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Abstract

World economic aggregates are compiled infrequently and released
after considerable lags. There are, however, many potentially relevant
series released in a timely manner and at a higher frequency that could
provide significant information about the evolution of global
aggregates. The challenge is then to extract the relevant information
from this multitude of indicators and combine it to track the real-time
evolution of the target variables. We develop a methodology based on
dynamic factor models adapted to accommodate for variables with
heterogeneous frequencies, ragged ends and missing data. We apply
this nowcast methodologies to three variables of interest: global trade
in goods, global trade in services and world GDP in real terms. In
addition to monitoring these variables in real time, this method can also
be used to obtain short-term forecasts based on the most up-to-date
values of the underlying indicators.
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1 Introduction

On a global scale, there is a constant stream of economic information released by official and private sources.
National statistical authorities publish national accounts, balance of payments, government finances, monetary
statistics, data from the banking sector and a multitude of other socio-economic indicators. International actors
also compile and publish diverse statistical series. To this, one can add the data produced by commercial
statistical providers, with products such as public opinion polls or surveys of business confidence. Lately, there
has been an important addition to this list: private actors that collect statistical information as part of their
activities and that bundle them as standalone products. This includes, to name just a few examples, stock
exchanges, financial actors, port operators, retailers, and social media and social networking companies.

All these series provide a piece of information either on overall economy activity or on specific sectors. Although
this means that we can keep track of the state of the economy in real time, it also introduces the challenge of
sorting out the information that is relevant from that which is not. This problematic is exacerbated by a long
list of statistical complications: missing data, measurement errors, undercoverage, low signal-to-noise ratio,
heterogeneous frequencies, different starting and ending dates, asynchronous update schedule, constant
revisions, and others.

Assessing the real-time evaluation of macroeconomic variables based on a series of timely, high-frequency
indicators (a process that has come to be called “nowcasting”) is not new. The classical literature on coincident
and leading indicators (see, for example, Conference Board (2001) and OECD (2012)) is well established and
it has been applied in many areas. Bridge models, linking high frequency variables to a target variable of lower
frequency, are standard tools in statistical analysis (see Baffigi et al. (2004), Barhoumi et al. (2008) and Rossiter
(2010) for recent examples of their application to forecast economic activity). Progress in this area accelerated
with the development of more sophisticated techniques of data selection and processing, particularly after the
application of dynamic factor models by Stock and Watson (2002a,b), Forni et al. (2005) and Giannone et al.
(2008).

Dynamic factor models introduce the assumption that the observed indicators can be divided into two
components: one that can be attributed to one or a few (unobserved) factors that are common to all series,
and another that is specific or idiosyncratic to each component. The factor model serves to establish a mapping
between the common factors and the indicators. It is a dynamic model, so the factors are assumed to change
through time according to an autoregressive process. This model can be summarized through a statespace
representation, in which the mapping between indicators and factors becomes the measurement equation,
and the dynamics of the unobserved factors become the transition equation. The likelihood of this model can
then be calculated via the Kalman filter and the maximum likelihood estimators (MLE) obtained via standard
optimization techniques.

The simplicity of the dynamic factor model and its good empirical performance explain its positive reception as
a tool to nowcast or forecast economic variables based on many heterogeneous indicators. This solution was
later extended and applied to many contexts. For example, Mariano and Murasawa (2003) modified the model
to allow indicators of mixed frequencies and Camacho and Perez-Quiros (2010) developed this further by taken
into consideration variable reporting lags and the availability of early or “flash” estimates. Schumacher and
Breitung (2006) implemented some modifications to improve the forecasting performance of the model. Aruoba
et al. (2009) and Aruoba and Diebold (2010) constructed a similar model to incorporate very high frequency
indicators and a dynamic factor model that does not require the use of approximations. Matheson (2011)
applies the basic methodology but extends the application to simultaneously track economic growth in 32
economies by using country-specific and global indicators. The constant stream of economic indicators is
called “big data” by Bok et al. (2017) and in their paper they describe the nowcasting methodology of the
Federal Reserve Bank of New York, which closely follows some of the research cited above.

However, dynamic factor models are not the only methodologies used to tackle this problem. For example,
Clements and Galvdo (2008) use the mixed-frequency model (MIDAS) proposed by Ghysels et al. (2006a,b) to
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track output growth in the United States. This method allows to incorporate data sampled at different
frequencies in a flexible way. Marcellino and Schumacher (2010) and Ferrara and Marsilli (2014) also employ
this methodology to nowcast German and global economic activity, respectively. This paper will not explore
this approach since, as it will be explained later, recent developments in dynamic factor models also allow to
efficiently incorporate variables of mixed frequencies, in addition to overcoming other statistical complications
of empirical data.

The main objective of this paper is the development of a nowcasting methodology for world trade. The methods
will also be used to nowcast global economic activity to demonstrate how they can be applied to other target
variables. The standard dynamic factor model will be adapted to accommodate the characteristics of trade
variables, and it will incorporate the information available in an extensive list of indicators. The nowcasts will
be published in future releases of UNCTAD'’s Handbook of Statistics.

The rest of the paper is organized as follows. The next section will introduce the concept of nowcasting as
specifically applied to global trade variables. After that, Section 3 will describe the dynamic factor model and
the data transformations required. Section 4 will then present the application of this methodology to our
variables of interest and the results obtained. A final section will conclude and introduce some possible areas
of future work.

2 Nowcasting global trade variables

Most of the literature described above employs a nowcasting methodology to assess the evolution of global
economic activity. Only a handful of recent articles have applied this approach to international trade. Guichard
and Rusticelli (2011) develop a dynamic factor model for world trade relying on a set of monthly indicators.
Golinelli and Parigi (2014) uses an augmented bridge model based on theoretical-level relationships to jointly
assess world trade and economic activity. Finally, Barhoumi and Ferrara (2015) construct two leading indicators
for global trade: one relying on the traditional methodology of the Conference Board cited above, and another
based on dynamic factor models with single-frequency indicators.

Assessing the evolution of world trade is crucial for a comprehensive evaluation and forecasting of the
economy. Many countries rely on international trade as an important component of their economy and demand
shocks or episodes of price volatility can bring about severe periods of instability. It is therefore essential to
identify shifting trends and sudden changes of direction in these variables immediately or as soon as possible
after they occur. International trade is also a variable that can affect the entire national economy, creating
imbalances or influencing the effectiveness of economic policy. National authorities are therefore interested to
closely monitor this variable so that they can adapt their policies in a timely manner.

Figures on world trade are reliably published by international actors. However, they are only available after a
considerable lag and with a low frequency (annual or quarterly). Some providers release variables with a higher
frequency (monthly), but at the cost of lower coverage and greater variability. At the same time, there are many
variables from a multitude of sources that can potentially provide information on international trade. The
challenge of any nowcasting exercise is to extract the relevant information from a heterogeneous set of
variables affected, to a greater or lesser degree, with different statistical problems, and organize it into a
coherent statistical model.

Two approaches could be followed to monitor international trade. One is to target total figures of global trade
directly. The other is to monitor trade variables for the main trading countries or the most important sectors,
and then aggregate them into an overall estimate of trade. We prefer the former approach. This because trade
variables are influenced by global developments that cross national and regional boundaries: globalization and
the internationalization of production, growing importance of global value chains, emergence of large
multinationals and their reliance on intra-firm industrial processes spread all over the world, generalized

' For the latest release of this annual publication, see UNCTAD (2017).
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influence of exchange rate dynamics, rise of protectionism, extended effect of new technologies on production,
etc. All this may lead to the existence of business cycles that are specific to global trade, but different from
those at the country level. In fact, Burgert and Dées (2008) find evidence that this approach leads to improved
forecasts in comparison to the other (“bottom-up”) approach.

In this paper, we will rely on the dynamic factor models to nowcast global (aggregate) trade variables. We will
adapt the existing solutions to the specific characteristics of trade variables and the indicators that can
potentially be used to track them. However, it must be noted that this is not a macroeconometric model that
selects explanatory variables based on their causal linkages with international trade or by following a structural
model of the world economy. Instead, this is a statistical exercise where indicators are selected because of
their correlation with the target variable and their availability in a reliable and timely manner. The following
section will describe the methodology and the procedures followed to overcome the different data issues.

3 The nowcasting model

The goal of the exercise is to nowcast a target variable observed with low frequency (quarterly or annual) or
after a considerable lag based on a set of indicators that are available more frequently or after a shorter
publication lag. However these indicators are not necessarily available as a rectangular, balanced dataset.
Instead, they are affected with different statistical issues: mixed frequencies, different start and end dates (i.e.,
ragged ends), asynchronous timing of data publication, and missing data. The methodology employed to
calculate the nowcast should take into account these features of the data. This paper takes the methodologies
described in Mariano and Murasawa (2003) and Camacho and Perez-Quiros (2010) as starting points, and
extends them to incorporate additional types of variables relevant for nowcasting trade variables.

3.1 Mixed frequencies
The approach to overcome this issue is to express all variables in terms of the highest frequency available in

the dataset (in this case, monthly). This requires transforming the variables, through approximations if
necessary, so that they are all expressed in terms of monthly growth rates.

3.1.1 Annual variables

Let X2 be a variable observable once per year. This variable can be written as an aggregation of the last 12
observations of its corresponding (unobservable) monthly time series, in the following way.

XtA =" K7 A o Ay
Note that the t index refers to time in months and that the target variable is available only once every 12

months, with the rest of the observations missing. It is possible to represent this sum as 12 times the average
of the last 12 monthly observations.

12

In order to facilitate the construction of the model, the arithmetic mean will be approximated by the geometric
mean.2

2 This approximation is not expected to have a significant effect in the estimation, especially in cases where the rate of growth of the variables are small,
leading to a very small difference between the two means. However, in future extensions of this work, it would be interesting to consider exact filtering
procedures, such as the one proposed by Aruoba et al. (2009).
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Rearranging the elements above and letting
zg' =In X" —In X",

represent the monthly growth rates, we obtain the following approximation of the annual growth rate of a
variable in terms of its (unobservable) monthly growth rates.

1
Tl + 5000 (1)
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3.1.2 Quarterly variables

Let X2 be a variable observable once per quarter. Parallel to the treatment of annual variables described
above, this variable can be approximated by the geometric mean of the last three monthly observations.

X0 o BI(EPXE, X))

Taking logarithms and rearranging the terms, we obtain the following approximation of x2, the quarterly growth
rate of the variable, in terms of lags of x/", the corresponding (unobservable) monthly growth rate.

m 2 3 2 1
¥ A A S AN S AN S A @)

3 3 3 3

Q

Wl =

Quarterly variables are observed only once every three months and the rest of the series is treated as missing.

3.1.3 Monthly variables

Monthly time series expressed as monthly growth rates can be incorporated directly into the model. We will
denote them in this paper simply as

zy =In X" —In X7", 3)
However, some sources publish their data not as changes with respect to the previous month, but relative to

the same month of the previous year. This requires a special transformation before they are incorporated into
the model.

Let x[*12 be the rate of change of X, with respect to the same month of the previous year. Then the difference
in this rate over the preceding month can be expressed in terms of monthly growth rates.
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.%'?12 = fll'?zllz = (lnXtm - lnthiH) - (lnthil - lnthll?’) (4)

_.m m
=Ty —Ty_q9

3.2 Ragged ends and missing data

The mixed-frequency database that will be used to estimate the model may be affected by the presence of
missing data from three sources. First, the series may have some missing information directly from the source
and no official imputation is available. Second, some variables are only observed once per year or quarter.
Once they are transformed, by following the procedures described above, into functions of monthly growth
rates, the data will still be available only when a data point is published and the rest of the series will be treated
as missing. And third, because each series has its own starting and ending dates. Although it could be possible
to restrict the database to the time window where all the variables are available, this would mean throwing
away valuable information that could be used to estimate the model. Moreover, one of the benefits of the
nowcasting methodology is that it uses the most recent information available to estimate the target variable,
even if this means that only some of the variables are available in the most recent months.

In order to overcome the problem of estimating the model with missing data, we follow Mariano and Murasawa
(2003) and substitute all variables by artificial (random normal) observations independent of the model
parameters. The authors show that this only adds a constant to the likelihood and does not impact the
estimation of the parameters. Let x; be any of the variables included in the model. This will be substituted by

x¢ 1f z, 1s observable

8 ©)

A:  otherwise

where Ay ~ IV (0, oﬁ). In this way, for the purpose of estimating the parameters of the model, we will have
a database of monthly variables with no empty cells.

3.3 Building the model

With this conformable database, we will structure the model as a dynamic factor model in state-space
representation. We therefore assume that the target variables and the different indicators in the model share
a common (time-varying) factor ft, in addition to their own idiosyncratic component. We can then apply the
Kalman filter and obtain maximum likelihood estimates of the parameters. In this way, we can obtain predictions
of the target variable based on the most recent information provided by a list of mixed-frequency indicators.

3.3.1 Annual target variable

To build the state-space model, assume that we have one target variable (y#) available once per year. This
will be included in the model by following (1). We also have one indicator of each of the following types: one
quarterly variable (x,?) as in (2), one monthly variable measured as month-on-month growth rates (x[™) as in
(3), one monthly variables measured as year-on-year growth rates (x{™'2) as in (4), and one forecast of the
target variable (£). If there is more than one variable of any type available, it would suffice to add the
corresponding rows to the Kalman matrices.

Following the transformations described in the previous section, we obtain the following measurement equation
of the model.
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yi! B (Tlgft+"'+%ft—1l+"'+'11—2ft—22)
Q 1 2 3 9 1
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x;le - x{’ff B (fi — fi-12)
g b (%ft'f’"'_*_%ft—ll‘i‘"'"f'%ft—m)
Hee+ -+ %Eu—u + o 5e2 0
%Q,t + §€2¢—1 + %62,t—2 + %62,t—3 + %62,1—4 0
€3, + 0
€4, — €44—12 0
%Gl,t il o %61,#11 el lh o 11—261,#22 fee
This can be written more compactly as
Gt = Bht + ut (6)
with
h[ = (fl .fl*'ZSﬂ 61‘[,7"'7 (:'1,[7237 62.[?"'76"2,1757 €3ty 63.[7"137 64.[?"'7(4,[7137 f(:(i[)
The factor loading matrix is given by
(Bii Biz Oixs Oixm, Oixis O]
By 0Oix24 By Oixmy O1x1a 0
B= Bsi 01x24 016 Bsy Oix14a O
By 0i1x24 Oix6 Oixmy Baz 0
_Bn Bz 0Oixg Oixms Oix1a 1]
1 12 1 1 12 1
B = — — —, 0 Bis= | — —,. —, 0
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1 2 3 2 1 1 2 3 2 1
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o 2(33333 )22(33333>
B31:B3(17 07' P 0)7 B32_(17 07" P O)
B41—ﬁ4(1, 0,...,0, -1, 0,..., 0), B42—(1, 0,...,0, —1,0,..., O)

and u, ~ (0, diag{o;,}) with o3 ;. equal to o if the variable /in month ¢ is missing and zero

otherwise. In case one variable is missing at time ¢ and following (5),

the corresponding line of Bis replaced

by zeros so that it is not included in the likelihood and it is only linked to a random normal number with variance

o2.

Notice that available forecasts of the target variable can be integrated into the model. They are treated as the
true value of the variable plus a random forecast error f'ce,. This could be of interest when “flash” estimates
of the target variable are published in anticipation of the final release, or when other sources of forecasts are
available and they could improve the accuracy of the nowcast. The random forecast error is assumed to be

distributed as V' (0, o7, ).
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The transition equations of the model consist of the following terms.

[ Gorfi—1 + Poafi—2 + *+ + Pomo fr—mo uf
€1t dri€ri—1 + Pr2€1—2+ -+ Oy €14—my '
o | = | Pan€21—1 + da2€21—2+ -+ Poama€at—m, | T | 1
€3,t 3163401+ P32€3¢ 2+ + P3n3€3t—my 1’
€4, Da1€a4—1 + Quo€s4—2 + -+ + Pamy€at—my it

with the error vector  distributed as an iid (0, diag{of, g7, 02, 92, 022, })- We normalize o to one as
the identifying assumption required for the estimation.

By adding the required terms, we can write this equation more compactly.

hy = Dhy_q + v (7)
where
Dy 0ogy04 Doy Oogng Oogiqy 0
02-—! x 24 Di Di’-lx(‘; ':'2-1 % DQ-‘J x 14 0
D— Ogxo4 Ogx2s  Ds Ogumg Ogxia 0
0904 Ooxoy 0o Dy Oayqy 0
Or4v04 Ouaxos Oraxe Oy Di 0
| O1x24 O1x24 O1x6 Orxma  Orxaa 0]
with
s e i By B e G 0]
| O ... 0 0 ... 00
D=0 1t ... 0 0 ..00|, i={01234
_U 0 0 0 1 U'_

The size of each matrix D; will adjust according to the type of variable, but its structure remains the same: a
row of coefficients for the lag terms and an identity matrix below, concatenated with a column of zeros at the
end. The error term is distributed as iid v,~N (0, @), with

I? —= lliﬂ:?,{ff"?r‘_ D];(23~ a

2 ¥ 2 2 2
IR U]x‘_"J- T oy Dlxﬁ- (Tf_:L;- lemg- ‘T-u,- Gixlﬂ- U_f'c._-}

The measurement equation (6) and the transition equation (7) form the state-space representation of the

dynamic factor model. The Kalman filter can then be used to evaluate the likelihood function and calculate
maximum likelihood estimates (MLE) of the parameters. The prediction equations are initialized at a vector of

3 Note that the size of some of the submatrices in both the measurement and the transition equations written here may need to be adjusted in certain
cases. For example, if the number of lags corresponding to the quarterly variables (m) is greater than six, the corresponding rows and columns in all
matrices need to be expanded accordingly.
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zeros and the identity as the covariance matrix. Once we obtain the MLE, we can use the updating equations
of the Kalman filter to estimate the monthly values of the target variable and their variance. This will be the
main output of the model. It is also possible to calculate the contribution of each indicator to the nowcast of
the target variable; see Camacho and Perez-Quiros (2010) for details.

3.3.2 Quarterly target variable

In this case, the structure of the model remains the same than the description given above. The measurement
and transition equations are still given by (6) and (7), respectively, and only the underlying matrices need to be
adapted. As before, assume that we wish to nowcast the target variable y2 and that the model includes one
of each of the following indicators: one quarterly variable (x? ), one monthly variable measured as month-on-
month growth rates (x/™), and one forecast of the target variable (ﬁf’).4

Using the same nomenclature as before, the matrices of the model are now given by the expressions below.
The rest of the process remains identical.

hy = (ft, ceey ft—117 €1ty -y €1t—5, €25 ---5,€2¢-5,€3ty--+, €3 t—mg3, fcet)

Bll B12 01><6 lemg 0
BZl 01><6 BZ2 lemg 0
0
1

B =
BBI 01><6 01)(6 B32
Bll BIQ 01)(6 lem3
1 2 3 2 1 1 2 3 2 1
=g (= 2 2 2 = , Bo=(z 25 2 =
Bll ﬁl <37 37 37 37 37 07 ) O) 12 (37 37 37 37 3) 0)
1 2 3 2 1 1 2 3 2 1
— — = = = = Boo=|-. —. = —. =
B?l /32 <37 37 37 3a 37 07 ) O> 22 <3a 37 37 37 37 0>
B31 = 53 (17 Oa ) 0) ) B32 = (17 07 ) O)

Dy 0O1ax6 O12x6 O12xms O12xms O
Osxi2 D1 O6xe  Opxims 0
D= |06x12 Osx6 D2 Ogxms 0
02x12 O2x6  O2x¢  Dj 0

0

_01><12 01><6 01><6 01><m3

; N 2 2 2 2
(:.) - dl&g{o—_r- 0111, T 01.s, T lins 015, Tl Dlxm;]- g_r,-_,_-.}

4 Annual variables and monthly indicators expressed as year-on-year growth rates could also be considered in the model, but this would require
expanding the matrices considerably. Although we will not do so here, they could be incorporated simply by including the relevant rows and columns in
the matrices.
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4 Empirical analysis

The dynamic factor model described in the previous section will be applied to several series of international
trade, with the objective of forecasting the value of the current year based on the most recent observations of
selected indicators (i.e., nowcasting). We will follow three main steps in this process.

The first step consists of building a database of indicators that could potentially contribute to nowcast the target
variable. In order to be eligible, the indicators have to meet several conditions. They have to be linked to the
target variable on theoretical, structural or empirical grounds, so that we start the process with the hypothesis
that they can potentially contribute to the nowcasting exercise. They should also be timely available since this
method relies on indicators that are published quickly and reliably; any indicator published simultaneously or
after the target has no value for nowcasting. Similarly, they should have a frequency at least as high as the
target indicator because, for example, annual variables would likely add little value when nowcasting quarterly
variables. The time series of the indicators would ideally be long enough, so that the model can have enough
information to distinguish between the common factor and the idiosyncratic component. Finally, we should
expect the indicators to be continuously available in the future.

There are five types of indicators that could be considered in the model.

A. Sub-components of the target variable that are released more opportunely. For example, if the target
variable is the total exports of goods, we could use the exports of some countries or the exports of a
particular product published by industry-specific sources. These variables are part of the target variable
and they could also be correlated with trends in other sub-components (for example, other countries or
other products), therefore containing important information about the aggregate.

B. Variables that are linked to the target variable through structural economic models. For instance, if our
target is total imports of services, we could include determinants of the demand of these imports from
different macroeconomic or structural models and incorporate them into the nowcast.

C. Other variables that could carry information about the target variable. For instance, if we are studying the
trade of goods, an important indicator would be the movement of vessels through the global network of
ports and the amount of cargo they transport. These variables are case-specific and allow for the exploration
of innovative sources.

D. “Soft” or opinion indicators from surveys or expert assessments. These could be, for example, business or
confidence indicators, purchasing managers’ index, new orders estimates, and others. These variables are
usually collected from surveys and their signal-to-noise ratio could be low. However, they have the
advantage that they are available opportunely, frequently with a very short lag after the end of the period
they cover. They are therefore the only information available for the most recent period and the first
indication of shocks or trend changes that could affect the target variable.

E. Forecasts of the target variable from other sources. What is the interest of including other forecasts in the
model? And why nowcast at all if there are already other forecasts available? There are at least three
reasons. First, when we believe that the forecasts provide some information about the target variable, but
that they are biased or have high volatility and we believe the nowcast methodology can lead to an
improvement. Second, when those forecasts were produced only with low frequency variables and do not
incorporate the information provided by other higher-frequency variables. And third, when those forecasts
are out of date and do not incorporate the most recent developments.

These variables can by annual, quarterly or monthly. As described in Section 3, variables enter the model in
specific ways and should be transformed accordingly. Annual variables are included as year-on-year growth
rates, quarterly variables as quarter-on-quarter growth rates, and monthly variables as either month-or-month
growth rates or percent changes with respect to the same month of the previous year. Since this requires
making intra-year comparisons, all indicators should be seasonally adjusted. Official seasonally adjusted series
from the source are preferred; if they are not available, they will be adjusted by applying the X-13-ARIMA-
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SEATS methodology (Unites States Census Bureau, 2017).° All data is standardized (to a mean of zero and a
variance of one) before the estimation.

Once the full database of indicators is compiled, the second step is the selection of the variables that will be
included in the nowcasting model. For this, the full dynamic factor model was programmed in GNU Octave
version 4.4.0. The calculation of the MLE for the model is computationally intensive. Given the expected
proliferation of indicators, standard stepwise selection techniques are generally not feasible. We therefore carry
out an ad hoc variable selection by following this sequence.

1. Define a set of initial indicators from the full list available, that a priori could be the most significant. Set
the number of lags of the transition equation (7) to mo = m; =6 and m2 = ms = my = 3 and run the model.
This lag structure was selected because it is long enough to incorporate most of the dynamics present in
the time series.

2. Discard the variables that are not significant or that have a low contribution in explaining the variability of
the target variable.®

3. Choose the number of lags to be included in the model. A grid search across all combinations of lags is
not feasible in this case. We will therefore impose that the number of lags of the transition equations for
the factor and the first error term (m,and m;) are equal, and so are the number of lags of the other transition
equations (m. to m,). This step will lead to the “core” model.

4. Apply a forward model selection process to the rest of the indicators that were not included initially,
proceeding by blocks of variables.” The lag structure remains unchanged. Only those indicators that are
significant are retained. This will lead to the final model.

There are several criteria that could be used to compare models. We will base our comparisons on two of
them: (i) the percentage of variability of the target variable explained by the model calculated over the full
sample, and (ii) the mean absolute error of the forecasts for the last 20% of the sample at the last data update
before the actual values were published.? Because missing data is replaced with random draws from a normal
distribution, we cannot use likelihood-based model selection criteria (such as the Akaike Information Criterion
or the Schwarz Information Criterion). Although this procedure does not affect the calculation of the MLE, it
does have an impact on the level of the likelihood and its derived statistics.

This is a time- and computationally-intensive process that, however, does not need to be repeated every time
a series is updated. Once the final model is selected, the estimated parameters will remain fixed and they will
be used to update the nowcast whenever new data becomes available. The entire variable selection procedure
will only be repeated infrequently but regularly to adapt to changes in the underlying trends and correlations
among the variables, or whenever new, potentially significant indicators are released.

The rest of this section will summarize the results of the nowcasting exercise for some series of international
trade. A full description of the variable selection process and the analysis of the results will not be presented
here due to space restrictions, but they are available from the author upon request. The estimations were
calculated with data available as of mid-July 2018. All time series were compiled from January 1990 or the
earliest period available until the most recent observation. They were seasonally adjusted and transformed, if
this was required, according to the rules described in Section 3.

5 Seasonal adjustment was calculated with the R package seasonal version 1.6.1, using the default options.

% Note, however, that “soft” indicators could show low significance since they normally add little information once the “hard” indicators are published.
Their principal advantage is that they are available in a timely manner. They should therefore remain in the model even if their contribution seems
minimal.

7 Occasionally, this could require changing the variables in the core model. For example, when the core model includes the industrial production index
of a group of countries (such as the Organisation for Economic Co-operation and Development (OECD) or the European Union) and we test if the
disaggregation into the individual country series could improve the forecasting performance of the model.

8 In practical terms, the sample was divided into two periods. The parameters of the model were estimated using the first 80% of the observations (the
training sample). The parameters were then fixed at their estimated values and they were used to calculate forecasts for the remaining 20% of the
observations (the testing sample). The mean absolute forecast error, calculated at the last data update before the actual figures were published, will be
used as a criterion for model selection.
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4.1 Global trade in goods

The target variable is the world value of exports of goods, as reported by UNCTADstat.® This is an annual time
series, currently compiled between UNCTAD and the World Trade Organization (WTO). It complements
traditional sources of trade data (namely, the United Nations Statistical Division’s Comtrade database) with
other sources of official data plus estimations based on mirror statistics and other methods. This series is
updated every April, when the final figures for the previous year are published. There are other series for the
global value of exports at a quarterly or even monthly frequencies (produced by UNCTAD, WTO or the
International Monetary Fund (IMF), for example), but they only include the subset of countries that publish infra-
annual trade data. Although this may cover a large share of world exports, it is still not equivalent to the total
figure. In addition, the main use of this nowcast will be UNCTAD's Handbook of Statistics'™, which mostly
includes yearly data. For this reason, we selected the annual series as the target variable of this exercise.
However, in case of interest, the model for quarterly target variables described in Section 3 can be directly
applied to the quarterly series.

Table 1 lists the complete list of variables considered for the nowcasting exercise and their sources. It includes
monthly series for the largest exporting countries in the world,™ plus the aggregate for the OECD (comprised
of all of the above, except China and Hong Kong, plus 28 additional developed or emerging economies). For
structural variables that could drive world exports, we include industrial/manufacturing production and retail
trade indices as indicators of the global demand for exported goods. In terms of country coverage, we consider
the economies with the largest manufacturing sector and the largest final consumption in the world,
respectively.” Whenever possible, we also include the aggregates for the OECD and the European Union, as
these blocks summarize the totals of some of the largest economies. The list also includes two unique
indicators from Eurostat that, although published with a considerable lag, could provide important information
on exports: non-domestic manufacturing turnover and new manufacturing orders.

We also consider additional indicators that could contribute in explaining the evolution of the global value of
export. First, a quarterly and a monthly series for the export volume, since both have different coverage and
publications lags. In addition to the volume, export values are also determined by prices. We use UNCTAD’s
free-market commodity prices and WTO’s manufacturing export prices to incorporate this factor.' The mar-

9 http://unctadstat.unctad.org/EN/Index.html.

10 op.cit.

" According to UNCTAD data, the top 10 largest exporters in the world in 2017 were China, the United States, Germany, Japan, the Netherlands, the
Republic of Korea, Hong Kong, France, ltaly and the United Kingdom, in that order.

12 According to national accounts data from the United Nations Statistics Division, the ten economies with the largest manufacturing value-added in
2016 were China, the United States, Japan, Germany, the Republic of Korea, India, Italy, France, the United Kingdom and Brazil. According to the same
source, the ten countries with the largest expenditure on final consumption were the United States, China, Japan, Germany, the United Kingdom, France,
India, Brazil, Italy and Canada.

3 The series of world manufacture export prices is published by WTO on a monthly basis since 2005. However, an extended, quarterly series was
produced by UNCTAD between 1960 and 2017. Both series are spliced together, and the minimum common frequency (quarterly) is retained. However,
the monthly (and shorter) series is also considered as a separate indicator.
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Table 1 List of indicators, global exports of goods

(1) (2) (3) (4) 5)  (® (7
Models

Variable Source Frequency Publication lag Imitial Core  Final
A. Sub-components of the target variable
Value of goods exports, China OECD Monthly 1 v V' v
Value of exports of goods, OECD OECD Monthly 2 v Ve
Value of exports of goods, United States OECD Monthly 2 v
Value of exports of goods, Germany OECD Monthly 2 v
Value of exports of gonods, Japan OECD Monthly 1 v
Value of exports of goods, Netherlands OECD Monthly 2 v
Value of exports of goods, Republic of Korea OECD Monthly 1 v
Value of exports of goods, Hong Kong IMF Monthly 3 v
Value of exports of goods, France OECD Monthly 2 v
Value of exports of goods, [taly QOECD Monthly 2 v
Value of exports of goods, United Kingdom OECD Monthly 2 v
B. Structural variables
Index of total manufacturing production, OECD OECD Monthly 3 v v
Index of total manufacturing production, United States OECD Monthly 2 v
Index of total manufacturing production, Japan OECD Monthly 2 v
Index of total manufacturing production, European Union OECD Monthly 2
Index of total manufacturing production, Germany OECD Monthly 2 v
Index of total manufacturing production, Korea OECD Monthly 2 v
Index of new manufacturing orders, European Union Eurostat Monthly 3
Index of non-domestic manuf. turnover, European Union Eurostat Monthly 3
Growth rate of value-added of industry, China NBSC Monthly 2 v
Index of total retail trade value, United States OECD Monthly 2 v v v

{Continued on next page)
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(Continued from last page)

(1 (2) (3) (4) (5) (6) (7)
Models

Variable Source Frequency Publication lag Initial Core Final
Index of total retail trade value, Japan QECD Monthly 3 v v v
Index of total retail trade value, Germany OECD Monthly 3
Index of total retail trade value, United Kingdom OECD Monthly 2
Index of total retail trade volume, OECD OECD Monthly 3
Index of total retail trade volume, United States OECD Meonthly 2
Index of total retail trade volume, Japan OECD Monthly 3
Index of total retail trade volume, Germany QECD Monthly 3
Index of total retail trade volume, United Kingdom OECD Monthly 2
Growth rate of total retail sales of consumer goods, China NBSC Monthly 2 v
C. Other related indicators
Index of free-market commodity prices UNCTAD Monthly 2 v v v
Index of world manufacture export prices WTO/UNCTAD  Quarterly a3 v v v
Index of world manufacture export prices WTO Monthly 3
Index of export vohumes, world UNCTAD Quarterly 3 v v v
Index of export volumes, world CFB Monthly 3 v v v
Freight traffic of waterways, China NBSC Monthly 1
Cargo vessel arrivals, Hong Kong MDHK Monthly 2 v
Container throughput, Hong Kong MDHK Meonthly 3
Suez Canal traffic statistics, net tons SCA Monthly i
Panama Canal, oceangoing commercial transits CP Monthly 1
Baltic Dry Index TR Monthly 1
Harpex Shipping Index TR Monthly 1
International economic cooperation GDELT Monthly 1
International economic “positive” reporting GDELT Monthly 1
Number of new trade restrictive policies implemented GTA Monthly i

(Continued on next page)
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(Continued from last page)

(1) (2) () (4) B ®
Maodels

Variahle Source Frequency Publication lag  Initial Core  Final
D. “Soft” indicators
Index of business confidence, OECD OECD Monthly ¥ v v v
Index of business confidence, United States OECD Monthly 1
Index of business confidence, China OECD Monthly 2 v v v
Index of business confidence, Japan OECD Monthly 1
Index of business confidence, Germany OECD Monthly 1
Index of business confidence, United Kingdom OECD Monthly 1
Index of business confidence, Netherlands OECD Monthly 2
Index of consumer confidence, OECD OECD Monthly 1 v v v
Index of consumer confidence, United States OECD Monthly 2
Index of consumer confidence, China OECD Monthly 1 v v v
Index of consumer confidence, Japan OECD Monthly 1
Index of consumer confidence, Germany OECD Monthly 1
Index of consumer confidence, United Kingdom OECD Monthly .}
Purchasing managers’ index, United States TR Monthly 1 v v v
Purchasing managers’ index, China NBSC Monthly 1 v v v
Index of new export orders, China NBSC Monthly 1

Sources: OECD = Organisation for Economic Co-operation and Development; IMF = International Monetary Fund; NBSC = National Bureau of Statistics of China; UNCTAD
= United Nations Conference on Trade and Development; WTO = World Trade Organization; CPB = Netherlands Bureau of Economic Policy Analysis; MDHK =
Marine Department of the Government of the Hong Kong Special Administrative Region; SCA = Suez Canal Authority; CP = Canal de Panam\'{a}; TR = Thomson
Reuters Eikon database; GDELT = Global Database of Events, Language and Tone Project; GTA = Global Trade Alert.

Notes: Publication lag is the number of months between the end of the period and the time of data publication, as recorded at the moment of data collection.
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itime transport of cargo can also be used to track the amount of goods traded internationally, potentially a good
indicator of global exports. For this, the model includes the freight traffic of waterways in China, whose ports
accounted for 37.8% of the total volume of goods transported through the world’s 50 largest container ports.
We also include the cargo vessel arrivals and the container throughput in Hong Kong, the sixth largest port in
the world.™ Additionally, we consider the total volume of ships crossing the Suez Canal and the number of
ships transiting through the Panama Canal. The Baltic Dry Index and Harpex Shipping Index could also provide
information on international trade. They measure worldwide international shipping rates for dry bulk and
containers freight, respectively. Since the supply of cargo ships is highly inelastic, changes in prices should
reflect a corresponding change in demand for shipping. These indices could therefore act as proxy measures
of export volumes.

International trade also depends on policies applied by the countries, either positively (through bilateral or
multilateral free trade agreements, trade incentive programs, and others) or negatively (taking the form of
protectionist measures and other restrictions). Although this is a difficult variable to measure on a global scale,
we include three indicators that could give an idea of the overall economic sentiment towards trade: two related
indices of international economic cooperation and an account of new trade restrictive measures implemented
worldwide. For more details on the construction of these indicators, see Appendix A.

Finally, it is also important to consider “soft” indicators that can quickly provide information in case of shocks
or trend changes that could affect exports. For this purpose, we consider a series of business confidence
indices, consumer confidence indices and purchasing managers’ indices for the largest economies. We also
include the index of new export orders from China, which could potentially serve as a leading indicator of
exports from this country, the largest world exporter.

We selected 17 indicators for the initial estimation, those that we believe could show a higher correlation to
global export values. These are marked in the fifth column of the table above. Table 2 shows the last
observations of this initial database. We see that the data is affected by all the problems described in Section
3. The target variable is observed yearly, and the list of indicators include a mix of quarterly and monthly
variables. In addition, two monthly variables (the indices of industrial value added and retail sales from China)
are only reported as year-on-year growth rates. The variables end at different dates and we want to exploit the
most recent data available, and not restrict the sample to the last period when all variables are available (that
would be March 2018). Finally, the two mentioned variables from China contain missing observations: the
National Bureau of Statistics of that country only publishes combined data for January and February to limit the
impact of the “Spring Festival”, which falls at a different time between those months every year, on data
comparability.

By applying the model selection criteria described above, this list is further reduced to 15 indicators. This is
our core model, indicated in the sixth column of Table 1. This model was estimated at different lag combinations
and the results are presented in Table 3. The first column reports the percentage of the variance of the world
value of exports of goods that can be explained by each configuration of the model, while the second is the
mean absolute error of the forecasts produced by the model over the testing sample (the last 20% of the
observations) calculated at the last update before the actual data points were published. As mentioned before,
these will be our two model selection criteria. We transform both statistics as ratios relative to the best model
(the one with the maximum R? or the minimum MAE). That is, in columns (3) and (4) of the table, the models
with a score of one are the best performers; models with a lower score perform worse relative to the best
performers. The final column averages both standardized measures as a summary of the selection criteria. We
see that models with a limited number of lags are generally worse, but also that higher lags do not necessarily
lead to better performance. The optimal lag structure is given by (8,2), so that the transition equation in (7) is
written with mp = m; =8 and my = ms = m, = 2.

4 http://www.worldshipping.org/about-the-industry/global-trade/top-50-world-containerports.
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Table 2 Initial database, global exports of goods

Period Exports, Exports, IFI, IPI, RTI, RTT, RTI, Com- Manuf
China  OECD QOECD China USA Japan China  modity export
prices prices
Q)
2017.01 0.004 0.005 0.002 0.000 0.003 0.023
2017.02 -0.003 0.017 0.004 -0.005 0.003 0.008
2017.03 0.084 0.010 0.003 7.6 0.002 0.001 10.9 -0.043 0.007
2017.04 -0.035 -0.005 0.007 6.5 0.007 0.009 10.7 0.001
2017.05 -0.018 0.029 -0.002 6.5 -0.003 -0.009 10.7 -0.024
2017.06 0.031 0.005 -0.001 76 0.004 0.003 11.0 -0.041 0.021
2017.07 -0.013 0.012 0.003 6.4 0.003 0.003 10.4 0.016
2017.08 -0.012 0.032 0.008 6.0 0.000 -0.005 101 0.036
2017.09 0.017 0.016 -0.002 6.6 0.021 0.006 10.3 0.039 0.041
2017.10 -0.021 -0.026 0.005 6.2 0.006 0.001 10.0 0.016
2017.11 0.081 0.020 0.007 6.1 0.008 0.010 10.2 0.046
2017.12 0.014 0.016 0.003 6.2 0.000 0.010 9.4 0.008 0.009
2018.01 -0.039 0.021 -0.008 -0.002 -0.016 0.079
2018.02 0.324 -0.005 0.002 0.001 0.005 -0.047
2018.03 -0.262 0.011 0.003 6.0 0.007 -0.006 101 0.005 0.037
2018.04 0.080 0.001 0.002 7.0 0.004 0.013 04 0.062
2018.05 0.002 -0.022 6.8 0.011 85 0.046
2018.06 0.035
2018.07

(Continued in next page)
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(Continued from last page)

Period World World BCI, BCI, CCI, G, PMI, PMI,
export export OECD China OECD China USA China
val (G3) vol (M)
2017.01 -0.007 0.00115 0.00008 0.00032 0.00384 0.02304  -0.00185
2017.02 -0.002 0.00131 0.00026 0.00035 0.00441 (0.03507 0.00585
2017.03 0.016 0.023 0.00060  -0.00010 0.00088 0.00218  -0.01736 0.00328
2017.04 -0.019 0.00017  -0.00071 0.00098 0.00194  -0.02207  -0.01158
2017.05 0.014 0.00055  -0.00013 0.00066 0.00076 0.00362 0.00000
2017.06 0.013 0.001 0.00133 0.00061 0.00017 0.00203 0.02162 0.00977
2017.07 -0.001 0.00122 0.00062 0.00018 0.00359  -0.00353  -0.00580
2017.08 0.007 0.00136 0.00105 0.00048 0.00570 0.04956 0.00584
2017.09 0.011 0.005 0.00114 0.00085 0.00056 0.00048 0.01518 0.01354
2017.10 -0.020 0.00034  -0.00053 0.00074 0.00868  -0.02824  -0.01527
2017.11 0.036 0.00014  -0.00078 0.00027 0.00209  -0.00513 0.00388
2017.12 0.011 0.004 0.00015  -0.00130 0.00005 0.00149 0.01800  -0.00386
2018.01 0.007  -0.00015 -0.00163 0.00034 0.00075  -0.00337  -0.00581
2018.02 -0.011 -0.00046  -0.00107 0.00045 0.00070 0.02876  -0.01849
2018.03 0.002 -0.014  -0.00005 0.00114 0.00023  -0.00061  -0.02467 0.02386
2018.04 0.015  -0.00068 0.00155  -0.00021  -0.00017  -0.03373  -0.00194
2018.05 0.00000 0.00193  -0.00046  -0.00002 0.02443 0.00973
2018.06 0.00055 0.02555  -0.00771
2018.07

Notes: IPl = industrial/manufacturing production index; RTl = retail trade index; BCl = business confidence index; CCl = consumer
confidence index; PMI = purchasing managers' index. For more details on the variables and their sources, see Table 1. This table
shows the values of the variables prior to standardization.
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(1) () 3) (4) (5)
Lag Results Results, standardized
structure R? MAFE R? MAFE Average
(8,3) 86.0 0.0451 0.9719 0.6139 0.7929
(7,3) 82.6 0.0324 0.9330 0.8552 0.8941
(6,3) 71.8 0.0347 0.8109 0.7972 0.8040
(5,3) 88.5 0.0386 1.0000 0.7175 0.8588
(4,3) 85.9 0.0389 0.9702 0.7121 0.8412
(3,3) 76.0 0.0524 0.8589 0.5281 0.6935
(2,3) 76.6 0.0509 0.8661 0.5446 0.7054
(1,3) 24.8 0.0756 0.2799 0.3666 0.3232
(8,2) 81.5 0.0277 0.9209 1.0000 0.9605
(7,2) 74.9 0.0480 0.8463 0.5773 0.7118
(6,2) 73.7 0.0514 0.8328 0.5384 0.6856
(5,2) 82.6 0.0426 0.9334 0.6497 0.7916
(4,2) 74.6 0.0320 0.8430 0.8666 0.8548
(3,2) 75.7 0.0493 0.8556 0.5621 0.7089
(2,2) 75.8 0.0498 0.8566 0.5565 0.7066
(1,2) 25.1 0.0735 0.2834 0.3767 0.3301
(8,1) 87.5 0.0355 0.9891 0.7807 0.8849
(7,1) 86.5 0.0410 0.9771 0.6754 0.8263
(6,1) 78.5 0.0506 0.8873 0.5473 0.7173
(5,1) 74.9 0.0532 0.8459 0.5204 0.6831
(4,1) 68.9 0.0531 0.7785 0.5220 0.6503
(3,1) 73.1 0.0425 0.8266 0.6510 0.7388
(2,1) 76.8 0.0521 0.8682 0.5317 0.7000
(1,1) 81.0 0.0484 0.9153 0.5720 0.7436

Notes: R? is the percentage of variance of the target variable explained by the model; MAE is the mean
absolute forecast error over the testing sample at the last update before the actual values were
published. Both statistics were standardized so that the best indicator (max R?* and min MAE)
equals one; these are reported in columns (3) and (4), respectively. Column (5) reports the
average of both standardized measures.

After this step, the forward selection model process was applied to the rest of the indicators, using the
percentage of variance explained and the mean absolute forecast error as selection criteria. This was
implemented by blocks, where the indicators of one type were tested and selected, before moving to the next
type of variables. The step-by-step outcome of the process is not included here to save space, but it is available
from the author on request. The final list of indicators is marked in the last column of Table 1, a total of 27
variables. It can be seen that this does not expand considerably beyond the core model, with the exception
that country-disaggregated series are generally preferred to the aggregates, since they provide additional
information and they are available sooner.

The method described above takes information from the 27 indicators to estimate the monthly values of the
unobserved common factor. Each indicator has a different weight in the estimation of the factor. Moreover, the
weights change through time, as the comovements between the indicators and the factor evolve. Table 4
shows the contribution of each variable in the most recent months. The first column corresponds to the target
variable, world exports of goods, while the rest of the table shows the selected indicators. There are several
points to highlight in this table. First, the model is built in such a way that the estimates are anchored to the
actual data. Consequently, whenever the target variable is observed (December 2017 in the Table), it takes all
the weight and the other indicators do not contribute to estimate the factor. Second, whenever a variable is
missing, its contribution to the estimation is zero. We can see that the weights are evenly distributed between
the country-level export variables, with a smaller contribution from the structural variables and most of the
other indicators (with the exception of the indices of export volume, which take a relatively higher weight). The
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soft indicators, as expected, only have a small effect on the estimation. However, in the most recent periods,
not all variables are available and the weight of those indicators that are observed increases. We can see that
in June 2018 only six of the 27 indicators are available, including some series derived from surveys, and their
contribution to the estimation of the factor rises. Starting in July 2018, no additional data is observed and the
weight of all variables becomes zero. The estimates for the rest of the sample are obtained solely from the
dynamics specified in the model.

By applying the estimated factor loadings, the factor can then be used to calculate monthly estimates of the
target variable (and any of the input indicators, if desired). The results are shown in Figure 1. The line represents
the estimated annual growth rate of global exports of goods over the past 12 months, with respect to the 12
months before that. That is, the figure for December 2017 is the growth of total exports for the period January-
December 2017, with respect to January-December 2016 (i.e., the annual growth rate for 2017). Meanwhile,
the figure for November 2017 is the growth of total exports for the period from December 2016 to November
2017, respective to the same period one year before. In other words, it is the rolling cumulative growth rate of
the past 12 months. The points show the actual growth rate of global exports of goods. As explained above, it
can be seen that the estimate (the line) and the actual figures (the points) coincide when the latter are observed.
With this figure we can be study the monthly movements of global exports. For example, one can see the the
downturn observed in 2001 continued during the first months of 2002, and reached a positive growth rate
towards the end of the year. Also, the worst period of the global financial crisis took place, according to this
model, in October 2009, when the annual growth rate reached -27%. This graph extends until June 2018, the
last period where we have observed values for at least some of the indicators. The model can indeed explain
98.7% of the variability of the annual target variable.
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Note: UNCTAD calculations based on data sources reported in Table 1. The line represents the estimated annual growth rate of the
past 12 months with respect the 12 months before that (i.e., it is a rolling cumulative growth rate over the last 12 months). This
is the main output of the nowcast model. The points represent the actual values for the growth rate. The model anchors the
estimates to the actual figures, so they coincide whenever the growth rate is observed.

The model has a dynamic structure and this allows us to calculate forecasts for the unobserved factor (and,
consequently, for the target variable) even when there is no new information available. The final model has a
forecasting performance, measured by the MAE calculated at the last point before the release of the final
figures, of 0.0118. In other words, the forecasts generated by this model had an average error of 1.18
percentage points. This is a positive result, given the high variability of the target series.
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Table 4 Contribution to nowcast estimation, global exports of goods

Period World Exports, Exports, Exports, Exports, Exports, Exports, Exports, Exports,

exports China United Ger- Japan  Nether- Rep. of Hong France

States many lands Korea Kong

2017.01 0.0000 0.0530 0.0682 0.1008 0.0530 0.1114 0.0677 0.0333 0.1299
2017.02 (.0000 0.0543 0.0685 0.1108 0.0523 (0.1108 0.0690 0.0342 0.1326
2017.03 0.0000 0.0509 0.0644 0.1034 0.0485 0.1048 0.0645 0.0322 0.1254
2017.04 0.0000 0.0538 0.0685 0.1102 0.0524 0.1116 0.0684 0.0339 0.1320
2017.05 0.0000 0.0543 0.0686 0.1106 0.0521 0.1113 0.0689 0.0342 0.1330
2017.06 0.0000 0.0510 0.0644 0.1035 0.0485 0.1048 0.0646 0.0322 0.1254
2017.07 0.0000 0.0538 0.0685 0.1102 0.0524 0.1116 0.0684 0.0339 0.1321
2017.08 0.0000 0.0543 0.0686 0.1106 0.0521 0.1113 0.0688 0.0342 (0.1330
2017.09 (.0000 0.0510 0.0644 0.1035 0.0485 (0.1048 0.0646 0.0322 0.1254
2017.10 0.0000 0.0538 0.0685 0.1102 0.0524 0.1116 0.0684 0.0339 0.1321
2017.11 0.0000 0.0543 0.0686 0.1106 0.0521 0.1113 0.0688 0.0342 0.1330
2017.12 1.0000 0.0000 0.0000 0.0000 0.0000 (0.0000 0.0000 0.0000 (0.0000
2018.01 0.0000 0.0530 0.0682 0.1008 0.0530 0.1114 0.0677 0.0333 0.1200
2018.02 0.0000 0.0543 0.0685 0.1108 0.0523 0.1108 0.0690 0.0342 0.1326
2018.03 0.0000 0.0509 0.0644 0.1034 0.0485 0.1048 0.0645 0.0322 0.1254
2018.04 0.0000 0.0538 0.0685 0.1102 0.0524 01116 0.0684 0.0330 0.1320
2018.05 0.0000 0.0593 0.0759 0.1221 0.0583 0.1241 0.0755 0.0000 0.1457
2018.06 0.0000 0.2564 0.0000 0.0000 0.3007 0.0000 0.3387 0.0000 0.0000
2018.07 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
2018.08 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
2018.09 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
2018.10 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
2018.11 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 (0.0000
2018.12 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

{Continued in next page)
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{Continued from last page)

Period Exports, Exports, IPI, IPI, IPI, IPI, RTI, RTE, Com-
Italy UK United Japan Ger-  Rep. of United Japan modity

States many Korea States prices

2017.01 (L0289 0.0664 0.0031 (L0203 0.0409 0.0221 0.0208 0.0136 0.0155
2017.02 (0.0900 0.0659 0.0026 (.0196 0.0406 0.0216 0.0205 0.0139 0.0144
2017.03 0.0844 0.0611 0.0021 0.0179 0.0376 0.0199 0.0191 0.0130 0.0132
2017.04 0.0296 0.0658 0.0027 0.0197 0.0405 0.0216 0.0206 0.0138 0.0147
2017.05 (0.0900 0.0656 0.0025 0.0194 0.0404 0.0215 0.0205 0.0139 0.0144
2017.06 0.0245 0.0612 0.0022 0.0120 0.0376 (0.0199 0.0191 0.0131 0.0132
2017.07 (.0596 0.0658 0.0027 0.0197 0.0405 0.0216 0.0206 0.0138 0.0147
2017.08 (1.0900 0.0656 0.0025 0.0194 0.0404 0.0215 0.0205 0.0139 0.0144
2017.09 0.0845 0.0612 0.0022 0.0120 0.0376 0.0199 0.0191 0.0131 0.0132
2017.10 (L0296 0.0658 0.0027 0.0197 0.0405 0.0216 0.0206 0.0138 0.0147
2017.11 0.0000 0.0656 0.0025 0.0194 0.0404 0.0215 0.0205 0.0139 0.0144
2017.12 (L0000 0.0000 00000 (L0000 0.0000 0.0000 0.0000 0.0000 0.0000
2018.01 (0.0589 0.0664 0.0031 0.0203 0.0409 (0.0221 0.0208 0.0136 0.0155
2018.02 0.0900 0.0659 0.0026 0.0196 0.0406 0.0216 0.0205 0.0139 0.0144
2018.03 (0.0244 0.0611 0.0021 0.0179 0.0376 0.0199 0.0191 0.0130 0.0132
2018.04 (0.0296 0.0658 0.0027 0.0197 0.0405 0.0216 0.0206 0.0138 0.0147
2018.05 0.0991 0.0732 0.0031 0.0221 0.0450 0.0242 0.0229 0.0000 0.0167
2018.06 0.0000 0.0000 0.0000 (0.0000 0.0000 (0.0000 0.0000 0.0000 0.0000
2018.07 (L0000 0.0000 0.0000 (L0000 0. 0000 0.0000 0.0000 0.0000 0.0000
2018.08 0.0000 0.0000 0.00060 0.0000 0.0000 (.0000 0.0000 0.0000 0.0000
2018.09 0.0000 0.0000 0.0000 (.0000 0.0000 0.0000 0.0000 0.0000 0.0000
2018.10 (0.0000 0.0000 0.0000 (0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
2018.11 (0.0000 0.0000 00000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
2018.12 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

(Contimued in next page)
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{Continued from last page)

Period Mamf — World World Cargo BCI, BCI, CCI, CCI, PMI, PMI,
export  export  export ships, OECD China  OECD China  United China
prices  volume  volume Hong States

Q) Q) (M) Kong

2017.01 0.0000  0.0000 00525 00109  0.0003  0.0022 00006 00017 00031  0.0109
2017.02 0.0000  0.0000 00500 00109  0.0001 0.0007  0.0004  0.0007  0.0020  0.0107
2017.03 0.0203 00345 00470 00100  0.0002  0.0020 00005 00010 00026  0.0103
2017.04 0.0000 00000 00513 00108 00003  0.0021 00006 00013 00030  0.0100
2017.05 0.0000 00000 00507 0 00108 0.0002  0.0019  0.0005 00009 00029  0.0108
2017.06 0.0293  0.0337  0.0471 0.0101 00002  0.0009 00005  0.0009  0.0026  0.0103
2017.07 0.0000  0.0000 00513 00108 0.0003  0.0021  0.0006 00013 00030  0.0100
2017.08 0.0000 00000 00507 00108 0.0002 00019 00005 0.0009  0.0029  0.0108
2017.09 0.0203  0.0338  0.0471 0.0101 00002  0.0009  0.0005  0.0009  0.0026  0.0103
2017.10 0.0000 00000 00513 00108 0.0003  0.0021 00006 00013 00030  0.0100
2017.11 0.0000  0.0000 00507 00108 0.0002  0.0019  0.0005  0.0009 00029  0.0108
2017.12 0.0000 00000 00000 00000 00000  0.0000 00000 00000 00000  0.0000
2018.01 0.0000  0.0000 00525 00109 0.0003  0.0022 00006 00017 00031  0.0109
2018.02 0.0000  0.0000 00509 00109 0.0001 0.0017  0.0004  0.0007  0.0028  0.0107
2018.03 0.0203 00345 00470 00100  0.0002 0.0020 00005 00010 00026  0.0103
2018.04 0.0000  0.0000 00513 00108 00003 0.0021 00006 00013 00030  0.0100
2018.05 0.0000  0.0000 00000 00120 0.0003 00025 00007 00017 00033  0.0122
2018.06 0.0000  0.0000 00000 00000 0.0064  0.0000  0.0000 00000 00223  0.0665
2018.07 0.0000  0.0000  0.0000 00000  0.0000  0.0000  0.0000 00000  0.0000  0.0000
2018.08 0.0000  0.0000 00000 00000 00000 0.0000 00000 00000 00000  0.0000
2018.09 0.0000  0.0000 00000 00000 00000 0.0000 00000 00000 00000 0.0000
2018.10 0.0000  0.0000 00000 00000 0.0000  0.0000 00000  0.0000  0.0000  0.0000
2018.11 0.0000  0.0000 00000 00000 00000 00000 00000 00000 00000  0.0000
2018.12 0.0000  0.0000 00000 00000 00000  0.0000 00000 00000  0.0000  0.0000

Notes: IPI = industrial/manufacturing production index; RTI = retail trade index; BCl = business confidence index; CCl = consumer confidence
index; PMI = purchasing managers' index. For more details on the variables and their sources, see Table 1.
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To visualize the real-time performance of the forecasts, we simulate the availability of the 27 indicators at every month
since 2014." We then use each data vintage to estimate the model and produce a year-end forecast. The first forecast
is calculated for January of the respective year, and then every month until March of the following year, the last month
before the actual figure is released. This means that for the growth rate of 2014, for instance, we have one monthly
forecast from January 2014 until March 2015 and the actual figure is published in April 2015. The four panels of
Figure 2 show the results for the last four years. Given the lag structure of the model described above, a few months
after the last observations, the model havs no new information and the properties of the autorregresive model will
dominate the dynamics. Because of this, we expect the forecasting performance to quickly deteriorate as the
forecasting period is extended. Indeed, the first forecasts of each year is relatively poor. However, as new information
becomes available, they rapidly improve. It is interesting to note that, by October or November of every year, the model
has obtained enough information to forecast the year-end growth rate and this remains practically fixed until the actual
figure is finally released in April of the next year.

2014 2015
-0.03
0.06
> -0.061
5 0.041 -0.09-
E 0.024 0121
0.001 . . : . -0.154 : : : :
01/2014 04/2014 07/2014 10/2014 01/2015 04/2015 01/2015  04/2015 07/2015 10/2015 01/2016 04/2016
2016

012016  04/2016  07/2016  10/2016  01/2017  04/2017 01/2017  04/2017  07/2017  10/2017  01/2018  04/2018

Note: UNCTAD calculations based on data sources reported in Table 1. The solid lines represent year-end growth rate forecasts produced by
the nowcast model estimated with the data available at each month. The dashed lines are the actual growth rates, published in April of
the following year. Note that every plot has different limits in the vertical axis.

2015 is a noteworthy year because it represents a change of trend into negative growth. The initial forecasts were
poor, as expected. However, the incoming information from the indicators quickly pulled the forecast down until it
settled at about -11% by October; the final figure was -12.9%. Also, we can see that the first forecast for 2017 was
only 2%, but that the positive news announced by the indicators led to quick revisions of the forecast until it reached
10.3% in July. After that, it remained stable and closely approximated the final growth rate of 10.6% that was
published in April 2018.

®This is only a pseudo-real-time analysis since the actual data availability at each month is unknown. Even if we know the date of each data release, according
the publication schedule of each indicator, most of the times historic data is also revised at each release and we do not have the details for each of these backward
revisions.
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4.2 Global trade in services

Services accounted for 23.5% of total international trade of goods and services in 2017.' This share, however, has
followed an increasing trend. Services are therefore an important and growing portion of international transactions.
Because of their diversity and intangibility, trade in services is generally more difficult to measure than merchandise
trade. However, the statistical framework for trade in services is well established and its coverage has been constantly
improving as more countries implement it. Internationally-traded services can be classified according to four categories:
goods-related services (3.4%), transport (17.4%), travel (24.5%) and other services (54.7%), where the numbers in
parentheses refer to the share of each category in total trade in services in 2017. The group "other services” comprises
a wide variety of services: construction, insurance and pension services, financial services, charges for the use of
intellectual property, telecommunications and information services, other business services, personal and recreational
services, and government services. Consequently, the indicators that will provide information for the nowcasting model
should reflect this wide variety of economic areas.

The target variable is therefore the global value of trade in services, as reported by UNCTADstat. This is an annual
time series calculated in collaboration between UNCTAD, the WTO and the International Trade Center (ITC). It is
compiled from data from the IMF, Eurostat, the OECD, the United Nations and other national and international sources.
It is published every April, when the data for the preceding year is released. The database also includes a quarterly
series for services, but its coverage is more limited, so it will not be pursued here.

The list of indicators that were considered is presented in Table 5. First, the model will include existing series of
exports of services at the country level. Although most countries only publish quarterly data as part of their balance of
payments statistics, some of them also release monthly series. The ten largest exporters of services in 2017 were
included.'” After this, a long list of indicators aim to capture the different types of services.

e |nternational merchandise trade and trade in services are complementary. First, because internationally traded
goods need to be transported from sellers to buyers (transport is one of the types of international trade in services).
Additionally, goods transported may also be subject to international insurance. Indirectly, trade in goods could also
create opportunities for financial services, telecommunications, information services and other business activities.
Different categories of services could then be correlated to trade volumes, trade values or both. For example, while
transport will be mostly dependent of volumes, insurance costs will vary with the total value of the merchandise.
For this reason, we cover indicators for both volume and value of merchandise trade. For volumes, we include a
monthly index of world export volumes, cargo traffic through the Panama and Suez canals, port statistics from
China and Hong Kong, and the Baltic Dry and Harpex Shipping indices (both of which are proxies of global export
volumes, as described previously). For values, we consider the value of exports of goods for five large world
exporters at the individual or group level: OECD, European Union, China, the United States and Germany.

o Travel services are one of the main categories of international services and they can be directly measured through
tourism statistics. The nowcast will test international tourism statistics for the 10 largest destinations in the world.®
The growth rate of world tourism is also included. Since infra-annual statistics for China are not available, we add
two series measuring tourist arrivals in North-East and South-East Asia.

¢ (Goods-related services refer to manufacturing services and maintenance and repair. Even if they only represent a
small a share of total trade in services, they could be complementary to other service categories (finance and
insurance, other business services, etc.) To account for this, we incorporate industrial production indices for the
OECD, United States and Japan.

¢ (apital movements around the world also generate demand for international services, in the form of financial,
insurance and other types of business activities. However, not all financial flows require the same amount of added

16 Author calculations based on data from UNCTADstat.

7 According to data from UNCTADstat, they were the United States, the United Kingdom, Germany, France, China, the Netherlands, Ireland, Japan, India and
Singapore, in this order.

'8 According to World Tourism Organization (2018), the ten most visited destinations in 2017, in terms of international tourist arrivals, were France, Spain, United
States, China, Italy, Mexico, the United Kingdom, Turkey, Germany and Thailand.
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services. Foreign direct investment (FDI) is, in principle, more service-intensive because it needs to be supported
by a wider range of financial and legal services. We therefore cover this area by including FDI indicators. We
consider global FDI flows, as well as inward FDI to the OECD and two of the largest emerging markets: China and
India.

In addition, there are other variables that could provide relevant information to estimate trade in services. One of them
is the performance of the tertiary sector in the largest exporters. However, service-specific production indices are still
not widespread and we could only cover the United Kingdom, Japan, France and Brazil, plus the retail trade index for
the United States. We also include price information (the average unit value of global exports and a free-market
commodity price index) that could directly or indirectly affect the level of traded services. As in the case of global trade
in goods, we also consider the three measures of economic cooperation and trade restrictions detailed in Appendix A.

Finally, we include survey-based information that could provide timely information on the target variable. Service-
specific indicators are not as common as industrial production or overall econmic activity surveys, so we will only
include a business confidence index for the services sector of the European Union; non-manufacturing purchasing
managers’ indices for the United States, China and Japan; and general consumer confidence indices for the OECD
and China.

An initial list of 20 indicators was proposed, but this was further reduced to a core model of 17 variables after the first
estimation. The initial and core models are identified in columns (5) and (6) of the table below, respectively. The next
step was the selection of the lag structure of the dynamic model, which was obtained by testing several combinations
of lags terms and choosing the best performer. The results, presented in Table 6, point to a model with my = m; =4
and my = ms =m, =3.

A forward model selection procedure, parallel to the one described above, suggests a final model consisting of the 25
variables marked in column (7) of Table 5. The monthly estimate for the world trade in services is shown in Figure 3.
We can see that this estimate does not have such a good performance as for global merchandise trade. This is evident,
for example, in the large jumps registered at the end of 2005 or 2007, caused by sudden revisions of the estimate
when the final figures were published. However, the model’s performance improves considerably later in the sample.
Indeed, the model is chosen so that it minimizes the forecast error over the 20% final section of the sample (the testing
sample) and the corrections in the most recent years are much smaller. In total, the model can explain 89.7% of the
variability of the annual target variable.

To evaluate the forecasting accuracy of the model, we calculate a final forecast at the last data release before the final
figures are published and we measure the absolute error. When we average the errors over the final 20% of the
sample, to obtain a forecasting MAE of 0.0118. Figure 4 presents charts of the real-time forecasts generated by the
model over the last four years. Although there is a margin of error, as reflected in the MAE, the model correctly
identifies trend changes and other dynamics of the series. For example, the model suggested a downward turn for
2015. Although it settled at a forecast of about -2%, short of the actual figure observed, it succeeded in identifying
this trend reversal after five years of positive growth. For 2017, the model also correctly forecast the fast recovery in
the growth rate of the target variable.
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Table 5 List of indicators, global exports of services

() (2 (3) (4) s  ©®
Models

Variable Source Frequency Publication lag Initial Core  Final
A. Sub-components of the target variable
Exports of services, United States FRED Monthly 2 v v v
Exports of services, United Kingdom, series 1 TR Monthly 2 v ' ¥
Exports of services, United Kingdom, series 2 OECD Quarterly 4 v
Exports of services, Germany Eurostat Monthly 2 v ' v
Exports of services, France IMF Quarterly 4 v W v
Exports of services, China OECD Quarterly 4 v s v
Exports of services, Netherlands IMF Quarterly 4 v
Exports of services, Ireland Eurostat  Quarterly 4
Exports of services, Japan BOJ Monthly 2
Exports of services, India OECD Quarterly 4
Exports of services, Singapore IMF Quarterly 4 e
B. Structural variables
Index of export volumes, world CPB Monthly 3 v s v
Suez Canal traffic statistics, net tons SCA Monthly 1
Panama Canal, oceangoing commercial transits cP Monthly 1 v
Freight traffic of waterways, China NBSC Monthly 1
Cargo vessel arrivals, Hong Kong MDHEK Monthly 2
Container throughput, Hong Kong MDHI Monthly 3
Baltic Dry Index TR Monthly 1
Harpex Shipping Index TR Monthly 1
Vahie of exports of goods, OECD OECD Monthly 2 v rd v
Value of exports of goods, European Union OECD Monthly 2

(Continued on next page)
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(Continued from last page)

(1) (2) (3) (4) (5 () (7)
Models

Variahle Souree Frequency Publication lag Initial Core Final
Value of exports of goods, China QOECD Monthly 1 v v v
Value of exports of goods, United States OECD Monthly 2
Value of exports of goods, Germany OECD Monthly 2
Tourist arrivals, world total, growth rate UNWTO  Monthly 4 v v v
Tourist arrivals, France Eurostat Monthly G
Tourist arrivals, Spain Eurostat Monthly 2
Tourism receipts, United States, growth rate UNWTO Monthly 1
Tourist arrivals, Italy Eurostat Monthly 4
Tourist arrivals, Mexico Banxico Monthly 2
Tourist arrivals, United Kingdom Eurostat Monthly 4 v
Tourist arrivals, Turkey TSI Quarterly 4
Tourist arrivals, Germany Eurostat Monthly 2
Tourist arrivals, Thailand TR Monthly 2
Tourist arrivals, North-East Asia, growth rate UNWTO  Monthly 4 v
Tourist arrivals, South-East Asia, growth rate UNWTO  Monthly 4 v
Index of total manufacturing production, OECD OECD Monthly 3 v v v
Index of total manufacturing production, United States OECD Monthly 2
Index of total manufacturing production, Japan OECD Monthly 2
Total inward foreign direct investment, world QECD Quarterly 1 v
Total inward foreign direct investment, OECD OECD Quarterly 4
Total foreign direct investment, China TR Monthly 1 v
Total foreign direct investment, India TR Monthly 1
C. Other related indicators
Index of services production, United Kingdom ONS Monthly 2 v v v
Index of services production, Japan BOJ Monthly 2 v v v

{Continued on next page)
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(Continued from last page)

(1) @) (3 (4) 5 ©
Models

Variahle Source Frequency Publication lag Initial Core Final

Index of services production, France Eurostat Monthly 5 v

Index of services production, Brazil IBGE Monthly 4

Index of total retail trade value, United States OECD Monthly 2 vy v "y

Index of total retail trade value, Japan OECD Monthly 3

Average unit value of exports, world CFB Monthly 3 v v v

Index of free-market commodity prices UNCTAD  Monthly 1

International economic cooperation GDELT Monthly 1

International economic “positive” reporting GDELT Monthly 1

Number of new trade restrictive policies implemented GTA Monthly 1

. “Soft” indicators

Index of business confidence, services sector, European Union Eurostat Monthly 1 v

Purchasing managers’ index, non-manufacturing, United States TR Monthly 1 v v v

Purchasing managers’ index, non-manmufacturing, China TR Monthly 1 v v v

Purchasing managers’ index, non-manufacturing, Japan TR Monthly 1 v v v

Index of consumer confidence, OECD OECD Monthly 1

Index of consumer confidence, China OECD Monthly 2

Sources: Sources: FRED = Federal Reserve Economic Data; TR = Thomson Reuters Eikon database; OECD = Organisation for Economic Co-operation and Development;
Eurostat = Statistical Office of the European Union; IMF = International Monetary Fund; BOJ = Bank of Japan; CPB = Netherlands Bureau of Economic Policy
Analysis; SCA = Suez Canal Authority; CP = Canal de Panam\'{a}; NBSC = National Bureau of Statistics of China; MDHK = Marine Department of the
Government of the Hong Kong Special Administrative Region; UNWTO = United Nations World Tourism Organization; Banxico = Central Bank of Mexico; TSI
= Turkish Statistical Institute; ONS = Office for National Statistics of the United Kingdom; IBGE = Brazilian Institute of Geography and Statistics; UNCTAD =
United Nations Conference on Trade and Development; GDELT = Global Database of Events, Language and Tone Project; GTA = Global Trade Alert.

Notes: Publication lag is the number of months between the end of the period and the time of data publication, as recorded at the moment of data collection.
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(1) 2) 3) (4) (5)
Lag Results Results, standardized
structure R? MAE R? MAE Average
(8,3) 48.2 0.0289 0.9897 0.6935 0.8416
(7,3) 47.6 0.0302 0.9775 0.6620 0.8198
(6,3) 48.7 0.0292 1.0000 0.6861 0.8431
(5,3) 44.4 0.0298 0.9124 0.6706 0.7915
(4,3) 48.3 0.0200 0.9912 1.0000 0.9956
(3,3) 43.8 0.0316 0.8988 0.6341 0.7664
(2,3) 44.9 0.0305 0.9230 0.6564 0.7897
(1,3) 44.7 0.0259 0.9178 0.7738 0.8458
(8,2) 39.1 0.0332 0.8028 0.6032 0.7030
(7,2) 40.9 0.0335 0.8394 0.5971 0.7182
(6,2) 39.5 0.0333 0.8119 0.6010 0.7065
(5,2) 40.2 0.0336 0.8263 0.5948 0.7105
(4,2) 39.5 0.0334 0.8103 0.5996 0.7049
(3,2) 37.4 0.0342 0.7674 0.5850 0.6762
(2,2) 39.1 0.0331 0.8032 0.6049 0.7041
(1,2) 38.3 0.0340 0.7864 0.5891 0.6877
(8,1) 36.9 0.0349 0.7568 0.5725 0.6646
(7,1) 37.2 0.0335 0.7630 0.5964 0.6797
(6,1) 37.2 0.0336 0.7638 0.5958 0.6798
(5,1) 37.4 0.0336 0.7682 0.5958 0.6820
(4,1) 374 0.0336 0.7678 0.5949 0.6814
(3,1) 35.7 0.0340 0.7332 0.5886 0.6609
(2,1) 35.7 0.0361 0.7337 0.5549 0.6443
(1,1) 37.7 0.0344 0.7736 0.5808 0.6772

Notes: R? is the percentage of variance of the target variable explained by the model; MAE is the mean absolute forecast
error over the testing sample at the last update before the actual values were published. Both statistics were
standardized so that the best indicator (max R? and min MAE) equals one; these are reported in columns (3) and
(4), respectively. Column (5) reports the average of both standardized measures.
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Note: UNCTAD calculations based on data sources reported in Table 5. The line represents the estimated annual growth rate of the past 12
months with respect the 12 months before that (i.e., it is a rolling cumulative growth rate over the last 12 months). This is the main output




32 UNCTAD Research Paper No. 27

of the nowcast model. The points represent the actual values for the growth rate. The model anchors the estimates to the actual figures,
S0 they coincide whenever the growth rate is observed.

2014 2015
0.05
(0]
%0.08' 0.02+
< 1
% 0.07] 0.00
E -0.02+
0.06+ -0.05+
01/2014  04/2014  07/2014  10/2014  01/2015  04/2015 01/2015 04/2015 07/2015  10/2015  01/2016  04/2016
2016 2017
o 0031 0.10
$ 002 0.00
€ 0.01{
£ 0.001 0.081
0 -0.014 0.07
012016  04/2016  07/2016  10/2016  01/2017  04/2017 01/2017  04/2017  07/2017  10/2017  01/2018  04/2018

Note: UNCTAD calculations based on data sources reported in Table 5. The solid lines represent year-end growth rate forecasts produced by
the nowcast model estimated with the data available at each month. The dashed lines are the actual growth rates, published in April of
the following year. Note that every plot has different limits in the vertical axis.

4.2 Global gross domestic product

The main target variables reported in this paper are total international trade in goods and services. However, the same
methodology can be applied to any other variable, provided that there are sufficient high-frequency indicators available
to guide the nowcast. We will briefly present here such an extension to another macroeconomic aggregate of
relevance: global gross domestic product (GDP). Specifically, the target variable is the growth rate of world GDP in
constant 2010 USD, as reported in UNCTADstat. The underlying data is provided by the United Nations Statistics
Division, plus additional UNCTAD estimates. The GDP in national currency for every country is converted to USD using
the annual period-average exchange rate of the base year (2010) and then aggregated to the global level. This variable
is updated in July, when the final estimate of the previous year is published.

As the most comprehensive macroeconomic aggregate, GDP encompasses economic transactions between different
actors across all sectors of economic activity. Therefore, it is possible to construct the nowcast model around a vast
list of indicators. Table 7 lists the ones that were selected for this exercise, obtained from identifying variables that
are, a priori, relevant for each of the categories described above. The variable selection process was also informed by
the nowcast models reported in the literature.

We first include real GDP figures of the 10 largest economies.'® We also add the monthly GDP estimate of OECD,
calculated as part of this Organization’s opportune indicators system. Country-disaggregated information of economic
sectors of relevance to track global product are also included. These are manufacturing, industry, retail trade and
import volumes. We cover data for the largest economies in each of the sectors, subject to data availability. Labor
markets follow closely the developments of global product and, because of this, employment and unemployment rates
of the largest economies are included. Additionally, we introduce some indicators that can gauge the global state of
the economy and that have been reported in the literature: cargo transport through the Suez and Panama canals, as

19 According to the source data, the ten economies with the largest GDP in 2017 were, in decreasing order, the United States, China, Japan, Germany, the United
Kingdom, India, France, Brazil, Italy and Canada.
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well as global oil and steel production. Finally, we include “soft” indicators, in the form of business confidence indices,
consumer confidence indices, purchasing managers’ indices, and leading indicators for the largest world economies.

Not all indicators were considered at once. An initial model, consisting of the 22 indicators marked in column (5) of
the table above, was estimated. Only the significant variables were retained, leading to the core list of 19 indicators
identified in column (6) of the same table. The next step consisted of selecting the lag structure of the model. By
following the procedure described before, we selected my = m; =4 and m. = ms = m, = 3 as the optimal lag structure
(see Table 8).

After this, the model selection process implemented added the rest of the indicators, one at a time, by blocks of
variables. The final model included 25 variables, identified in the last column of Table 7. These indicators are filtered
through the model to estimate the common factor at a monthly frequency, which can then be used to estimate monthly
values for the variable of interest. The result is presented in Figure 5. As before, the line represents the estimated
annual growth rate of real world GDP, while the points are placed at the actual rates. The final model can explain
95.9% of the total variability observed in the annual series of real GDP.

The lag structure selected for this nowcast exercise kept only a few lags. The model will therefore have no new
information a few months after the last indicators are observed and the forecasts will consequently deteriorate. This
becomes evident in Figure 6, where the first forecasts are not only far off the actual value, but also very volatile.
However, as we draw closer to the end of the year, the information provided by the indicators begins to influence the
estimation and the forecasts improve dramatically. In the four years displayed in these charts, by year-end the model
has nowcast a growth rate practically identical to the final figure, published months later. Indeed, the forecast MAE
calculated one month before the release of the final figures is 0.0006, only 0.06 percentage points away from the
actual growth rate observed.

0.0254

Percentage

0.000+

-0.0251
2000 2002 2004 2006 2008 2010 2012 2014 2016 2018

Note: UNCTAD calculations based on data sources reported in Table 7. The line represents the estimated annual growth rate of the past 12
months with respect the 12 months before that (i.e., it is a rolling cumulative growth rate over the last 12 months). This is the main output
of the nowcast model. The points represent the actual values for the growth rate. The model anchors the estimates to the actual figures,
S0 they coincide whenever the growth rate is observed.



34

UNCTAD Research Paper No. 27

Table 7 List of indicators, real GDP

(1) (2) 3) (4) 5 (6) (1)
Models

Variable Source Frequency Publication lag Initial Core Final
A. Sub-components of the target variable
Real GDP, United States OECD  Quarterly 4 e v v
Real GDP, China OECD  Quarterly 4 v v v
Real GDP, Japan OECD  Quarterly 4 v v v
Real GDP, Germany OECD Quarterly 4 v v v
Real GDP, United Kingdom OECD  Quarterly 4 v v v
Real GDP, India OECD Quarterly 4
Real GDP, France OECD  Quarterly 4
Real GDP, Brazil OECD  Quarterly 4 v
Real GDP, Italy QOECD  Quarterly 4
Real GDP, Canada OECD  Quarterly 4 v
Real GDP, OECD OECD  Monthly 3 v
B. Structural variables
Index of total mamifacturing production, OECD OECD  Monthly 3 v v v
Index of total manufacturing production, United States QECD  Monthly 2
Index of total manufacturing production, Japan OECD  Monthly 2
Index of total manufacturing production, Germany OECD  Monthly 2
Index of total manufacturing production, Korea OECD  Monthly 2
Index of total manufacturing production, India OECD  Monthly 2
Index of total manufacturing production, Italy OECD  Monthly 2
Index of total manufacturing production, France OECD  Monthly 2
Index of total manufacturing production, United Kingdom OECD  Monthly 2
Index of total manufacturing production, Brazil OECD  Monthly 2

{Continued on next page)
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(Continued from last page)

(1) (2) (@) (4) (5 (6 (7)
Models
Variable Source Frequency Publication lag Initial Core Final
Growth rate of value-added of industry, China NBSC  Monthly 2 v
Index of total construetion, OECD OECD  Monthly 3 v v v
Index of total construetion, United States OECD  Monthly 2
Index of total construction, Japan OECD  Monthly 2
Index of total construction, Germany OECD  Monthly 2
Index of total construction, Great Britain OECD  Monthly 2
Index of total construetion, Franee OECD  Monthly 2
Index of total construetion, Canada OECD  Monthly 2
Construction permits issued, Germany OECD  Mounthly 2
Construction permits issued, France OECD  Monthly 2
Construction permits issued, Canada OQECD  Monthly 2
Index of total retail trade volume, United States QECD  Monthly 2 v v v
Index of total retail trade volume, Japan OECD  Monthly 2
Index of total retail trade volume, Germany OECD  Monthly 2
Index of total retail trade volume, United Kingdom OECD  Monthly 2
Index of total retail trade volume, France OECD Monthly 2
Index of total retail trade volume, Brazil OECD  Monthly 2
Index of total retail trade volume, Italy OECD  Monthly 2
Index of total retail trade volume, Canada OECD  Monthly 2
Growth rate of total retail sales of consumer goods, China NBSC  Monthly 2 v
Index of import volumes, world CFPB Monthly 3 v v
Index of import volumes, United States CFPB Monthly 3 v
Index of import volumes, Japan CPB Monthly 3 v
Index of import volumes, European Union CFB Monthly 3 v
Index of import volumes, emerging economies CFB Monthly 3 v

(Continued on next page)
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(Continued from last page)

(1) (2) (3) (4) (5) (6) (7)
Models
Variable Source Frequency Publication lag Initial Core Final
C. Labor market indicators
Employment rate, OECD OECD  Quarterly 4 e v v
Employment rate, United States OECD Quarterly 4
Employment rate, Japan OECD  Quarterly 4
Employment rate, Germany OECD  Quarterly 4
Emplovment rate, United Kingdom OECD Quarterly 4
Employment rate, France OECD Quarterly 4
Employment rate, Italy OECD  Quarterly 4
Employment rate, Canada OECD  Quarterly 4
Unemployment rate, OECD QECD  Monthly 2 v v v
Unemployment rate, United States OECD  Monthly i
Unemployment rate, Japan OECD  Monthly 2
Unemployment rate, Germany OECD  Monthly 2
Unemployment rate, United Kingdom OECD  Monthly 2
Unemployment rate, France QECD  Monthly 2
Unemployment rate, Ttaly OECD  Monthly 2
Unemployment rate, Canada OECD  Monthly 1
Unemployment rate, Brazil IMF Monthly 8
D. Other related indicators
Suez Canal traffic statistics, net tons SCA Monthly 1
Panama Canal, oceangoing commercial transits CP Monthly 1 v
Petrolenm and other hiquids, production EIA Monthly 3 v v v
Crude steel, production WSA Monthly 1 v v v
E. “Seft” indicators
Index of business confidence, OECD OECD  Monthly i v v v

(Continued on next page)
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(Continued from last page)

(1) (2) (3) (4) (5) (6 (1)
Models

Variahle Source Frequency Publication lag  Imitial Core Final
Index of business confidence, China OECD  Monthly 2 v v v
Index of consumer confidence, OECD OECD  Monthly 1 v v v
Index of consumer confidence, China OECD  Monthly 1 v v v
Purchasing managers’ index, United States TR Monthly 1 v v v
Purchasing managers’ index, China NBSC  Monthly 1 v v v
Leading indicator, OECD OECD  Monthly 2
Leading indicator, United States OECD  Monthly 2
Leading indicator, China OECD  Monthly 2
Leading indicator, Japan OECD  Monthly 2
Leading indicator, Germany OECD  Monthly 2
Leading indicator, United Kingdom OECD  Monthly 2
Leading indicator, India OECD  Monthly 2
Leading indicator, France OECD  Monthly 2
Leading indicator, Brazil OECD  Monthly 2
Leading indicator, Italy OECD  Monthly 2
Leading indicator, Canada OECD  Monthly 2

Sources: OECD = Organisation for Economic Co-operation and Development; NBSC = National Bureau of Statistics of China; CPB = Netherlands Bureau of Economic
Policy Analysis; IMF = International Monetary Fund; SCA = Suez Canal Authority; CP = Canal de Panam\'{a}; EIA = United States Energy Information
Administration; WSA = World Steel Association; TR = Thomson Reuters Eikon database.

Notes: Publication lag is the number of months between the end of the period and the time of data publication, as recorded at the moment of data collection.
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(1) 2) 3) (4) (5)
Lag Results Results, standardized
structure R? MAE R? MAE Average
(8,3) 95.0 0.0028 0.9675 0.2965 0.6320
(7,3) 94.6 0.0010 0.9639 0.8552 0.9096
(6,3) 93.6 0.0010 0.9538 0.8404 0.8971
(5,3) 95.7 0.0010 0.9752 0.7949 0.8851
(4,3) 96.6 0.0008 0.9845 1.0000 0.9923
(3,3) 94.9 0.0010 0.9669 0.8433 0.9051
(2,3) 97.4 0.0010 0.9920 0.7905 0.8912
(1,3) 95.5 0.0010 0.9728 0.8656 0.9192
(8,2) 95.5 0.0014 0.9733 0.5785 0.7759
(7,2) 94.7 0.0009 0.9643 0.9081 0.9362
(6,2) 94.9 0.0009 0.9671 0.9558 0.9614
(5,2) 94.6 0.0008 0.9636 0.9736 0.9686
(4,2) 96.1 0.0010 0.9794 0.8495 0.9145
(3,2) 95.9 0.0010 0.9771 0.8609 0.9190
(2,2) 94.9 0.0009 0.9670 0.9477 0.9573
(1,2) 95.5 0.0010 0.9724 0.8207 0.8966
(8,1) 95.8 0.0011 0.9759 0.7436 0.8598
(7,1) 95.8 0.0011 0.9755 0.7370 0.8563
(6,1) 94.3 0.0012 0.9609 0.7027 0.8318
(5,1) 94.2 0.0010 0.9592 0.8096 0.8844
(4,1) 95.4 0.0014 0.9721 0.5941 0.7831
(3,1) 95.2 0.0011 0.9701 0.7851 0.8776
(2,1) 98.2 0.0010 1.0000 0.8184 0.9092
(1,1) 95.5 0.0011 0.9730 0.7544 0.8637

Notes: R? is the percentage of variance of the target variable explained by the model; MAE is the mean absolute forecast
error over the testing sample at the last update before the actual values were published. Both statistics were
standardized so that the best indicator (max R? and min MAE) equals one; these are reported in columns (3) and
(4), respectively. Column (5) reports the average of both standardized measures.
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Note: UNCTAD calculations based on data sources reported in Table 7. The solid lines represent year-end growth rate forecasts produced by
the nowcast model estimated with the data available at each month. The dashed lines are the actual growth rates, published in April of
the following year. Note that every plot has different limits in the vertical axis.

5 Conclusions

This paper presented a methodology to track the real-time evolution of three global aggregates that could be used to
monitor the world economy. They can be used to identify, in a timely manner, any changes that could require the
adaptation of economy policy in affected sectors or countries. This tool can also be used to produce short-term
forecasts of the target variables based on the most up-to-date information available in a series of underlying indicators.

This model relies on dynamic factor models, a familiar technique in the econometrics toolbox that can be calculated
in any standard statistical software. The standard model was adapted to take into account the data characteristics
that will be most likely present in this type of data: heterogeneous frequencies, missing data and ragged ends.
Moreover, the solution described in Section 3 were developed in a general manner and they can be adapted to a
variety of target variables and underlying indicators. Additional requirements (such as infra-monthly series and data
available only after known transformations) could potentially be introduced to the model in a straightforward manner.

The results are very promising. The mean absolute forecasting errors are small and the estimated factor can explain
a high proportion of the variability of the target variables. The visualizations presented in Section 4 show that the
nowcasts quickly incorporate the information provided by the underlying indicators and correctly identify changing
trends and turning points in the series. However, it must be noted that the dynamic structure of the model considers
only short lags, so these models should only be used to monitor the real-time evolution of the variables and to produce
short-term forecasts.

There are several ways to improve this process. First, the co-movements between the variables are constantly
changing and previously tested variables may lose or gain significance when monitoring the target variables. There
are also new series becoming available or receiving more widespread diffusion. The variable selection process will
therefore have to be repeated frequently. Second, it could be interesting to compare the nowcasting performance
when the target variable is annual or quarterly. For this exercise, we deliberately chose annual target variables since
our objective is to track official data with complete coverage. However, there are other series available at a quarterly
frequency that, at a cost of a smaller coverage, provide more timely information on the global aggregates. It would be
interesting to compare the performance of the nowcast methodology in both situations. Third, we only developed
nowcast models for three target variables. However, there are many more global macroeconomic aggregates. A
potentially interesting exercise would be the nowcasting of the separate components of a series (for example, the
value of merchandise exports by world regions, or the value of service exports by category), but imposing the condition
that their combined trends should match the nowcast for the aggregate. Finally, as a robustness check and a potential
source of improvement, we can also attempt to replicate the process with alternative methodologies. The
approximation-free model developed in Aruoba et al. (2009) appears like a good candidate for this exercise.

Appendix A Measuring economic sentiment
towards international trade

Global economic policy on trade is difficult to measure. All countries apply a constantly-changing mix of measures to
encourage or restrict trade. Moreover, there could be a significant lag between the announcement of a measure and
its actual implementation, and it can also be rolled out progressively. Some policies apply only to certain sectors or
products, while other are more comprehensive. Some are taken in collaboration with other countries, economic blocks
or multilateral organizations, while others are appointed unilaterally.



40 UNCTAD Research Paper No. 27

Economic policy can have an important impact on international trade. However, it is a difficult statistical concept to
operationalize and measure. There are several indicators on trade policy and free trade in the literature (see, for
example, the Heritage Foundation’s Index of Economic Freedom,? the Fraser Institute’s Economic Freedom of the
World,?" or the OECD’s Services Trade Restrictiveness Index?). However, these indices can have a limited country
coverage, plus they are only published annually. Their usefulness for nowcasting is thus limited.

We propose three indicators that can serve as proxies of global economic sentiment towards international trade and
therefore provide information on international trade policies. The first two are derived from the Global Database of
Events, Language and Tone (GDELT) project, currently maintained by Google.? This database consists of more than a
quarterbillion records in more than 100 languages collected from hundreds of thousands of news sources from all
over the world. The database covers events since 1979 until the present.?* Each event is coded according to the actors
involved (countries, organized groups, private actors, etc.), along with their characteristics and geographical location,
and the action that takes place between them. The latter is classified into more than 300 categories according to the
Conflict and Mediation Event Observation (CAMEQ) classification.?® The algorithm also studies the actions and assigns
them an average “tone” indicating how negative or positive they are. In order to account for the differences in relevance,
the figures are weighted by the number of mentions that each event receives: important events are picked up by a
larger number of sources and mentioned more frequently, while minor events will only be mentioned by a limited
number of sources.

To construct the indicators, we extract from this database all events with CAMEQ codes 0211 (“appeal for economic
cooperation”), 0311 (“express intent to cooperate economically”), 061 (“cooperate economically”), 1011 (“demand
economic cooperation”) and 1211 (“reject economic cooperation”). The first three refer to verbal or material
cooperation, while the last two to verbal or material conflict. We further restrict the data to those events where both
actors are (different) countries. The classification does not allow to distinguish between cooperation/conflict related to
international trade from that in other areas (investment, alignment of regulations, etc.) However, this could still give
an indication of the economic sentiment between countries that could lead them to establish economic links, including
through trade. Although the data could be constructed at a daily frequency, we collect all events at a monthly frequency
to maintain consistency with the rest of the variables in the model.

The first indicator is the proportion of economic cooperation events (0211, 0311 and 061) relative to the total number
of events registered. We scale the indicators so that the average of 2005 equals 100.

The second indicator attempts to take into consideration the tone with which the events are reported. A similar
approach was taken by Ortiz and Rodrigo (2018). However, the authors do not account for the changes of the tone
scale that affect the database. We correct for these changes by comparing an event’s tone with the average tone of
all events in the same period. “Positive” events are those for which the tone indicator is higher than the period’s
average. The indicator is then the proportion of positive economic-related events relative to the total number of events.
This is also scaled so that the average of 2005 is 100.

Both indicators derived from the GDELT database are proxies of positive economic sentiment in international relations
and they are therefore expected to be positively correlated with international trade. Their evolution over the last three
decades is shown in Figure 7.

20 https://www.heritage.org/index.

2! https://www.fraserinstitute.org/economic-freedom.

22 http://www.oecd.org/tad/services-trade/services-trade-restrictiveness-index.htm.

2 hitps://www.gdeltproject.org.

2 The number of global news material is in constant increase. Therefore, all measures taken from this database should take this into account and be normalized
relative to the total number of events reported.

% Sge Schrodt (2012).
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The third indicator measures the number of policy measures restricting international trade that are implemented every
month.? The data comes from Global Trade Alert.?” Note that we account for the measure at the time they are
implemented and not when they are announced. A disadvantage of this source is that it does not provide information
on the impact or coverage of each policy and all measures receive the same weight. In addition, it is available only
from November 2008. As a measure of trade restrictiveness, it is expected to be negatively correlated with international
trade. Figure 8 shows this variable for the period when data is available.?®
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Source: UNCTAD calculations based on data from GDELT.

% The list of restrictive or protectionist trade policies includes the following measures: anti-circumvention, anti-dumping, anti-subsidy, export-related non-tariff
measures, export bans, export licensing requirements, export quotas, export subsidies, export tariff quotas, export taxes, foreign customer limits, import-related
non-tariff measures, import bans, import incentives, import licensing requirements, import monitoring, import quotas, import tariffs, import tariff quotas, intellectual
property protection, internal taxation of imports, price stabilisation, safeguards, sanitary and phytosanitary measures, technical barriers to trade, trade balancing
measures, and trade payment measure.

%7 https://www.globaltradealert.org/.

% n order to eliminate volatility and present the underlying trends, both Figures 7 and 8 show the trend component of the series as extracted by applying the X-
13-ARIMA-SEATS methodology.
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