + vi (2.7)

where vy is serially uncorrelated. With the further assumptions that vy N(0, X2

yi=1,.. n and n YN0, X ), and {14} and {n;} are independent Equations (2.1)),

and constitute a complete linear state-space model.

Given the parameters, the Kalman filter can be used to compute the likelihood and
the Kalman smoother can be used to compute estimates of f; given the full-sample
data on {x;}. The likelihood can be maximized to obtain maximum likelihood esti-
mates of the parameters. The fact that the state-space approach uses intertemporal
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smoothing to estimate the factors, whereas principal components approach use only
contemporaneous smoothing (averaging across series at the same date) is an impor-
tant difference between the methods.

Hybrid methods

One way to handle the computational problem of maximum likelihood estimation of
the state-space parameters is to adopt a two-step hybrid approach that combines the
speed of principal components and the efficiency of the Kalman filter (Doz, Giannone,
& Reichlin, 2011)). In the first step, initial estimates of factors are obtained using
principal components, from which the factor loadings are estimated and a model is
fit to the idiosyncratic components. In the second step, the resulting parameters are
used to construct a state-space model which then can be used to estimate F; by the
Kalman filter.

2.2 Vector Autoregressions

2.2.1 The VAR model

A vector autoregression (VAR) with k time series variables consists of k equations—
one for each of the variables—where the regressors in all equations are lagged values
of all variables. When the number of lags in each of the equations is the same and is
equal to p, the system of equations is called a VAR(p). The coefficients of the VAR
are estimated by estimating each equation by OLS.

2.2.2 Lag Order

It is necessary to choose the lag-order p of the VAR models calculated in the next
sections. First, defining the maximum lag order that is considered reasonable as p,,q.
and the minimum lag order p,,;, set to zero one criterion is whether the lag-order
estimator is consistent for the true lag-order py where the DGP is VAR(py), provided
Pmin < Po < Dmaz- The Schwarz Information Criterion (SIC) and the Hannan-Quin
Criterion (HQC) are consistent for py in contrast to the Akaike Information Criterion
(AIC) (Liitkepohl, [2005).

On the other hand, it is worthy examine the finite sample properties of the lag-
order estimators. Even if we grant the premise that pnin < Po < Pz, ONEe may
not want to overrate the importance of the lag-order estimator being consistent.
The convergence of p toward py can be very slow in practice, and in small samples
consistent lag-order selection criteria tend to be strongly downbiased toward p.in
(Kilian, 2001). In small samples the distribution of the AIC lag-order estimates
tends to be more balanced about the true lag order than for the remaining criteria
(Kilian & Liitkepohl, . Likewise, because this study have no interest in the
lag order of the process but impulse responses, forecast, and related statistics that
can be written as smooth functions of VAR model parameters it is necessary assure
that these statistics of interest can be consistently estimated. They are consistently
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estimated as long as the lag order is not underestimated asymptotically. Besides,
the probability of the AIC overfitting the VAR model is negligible asymptotically
(Paulsen & Tjostheim, . Therefore, efficiency lost is not a major concern.

Furthermore, the MSE (Mean Squared Error) of the impulse-response estimates
is lower for models estimated with lags selected by the AIC in contrast with more
parsimonious criteria as SIC and HQC (Ventzislav & Lutz, .

Although the AIC seems to be the best option for select the lag order, Leeb &
Potscher , questioned the inference using data-dependent lag-order selec-
tion procedure for VAR models. One alternative approach that avoids this problems
is use models with fixed lags instead. As a result, fixed lag orders for all VAR models
are used. Also, since the data is monthly the appropriate lag order is 12 months.






Chapter 3

Data

In this section I show the sources used to retrieve the data necessary for the analysis
carried out in[Sources| Then, I check the lack of seasonality for each series in
llity]l Lastly, I describe the transformations made to each series in [Transformations

3.1 Sources

For the construction of the non-asset-market uncertainty index I use uncertainty in-
dices from distinct sources for the U.S. economy. Specifically, the indices are (following
the order proposed in Datta et al. , as discussed in [Empirical Measurements|
lof Uncertaintyj):

o The two variants of economic policy uncertainty index and the two variants of
monetary policy uncertainty index from Baker et al. . These indices are
available from January 1985 through September 2019 in the authors website
https://www.policyuncertainty.com.

o The monetary policy uncertainty Index developed by Husted et al. (2019).
This index is available from January 1985 through July 2017 in the website
https://www.policyuncertainty.com.

 The indices of geopolitical risk developed by Caldara & lacoviello (2018)). Specif-
ically, the benchmark geopolitical risk index, the geopolitical acts index and
the geopolitical threats index. These indices are available from January 1985
through November 2019 in the website https://www.policyuncertainty.com.

o The macroeconomic, financial and real uncertainty indices developed by Jurado
et al. (2015) and Ludvigson et al. (2015)) at all horizons. These indices are
available from July 1960 through June 2019 in one of the authors website https:
//www.sydneyludvigson.com/data-and-appendixes.

In |Estimates on the Impact of Non-Asset-Market Uncertainty Shocks| I estimate
several VAR models. The data for these exercises were taken from the Federal
Reserve Bank of Saint Louis (FRED: https://fred.stlouisfed.org/), Yahoo
Finance (https://finance.yahoo.com/) and Quandl (https://www.quandl.com/)
webpages through the API of each of them. Specifically, for the 11-variable VAR I
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use the industrial production index in 2012 prices; the total number of employees in
the non-farm sector in thousand of persons; real personal consumption expenditures
in 2012 prices; the personal consumption expenditures price index in 2012 prices; the
average hourly earnings of production and non-supervisory employees for all-sectors
in dollars per hour; average weekly hours of production and non-supervisory
employees for all-sectors in hours; effective federal funds rate in percent and M2
money stock in billions of dollars from FRED. Likewise, I use the new order index
from Quandl and the Standard and Poor’s 500 index from Yahoo Finance.

In addition, I estimate several models for the manufacturing sector in
essl In detail, T use the industrial production index in manufacturing sector known
as NAICS in 2012 prices, the total number of employees in manufacturing sector in
thousand of persons, average weekly hours of production and non-supervisory em-
ployees in manufacturing sector in hours, consumer price index (all urban consumers)
in 1982-1984 prices, average hourly earnings of production and non-supervisory em-
ployees in manufacturing sector from FRED, and the federal funds rate and Standard
and Poor’s 500 index as defined in the previous paragraph.

The sample spans from January 1985 to July 2017, which is the longest period
possible using these series—the uncertainty measures and the macroeconomic and
financial variables. This sample spans gives a total of T" = 391 observations.

3.2 Seasonality

All series were taken seasonally adjusted except the federal funds rate and the Stan-
dard and Poor’s 500 index but they don’t exhibit apparent seasonal components.
Nevertheless, it is a good practice to verify that the series are indeed free of seasonal-
ity (Kilian & Liitkepohl, . Therefore, I regress each series on seasonal dummies
and conduct a Wald test for the inclusion of regressors. There aren’t seasonality in
the series. The absence of seasonal components allow to avoid the overparameteriza-
tion of the VAR model in [Estimates on the Impact of Non-Asset-Market Uncertainty]|
Shocksl

3.3 Transformations

3.3.1 Basic

All series of which units are measured in prices need to be given the 100 x log() treat-
ment. On the other hand, the M2 money stock enter as continuously compounded

annual rate of change—1200 x log( Mﬂﬁl ), where M, is the M2 money stock. Likewise,
Py

the inflation series is computed as 1200 x log( P

), where P; is the price index.

3.3.2 Detrend

Since stochastic trends in economic time series variables pose problems for regression
analysis—see Stock & Watson (([1988]) for additional discussion—it is necessary detrend
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the variables. For this it was used the alternative methodology proposed by Hamilton
(2018)) which avoid the shortcomings of Hodrick-Prescott (HP) filter, i.e., spurious
dynamic relations that have no basis in the underlying data-generating process. The
method consist of a regression of the variable at date ¢ + h on the twelve most recent
values as of date tE| The h parameter is suggested to be seen as a period of two years
in the future—with monthly data are 24 months. In summary, the model fitted to
each series is an autoregressive—AR(12)—model, dependent on t + 24 look-ahead.
This is expressed more concretely by:

Yiroa = Pr+ Boy + Baye—1 + - + BisYe—11 + €142
Eiroa = Yipoa — B+ Boye + Bayp—1 + - -+ Bisyi—na

Which can be rewritten as:

Y = P14 Bol—oa + Bayr—os + - + PisYi—ss + € (3.3)
& = Y — B+ Boyi—oa + B3Yi—os + - 4 Bisli—ss

Therefore, all macroeconomic and financial variables are detrended with the Hamilton
method for the following sections.

'The original paper talks about quarterly data but because I use monthly data is necessary adjust
the seasonally parameter to allow one year (as do the original paper with four quarters).






Chapter 4

Results

In this chapter I present the uncertainty index that I proposed in [Non-Asset-Market]
[Uncertainty Index Then, I compare it with the uncertainty indices from which
it comes in [Correlation with Other Uncertainty indices, After that, I evaluate the
relationship between the new index and some real and financial variables in
lon the Impact of Non-Asset-Market Uncertainty Shocks. In the next stage, I show
how my proposal forecast is better than alternative indices in [Forecasting] Finally, I

perform several robustness exercises in [Robustness|

4.1 Non-Asset-Market Uncertainty Index

I estimate the non-asset-market uncertainty index following the quasi-maximum like-
lihood estimator of Doz, Giannone, & Reichlin as described in [Dynamic factor|
model] although alternative estimators are tested in [Robustness, Moreover, I use one
dynamic factor, one static factor and one lag in the specification of the model because
I am looking for one single summary index that captures the common comovements
of uncertainty, hence, one dynamic and static factor seems appropriate. This binds
the lag order to one as the lag order can not be greater that the ratio between the
number of static factors and the number of dynamic factors (Kilian & Liitkepohl,
2017]).

Although the goal to construct one economic index from the underlying series,
it is worthy to show all factors and its behavior. Each factor is associated with an
eigenvalue of the correlation matrix of the the raw data. The first factor is associated
with the largest eigenvalue, the second factor with the second-largest eigenvalue, and
so on. A scree plot displays the marginal contribution—the average additional ex-
planatory value of the kth factor—of the kth principal component to the average R?
of the n regressions of X against the first k£ principal components. Essentially, the
scree plot shows the ordered eigenvalues of 3" x normalized by the sum of eigenvalues.
The Figure displays the scree plot where only the first factor is significant. Like-
wise, the plot shows a bend and only the first factor is above this sharp break—which
suggest one factor following the scree test of Cattel . In summary, a single
component is appropriate for summarizing this dataset.
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Figure 4.1: Scree Plot for Uncertainty Dataset: The Figure shows
a scree plot with the variance explained by each factor. The percentage
explained taper off after the first factor—which is fill in black.
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Figure 4.2: Non-Asset-Market Uncertainty Index: The Figure shows
the non-asset-market uncertainty index from January 1985 to July 2017.
Grey areas correspond to NBER recession dates, including the peaks and
troughs. The horizontal line corresponds to the 95 percentile of the empirical
distribution of the index. The original measure is scaled to start at 100.

In the Figure is presented the non-asset-market index together with the re-
cession dates in the United States as indicated by the National Bureau of Economic
Research (NBER). Also, the 95th percentile of the series is presented a solid hori-
zontal bar. The index peaks coincide with well known episodes of uncertainty in the
economy as the Black Monday in October 1987, the bursting of the dot-com bubble
and the Great Recession 20072009, although only the last has a considerable impact.

The index is clearly countercyclical, the cross-correlation with industrial produc-
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tion growthﬂ is -0.69. In the same period, the cross-correlation for the macroeconomic
uncertainty index from Jurado et al. is -0.73. The latter shows that the new
index has less pronounced peaks around the recession dates of the economy, which is
more appealing to a continually level of uncertainty in the economy.

I report in Table descriptive statistics for the non-asset-market uncertainty
index. The skewness, kurtosis, persistence and half-life for the full sample and for
two sub-samples are presented (January 1985 to July 2007 and August 2007 to August
2017). This break date was chosen after testing for a break at an unknown date in
the autoregressive model of the shocks persistence: AR(1) with drift. The basic idea
is to calculate an F statistic—often called Chow statistic, named for its inventor,
Gregory Chow —for each conceivable breakpoint in the interval 7, = 0.15T
and 71 = 0.857, where T is the total number of observations, and reject the null
hypothesis of structural stability if the largest of the resulting F statistics exceeds a
certain critical Valueﬂ (Andrews, . This modified Chow test is variously called
the Quand Likelihood Ratio (QLR) statistic (Quandt, [1960)F] Given that there is
evidence of one structural change in the model, it is necessary dating that structural
change. Bai and Perron , established a general methodology for estimating
breakpoints and their associated confidence intervals in OLS regression. Henceforth,
the two periods are choose following this methodology.

The summary statistics in Table for the full period are misleading. For the
first period of the sample the persistence is less that for the second period, so the
time before a shock halve the distance to the stationary mean is smaller. Moreover,
the distribution of the uncertainty index is different in location and shape for each
period: the first part is slightly asymmetric and it has fewer outliers while the second
part has more values above that below the mean and it has several values far from the
mean. Nevertheless, the similarity between both periods is substantial but the shock
for the Great Recession in 2007-2009. The last result can be though as evidence in
line with a level of uncertainty less volatile and extreme across the economy, which is
in concordance with the lower correlation founded in the last paragraph with a proxy
for business cycle: industrial production.

The persistence of the non-asset-market uncertainty index in the second sample
is greater, for example, than of the macroeconomic uncertainty from Jurado et al.
: 81 months versus 53 months. This shows that the level of uncertainty is
continual in the sample.

IThe industrial production growth is calculated as the 12-month moving average of monthly
growth rates (in annualized percentage).

2That is to say, an F statistic is computed for each potential breakpoint between 1989:M11 and
2012:M9 testing the hypothesis that the coefficients are constant against the alternative that they
have different values before and after the breakpoint, omitting the leading and trailing 15 % of
observations.

3See Hansen for additional discussion of estimation and testing in the presence of discrete
breaks. Also, see Perron for a general survey.
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Table 4.1: Summary Statistics of Non-Asset-Market Uncertainty
Index in Two Sub-Samples: The table reports estimations of skewness,
kurtosis, first-order autocorrelation coefficient and half-life of an aggregate
uncertainty innovation.

Sample period
Statistic 1985:M1-2017:-M7  1985:M1-2007:M7 2007:M8-2017:M7
Skewness 2.458 0.209 1.764
Excess kurtosis 8.888 -0.681 2.591
Persistence, AR(1) 0.989 0.983 0.992
Half-life (months) 62.789 40.543 81.368
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4.2 Correlation with Other Uncertainty Indices

Non-Asset-Market
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Figure 4.3: Correlogram Between the Non-Asset-Market Uncer-
tainty Index and Other Uncertainty Indices: The figure shows the
correlation matrix between the non-asset-market uncertainty index and other
indices. The variables are defined as: EPU (3C): economic policy uncertainty
index from three underlying components, EPU (News): economic policy
uncertainty index based on newspaper archives from Access World New’s
NewsBank service, MPU (AWN): monetary policy uncertainty from draws
on hundreds of U.S. newspapers covered by Access World News, MPU (10):
monetary policy uncertainty from draws on a balanced panel of 10 major
national and regional U.S. newspapers, MPU: monetary policy uncertainty
from draws on the Wall Street Journal, New York Times and Washing-
ton Post, MU (h): macroeconomic uncertainty at h horizon, RU (h): real
uncertainty at h horizon, FU (h): financial uncertainty at h horizon and
Non-Asset-Market: the uncertainty index propose in this document.

To understand the Figure the color in each cell represents a correlation between
the two variables that meet at each cell. The magnitude and direction of the corre-
lation is defined by the color spectrum in the legend of the plot. In general, the light
color represents a positive correlation and the dark color represents a low or even
negative correlation. Also, the rows and columns have been reordered—using princi-
pal components analysis, as explained in Friendly for correlograms—to cluster
variables together that have similar correlation patterns. It is shown from the shaded
cells that the non-asset-market uncertainty index is much more correlated with the
econometrics measures of uncertainty and less with the newspaper-based measures of
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uncertainty.

4.3 Estimates on the Impact of Non-Asset-Market
Uncertainty Shocks

I explore the dynamic relationship between my uncertainty index and some variables
from the United States’ economy. For that purpose, I use a benchmark model well
documented: the model proposed by Christiano, Eichenbaum, & Evans (2005)—and
used as a base in Chulia, Guillén, & Uribe . First, the characterization of
monetary policy is defined by:

re=9() +e (t=1,2,...,7T) (4.1)

Where, r; is the effective federal funds rate (understood as the monetary policy in-
strument), ¥ is a linear function, ), is an information set and &, is the monetary
policy shock, where it is assumed that ¢; is orthogonal to €.

Considering the n-dimensional vector y; as the set of variables to which the dy-
namic effect of an uncertainty shock will be analyzed, there is:

yt:(at re by Ut>/ (4.2)

The vector a; is composed of the variables whose values at the moment ¢ are contained
in €2; and it is assumed that they do not respond simultaneously to a monetary
policy shock: production, employment, consumption, inflation, new orders, wages
and labor. The vector b; consists of the values at the moment ¢ of all the other
variables in €2;, which simultaneously respond to a monetary policy shock: stock
market index and M2. In the last position, I place my uncertainty index v,—as do

Jurado et al. (2015)), Bloom (2009), and Chulia et al. 2017|ﬂ I estimate a VAR

model with 12 fixed lags, as opposed to the four quarters used in Christiano et al.
following the caveats of Leeb & Poétscher , , as discussed in
[Order] I recover the structural innovations by means of a Cholesky factorization of
the variance-covariance matrix. Since depending on whether the variables react or not
to other variables contemporaneously, the Cholesky decomposition implies a certain
ordering, the estimation order from more exogenous to more endogenous is the same
as of the Equation (4.2)).
The VAR model with constant term ignored can be written as follows:

Yy =AYy 1+ - +Apy_12+Cny (4.3)

where C'is a 11 x 11 lower triangular matrix with diagonal terms equal to unity, and n,
is a 11-dimensional vector of zero-mean, serially uncorrelated shocks with a diagonal
variance-covariance matrix. I estimate the parameters A; with:=1,..., 12, C, and
the variances of the elements of 7); using standard least-squares methods. Using these

1See for a detailed description of the series used in this section as the transformations made
to them.
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estimations, I compute the dynamic path of the variables following a one shock in vy
with initial conditions set to zero. This paths corresponds to the coefficients in the
impulse response functions, which are displayed in Figure [£.4]
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Figure 4.4: Economic Dynamics Under Uncertainty in the 11-
Variable VAR: The figure shows the reaction of the variables to an unex-
pected increment of non-asset-market uncertainty—model with 12 fixed lags
following Leeb & Pd&tscher , as explained in based on
1000 replications. The axes are in percentages but the federal funds rate is
in basic points and employment is in number of employees. The estimation
period runs from January 1985 to July 2017. Confidence bands (86 %) are
calculated using bootstrapping techniques as explained in Efron & Tibshi-

rani .

Production reacts negatively to an uncertainty shock and the persistence last until
the second year. Likewise, employment decreases following a uncertainty shock and
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the impact persists for the same time that production (two years). In contrast, new
orders reacts negatively faster and last for only one year after which its becomes
zero. Consumption reacts slowly to the uncertainty shock, this decreases after one
year and maintain its behavior for two years and a half (that is, six months more
than production, employment and new orders). The stock market index is severely
affected and his persistence last for the same period that the variables discussed so
far. Although, the series do not stabilize at a lower level as reported in Chulid et
al. . In addition, the federal funds rate also seems sensitive to an uncertainty
shock. Specifically, the Federal Reserve reduce the interest rate—which is significant
for the first year—that shows that the reduction in the stock market index is due
to uncertainty and not to movements in the interest rate. Finally, I don’t find any
evidence of the rebound effect evidenced in Bloom for production neither the
rebound effect evidenced in Chulia et al. for New Orders.

The Figure shows the forecast error variance decomposition (FEVD) which
allows to analyze the contribution of each variable to the h-step forecast error variance
of all other variables. Accordingly, the forecast error of the production series is
explained by uncertainty six months after the innovation in 10 %, twelve months
after in 25 % and twenty-four months after in 30 %. For employment, uncertainty
accounts for 10 % twelve months after the original structural innovation and 20 %
two years later. For new orders, the uncertainty accounts for 15 % of the variance six
months on and then stabilize in 10 %. For consumption, the uncertainty accounts for
less that 5 % in the first twelve months but after for 15 % of the variance. For the
financial prices—stock market index—the uncertainty accounts for the same amount
as consumption, i.e., starts in 5 % and then its stabilizes in 15 %. Finally, the forecast
error of federal funds rate is explained by uncertainty between the 5 % and 10 %.
These results confirm the importance of uncertainty as a driver of the economy’s
dynamics.

One important question to resolve is if monetary policy interventions have effect
on uncertainty. The Figure [£.5 shows the reaction of uncertainty to an unexpected
loosening of monetary policy; it can be see that there not a significant effect. That is
to say, an expansionary monetary policy does not have sizable impact on uncertainty.
In the same way, the forecast error of the uncertainty series is minimally explained by
an uncertainty shock—see Figure These findings are contrary to the documented
in Bekaert et al. and Chulia et al. which reports significant effects, and
add to the research field by exploring the relationship between policy intervention
and uncertainty.
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Figure 4.5: Forecast Error Variance Decomposition in the 11-
Variable VAR: The figure shows the percentage of variance of the h-step-
ahead forecast error due to a shocks of each variable, for h =1,...,60.

Source: Own calculation:
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Figure 4.6: Dynamics of Policy Intervention and Uncertainty in the
11-Variable VAR: The figure shows the reaction of uncertainty to an un-
expected loosening of monetary policy—model with 12 fixed lags following
Leeb & Potscher , as explained in based on 1000
replications. The axis is in units. The estimation period runs from January
1985 to July 2017. Confidence bands (86 %) are calculated using bootstrap-
ping techniques as explained in Efron & Tibshirani .
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Figure 4.7: Forecast Error Variance Decomposition for Uncertainty
in the 11-Variable VAR.: The figure shows the fractions of the forecast
error variance due monetary policy innovations. The estimation period runs
from January 1985 to July 2017.

4.4 Forecasting

The forecasting capabilities of the VAR model are evaluated with different uncer-
tainty indices through multistep-ahead forecasts—computed by iterating forward the
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reduced form VAR—in Table . The core idea, following Stock & Watson (2001)),
of an iterated forecast is that a VAR model is used to make a forecast one period
ahead (T + 1) using data through period 7. Then the model is used to make a
forecast for date T+ 2, given the data through date 7', where the forecasted value
for date T'+ 1 is treated as data for the purpose of making the forecast for period
T + 2. Therefore, the one-step ahead forecast is used as an intermediate step to make
the two-step ahead forecast. This process is iterated until the forecast is made for
the desired forecast horizon h. In other words, to compute multistep iterated VAR
forecasts h steps ahead, it is necessary to compute forecasts of all variables for all
intervening periods between 7" and 7"+ h. Since the ultimate test of a forecasting
model is its out-of-sample performance, Table focuses on pseudo out-of-sample
forecasts over the period from 2014:M4 to 2017:M7—that is the 10 % of the sample.
Likewise, it examines forecast horizons of three months, six months, nine months and
twelve months: h = 3,6,9,12.

Table shows the root mean square forecast error of the forecasting model for
several uncertainty indices. The mean squared forecast error is computed as the
average squared value of the forecast error over the 2014-2017 out-of-sample period,
and the resulting square root is the mean squared forecast error reported in the table.
For instance, Table[d.2]indicates that the VAR model with the non-asset market index
as last variable improves upon the VAR models with the economic policy uncertainty
or macroeconomic uncertainty in replace. Specifically, the forecast model with the
non-asset-market uncertainty index has lower error for employment, labor and stock
market index over the two remaining models and for production, wages and federal
funds rate is the second best.



Table 4.2: Root Mean Squared Errors of Simulated Out-Of-Sample
Forecasts, 2014:M4—-2017:M7: Entries are the root mean squared error
of forecasts computed recursively for vector autoregressions with different
uncertainty index—models with 12 fixed lags following Leeb & Po&tscher

(2005| [2006), as explained in Each model was estimated using

data from 1985:M1 through the beginning of the forecast period.

Forecast Production  Employment Inflation Wages Labor Federal Stock Market
Horizont Funds Rate Index
Non-Asset-Market Uncertainty Index
3 months 0.02 19.33 0.56 0.35 0.03 0.19 2.75
6 months 0.03 33.70 0.55 0.63 0.03 0.33 4.95
12 months 0.50 40.25 0.73 1.21 0.00 0.67 10.34
24 months 2.04 31.32 0.71 2.06 0.12 1.19 18.86
Economic Policy Uncertainty Index
3 months 0.13 33.56 1.07 0.29 0.03 0.08 0.79
6 months 0.27 61.39 1.11 0.55 0.05 0.16 1.53
12 months 0.48 72.29 1.11 1.07 0.04 0.30 6.41
24 months 3.78 76.29 0.77 1.78 0.11 0.34 17.80
Macroeconomic Uncertainty Index
3 months 0.04 15.56 0.56 0.36 0.03 0.19 2.93
6 months 0.06 27.24 0.53 0.64 0.03 0.34 5.29
12 months 0.57 32.30 0.74 1.22 0.01 0.66 10.71
24 months 2.18 44.50 0.73 2.08 0.13 1.19 19.52

e

symsoy p Ioydery)
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4.5 Robustness

I perform several robustness exercises varying the econometric methodology employed
to create the non-asset-market uncertainty index. I estimate the uncertainty index
using PCA (Stock & Watson, and PCA estimates runs through Kalman filter—
called two-step (Doz et al., —instead of quasi-maximum likelihood (Doz et al.,
2012). The results are summarized in Figure 4.8, In general, the uncertainty in-
dex behaves in a very similar fashion, regardless of the factor methodology used to
summarize the components of the series.

In the same way, I employ different variable sets and orderings in the VAR esti-
mated in [Estimates on the Impact of Non-Asset-Market Uncertainty Shocks| First,
I change the sector of the variables to the manufacturing sector with eight variables
following Bloom . The variables in the estimation order are production in man-
ufacturing, employment in manufacturing, labor in manufacturing, inflation (based
on all urban consumers), wages in manufacturing, federal funds rate, stock-market
index and non-asset-market uncertaintyﬂ The ordering is based on the assumptions
that shocks instantaneously influence the stock market, then prices (wages, inflation,
and interest rates), and finally quantities (labor, employment, and output). All vari-
ables are Hamilton detrended with a look-ahead period of two years (h = 24), as
explained in [Detrend]

Figure plots the impulse response function of industrial production in man-
ufacturing (the dashed line) to a non-asset-market uncertainty shock. The variable
displays a fall of around 0.85 % within 15 months. The confidence bands (shaded
area) are plotted around this, highlighting that this drop is statistically significant.
For comparison to a first-moment shock, the response to a impulse to the federal
funds rate is also plotted (dotted line) displaying a minor drop over the subsequent
2 yearsﬁ Figure repeats the same exercise for employment, displaying a sim-
ilar drop in activity. These findings are evidence that the overshoot observed by
Bloom ([2009)) is sensitive to whether the data are HP filtered—as claims Jurado et
al. (2015)—because this document uses the Hamilton filter but the same data.

In Figure the VAR results are show to be robust to a variety of alternative
variables sets and orderings. The VAR is reestimated using a simple trivariate VAR
(production in manufacturing, employment in manufacturing and non-asset-market
uncertainty only) which also display a drop (dashed line). The “quadvariate” VAR
(production in manufacturing, employment in manufacturing, stock-market index and
non-asset-market uncertainty only) also displays a similar drop (solid line), as does
the quadvariate VAR with the variable ordering reversed (dotted line). Therefore,
the response of production to an uncertainty shock appears robust to both the basic
selection and the ordering of variables.

Henceforth, Figures [4.8] and confirm the robustness of the DFM to
the methodology used and of VAR results to a range of alternative approaches over

5See for a detailed description of the series used in this section as the transformations made
to them.

6The response to a fall the stock-market (not plotted) is similar in size and magnitude to the
response to a rise in the federal funds rate.
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variable ordering and variable inclusion.
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Figure 4.8: Robustness to Estimation Method: The figure shows the
comparison between the non-asset-market uncertainty index using quasi-
maximum likelihood (Doz et al., , principal components (Stock & Wat-
son, and two-step (Doz et al., . All the indices have been stan-
dardized to make proper comparisons.
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Figure 4.9: Decline of Production Under Uncertainty in the 8-
Variable VAR: The figure shows the reaction of industrial production in
manufacturing to an unexpected increment of non-asset-market uncertainty
and to an unexpected increment of the federal funds rate—model with 12
fixed lags following Leeb & Potscher , as explained in
[der}—based on 1000 replications. The axis is in percentage. The estimation
period runs from January 1985 to July 2017. Confidence bands (86 %) are
calculated using bootstrapping techniques as explained in Efron & Tibshi-

rani .



4.5. Robustness 31

......

60- - Sl
45-

30- <
15- e

-15- v \ ./. e

-30- I TN . -

Impact on employment
o
1
\

-60- 0 ¢
-75- -
0 5 10 15 20 25 30 35 40 45 50 55 60
Months after the shock

- =+ Response to a federal funds rate shoek- Response to a non—asset—market uncertainty sht

Source: Own calculation:

Figure 4.10: Decline of Employment Under Uncertainty in the 8-
Variable VAR: The figure shows the reaction of employment in manufac-
turing to an unexpected increment of non-asset-market uncertainty and to
an unexpected increment of the federal funds rate—model with 12 fixed lags
following Leeb & Pd&tscher , as explained in based
on 1000 replications. The axis is in percentage. The estimation period runs
from January 1985 to July 2017. Confidence bands (86 %) are calculated
using bootstrapping techniques as explained in Efron & Tibshirani .
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Figure 4.11: VAR Model is Robust to Different Variable Sets and
Ordering: The figure shows the reaction of production—both production
and employment are for the manufacturing sector—to an unexpected in-
crement of non-asset-market uncertainty. The axis is in percentage. The
estimation period runs from January 1985 to July 2017. The models are
defined as: trivariate (production, employment and non-asset-market un-
certainty shocks), Quadvariate (production, employment, stock-market and
non-asset-market uncertainty shocks) and Quadvariate in reverse (non-asset-
market uncertainty shocks, stock-market, employment and production).






Conclusion

I propose an index of non-asset-market uncertainty on a monthly basis for the United
States’ economy between 1985 and 2017. As such, it can be used as instrument to
evaluate policy interventions on economic uncertainty.

On the other hand, I identify a relation between the uncertainty index and es-
tablished periods of economic stress such as bubble regimes in the stock market. In
addition, I document a break in the persistence of the series before and after the
Great Recession 2007-2009. The series becomes more persistence and with shocks of
greater duration after this date.

Furthermore, I discussed why my uncertainty index has appealing characteristics
that made it more suitable for prediction and balances the extreme movements—
high volatility and extreme correlation with recession dates—from the traditional
uncertainty measures.

The dynamics observed within the VAR model are compatible with previous find-
ings. That is, a negative relation between the real variables such as production,
employment, new orders and consumption. In the same way, its evidenced a negative
relation with financial prices such as the stock market index.

Lastly, 1 explore the relationship between uncertainty and monetary policy. I
find that there are not a significant relation between both variables, which raises
questions regarding the capability of the central banks to fight uncertainty by means
of traditional monetary policy through interest rates.
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