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Abstract

This paper shows how to use a hybrid of supervised and unsupervised
learning models to go from text from news articles to an FX news index that
can be used to enhance a traditional FX regression of the order flow. To do
so, I adapt a Supervised Latent Dirichlet Allocation model that combines in-
formation about a supervising variable with topic extraction over a corpus
of text in a single-stage estimation. The empirical application I present esti-
mates a text-augmented order flow regression using transaction-level data for
the Costa Rican colén and the United States dollar exchange rate along with
news articles from the main Costa Rican newspapers. Results show that news
articles can be used to construct covariates with relevant explanatory power
for the dynamics of the exchange rate over short frequencies. This empirical
relevance of text-based covariates from news articles reinforces the notion that
order flow is driven by private information and facilitates building narratives
around episodes of high volatility of the exchange rate.

Acknowledgments: I am deeply thankful with Nikolai Roussanov, Francis X. Diebold, Frank
Schorfheide, Jestis Ferndndez Villaverde and Karun Adusumilli for great advice on this project.
For valuable comments and suggestions I also thank seminar participants at the Penn Economet-
rics lunch seminar, the Central Bank of Costa Rica Research Seminars and conference participants
of the 2022 Graduate Student Conference at the Washington University at St. Louis, the 2022 Ris-
ing Scholars Conference at University of Chicago Booth School of Business, the 2023 International
Assoc. for Applied Econometrics Annual Conference at BI Norwegian Business School. All re-
maining errors are mine.

Key words: FX market, Natural Language Processing, Supervised Latent Dirichlet Allocation.
JEL codes: C82; G15; G17; O24.

Contact: aaron.mora@moore.sc.edu


mailto:aaron.mora@moore.sc.edu

1 Introduction

Standard macroeconomic theory supports the view that exchange rates are determined
mainly by fundamental macroeconomic variables such as, interest rate differentials, pro-
ductivity differences, terms of trade, and others. However, empirical evidence has re-
peatedly shown that such models lack explanatory power when dealing with the short
run dynamics of the exchange rate.

Under short periods of intense activity on FX markets, fundamentals can be silent for
a practical reason: data on them is published at a much longer frequency, meaning that
when confronted with data at short frequencies, fundamentals may not have enough
variation to act as covariates in explaining the exchange rate. Despite the lack of new
information on fundamentals, it could be that agents are acting on the expectations they
have over fundamentals which are essentially latent variables changing at a much faster
frequency than published data.

News articles could be an important source of information capable of causing agents
to revise their expectations. If the expectation formation process is a signal extraction
problem (e.g. Beaudry and Portier (2014)), some news articles contain new informa-
tion related to fundamentals, so when agents manage to filter a positive signal correctly
and act accordingly, fundamentals should eventually reflect their position. On the other
hand, when agents respond positively to a signal that turns out to be noise, fundamen-
tals will prove them wrong, and agents should revise their expectations. True news is
therefore information that should have predictive power for future developments in the
economy.

This idea suggests filtering news articles to extract the signal that is relevant for pre-
dicting developments in the economy. This paper argues that this can be done by ex-
tracting the topics a news article writes about and determining which topics correlate
with a macroeconomic variable of interest tracking an aspect of the economy. For exam-
ple, when considering an exchange rate, to the extent that certain topics in news articles
provide a relevant description of the economy, the more intensely such topics are rep-
resented in the newspaper at a given point in time the more likely it is that such topics
represent something important for the economy’s development and may cause revised
expectations for some agents. This suggests that the information in news articles might
be relevant in explaining the short term dynamics in the exchange rate.

This paper aims to gather evidence on whether news articles have explanatory power
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around the Monex Market, the main Costa Rican platform for FX trade. Accordingly,
news articles will be gathered from the main Costa Rican newspapers. The exchange
rate of interest is that between the Costa Rican Colén (CRC), the local currency, and
the United States dollar (USD). As the United States is Costa Rica’s main trade partner,
the CRC/USD exchange rate receives almost exclusive attention in FX matters from the
general Costa Rican public and the monetary authorities in Costa Rica.

Methodologically, the strategy of this paper uses a hybrid of unsupervised and su-
pervised learning models to go from text data in the news articles to an FX news index
that can be used to enhance traditional models from the FX literature. To do so, I use
an adaptation of the Supervised Latent Dirichlet Allocation (sLDA) model (Blei and
McAuliffe 2008) which combines information about a supervising variable with topic
extraction over a corpus of text in a single-stage estimation.

It is possible from a methodological perspective to divide the problem into two stages:
a first stage that extracts a low-dimensional feature from the unstructured text data and a
second stage that assesses how this low-dimensional feature correlates with the response
variable. For example, in the context of exchange rates, we could divide the problem into
a first stage that uses standard Latent Dirichlet Allocation (LDA) (Blei, Ng and Jordan
2003) to extract topics from the news articles and a second stage that uses the estimated
topic frequencies as regressors on a metric y of the exchange rate (for example the daily
log return). However, via a Monte Carlo simulation I provide evidence that opting for a
single-stage estimation, like sLDA, has efficiency gains over a two-stage approach.

Another strategy to process text from newspapers into indices is sentiment extraction.
In the standard approach sentiment metrics from news articles are computed based on
positive, negative, or particular word counts according to a pre-specified dictionary.
Results can be strongly driven by the subjective choice of this dictionary that dictates
which words should count. A topic extraction approach over the news articles, like in
a sSLDA model, is a less restrictive choice for producing news measures, since topics are
extracted in an agnostic fashion. News measures based on positive or negative counts
implicitly assume a two topic structure (positive and negative) and are more prone to
a market’s animal spirits interpretation where changes in expectations can be self-fulling
and not necessarily rooted in economic fundamentals.

Using the estimates from sLDA it is possible to summarize the information from
the supervised extracted topics into an FX news index. This FX news index in turn
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traditional models looking at FX dynamics. Construction of the index relies on the pa-
rameter estimates from a single-stage approach, which improves parameter precision.
With a similar objective, Mora (2020)! uses a two-stage approach combining LDA and
a supervised model with dynamic variable relevance to study the role of news articles
in the CRC/USD exchange rate from the Monex market. Evidence is provided that the
inclusion of an FX news index improves traditional order flow models. In this frame-
work, order flow remains an important driver in short-term dynamics for the exchange
rate after controlling for public information using a two-stage methodology for topic
extraction. This reinforces the notion that order flow is driven by private information.

Related literature This project is related to at least four strands of literature. The first
one is about the use of text data in economics and finance. Gentzkow et al. (2019) survey
different approaches to incorporate textual analysis into answering economic questions
as well present applications of such approaches in recent papers. One example of a
paper which relies on topic models is Larsen and Thorsrud (2019) which pursues a sim-
ilar, though methodologically different, goal to this project. They use news articles from
Norwegian news outlets and assess their information content to predict a set of macroe-
conomic variables in Norway. Thorsrud (2020) builds on this dataset of Norwegian news
articles to construct a daily business cycle index combining the text data with quarterly
GDP growth. Using news articles from the Wall Street Journal, Bybee, Kelly, Manela and
Xiu (2020) combine a LDA topic model with a vector autoregressive model to track the
state of the U.S. economy via text analysis of business news.

Examples of text models in finance include Ke et al. (2021) who use a supervised
sentiment extraction model on labeled Dow Jones Newswires to predict asset returns.
Lopez-Lira (2023) uses a LDA model on annual reports to elicit the risk factors that firms
themselves identify in their annual reports. It is worth remarking that all of the papers
mentioned above follow a two-stage approach to estimation where the first stage focuses
on extracting numerical features of text data that will be subsequently used in a second
stage that relates such features to economics variables of interest.

The second related literature as mentioned in the introduction deals with studying
short term dynamics of the exchange rate. This paper is related to the literature of
market microstructure in exchange rates and the role of the order flow, the difference

between buyer-initiated and seller-initiated trades, as a high frequency covariate for the

IThis is a previous version of this project. It can be consulted at https://www.dropbox.com/s/
4s4gT7owbwdu266p/Mora_TextIntoFX.pdf?d1=0.
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exchange rate. Many of the key insights of this literature can be found in Lyons (1995)
and Evans and Lyons (2002), surveys of the literature include Vitale (2007) and King et al.
(2013). Many papers have suggested explanations for the empirical relevance of the order
flow in exchange rate dynamics (e.g. Bacchetta and Van Wincoop (2006), Vitale (2011)
Evans and Lyons (2012)). However, despite the fact that these papers propose different
hypotheses for why the order flow has explanatory power for short-run exchange rate
dynamics, a definite answer backed by empirical evidence remains an open question.

A third related literature has to do with topic modeling. The LDA model from Blei,
Ng and Jordan (2003) has become an industry standard in recent years and has sprouted
a series of variations extending different aspects of the original model. Blei, Griffiths,
Jordan and Tenenbaum (2003) propose hierarchical LDA (hLDA) to include topic hier-
archies by using the Chinese restaurant process as a prior for such topic hierarchies?.
Andrzejewski et al. (2009) also extends LDA at the level of topic priors to included
domain knowledge, that is external information about the composition of words that
should have high or low probability in various topics. Jagarlamudi, Daumé III and
Udupa (2012) propose seedeed LDA that also incorporates domain knowledge on the
topic priors to guide topic models and learn about topics of specific interest to a user
by providing sets of seed words that a user believes are representative of the underlying
topics in a corpus. Ramage, Hall, Nallapati and Manning (2009) also extend LDA to
incorporate external information and propose Labelled LDA to study the problem of
credit attribution when documents have user tags in addition to a topic structure. A dy-
namic extension of LDA is presented in Blei and Lafferty (2006), where topic and topic
membership for each document evolves over time as a function of previous periods’
values. All these papers reflect the convenient modularity of LDA, demonstrating how
its basic topic structure can be part of richer models that work with text corpora with
different features. In this paper I introduce slight modifications to sLDA so it fits our
goal of introducing text data into a regression of the exchange rate; details are shown in
Section 2.

Finally a fourth related literature has to do with approximate inference in models
with latent variables, in particular with the variational inference methods. Topic models,
and in particular sLDA, posit latent features (variables) in the text structure. Given the

high-dimensional nature of text data, it is common to resort to approximate inference.

%In this extension, topics follow a L-dimensional tree structure that represent their hierarchy. Then a
document is drawn by first choosing an L-level path through the restaurants and then drawing the words
from the L topics which are associated with the restaurants along that path.
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sLDA, as presented below, performs estimation using variational inference with a mean-
field approximation. A good introduction to the techniques of variational inference can
be found in Blei, Kucukelbir and McAuliffe (2017); more through treatments can be
found in Bishop (2006) and Wainwright and Jordan (2008).

The rest of this paper is organized as follows: section 2 shows how to extract super-
vised topics from a database of news articles using a SLDA model. Section 3 shows the
simulation study that documents the efficiency gains of using sSLDA as opposed a two-
stage strategy of extracting topics using the traditional LDA and then using its output
in a regression. Section 4 presents the data for our empirical application, the CR News
database and the Monex Market, the source of the exchange rate data. Section 5 presents
the strategy for constructing the FX news index. Finally, Section 6 concludes.

2 Supervised Topic Extraction

Given a corpus of news articles, our premise is that each word in each document has a
latent assignment into one of K possible topics and moreover this latent assignment de-
termines a response variable y. In this context each document is seen as a bag of words,
that is a sequence of words {w, }N_; where each word w, is indexed in a dictionary of
size V and N is the total number of words in a document. Once indexed, a document
becomes a sequence of positive integers. To make this sequence human-readable, we
would need to replace index w, € {1,..., V} with the word corresponding to the w;-th
index in the dictionary.

Topics are considered as clusters of semantic content and modeled as unknown distri-
butions over a dictionary V. To estimate these latent assignments and their relationship
with the response variable y, I will use a modified version of Supervised Latent Dirich-
let allocation (Blei and McAuliffe (2008)) (sLDA) that builds on the industry standard
methodology of Latent Dirichlet Allocation (LDA) (Blei, Ng and Jordan (2003)) to in-
clude in a single-stage estimation information of the response variable to improve topic

extraction. In a nutshell, SLDA is based on three premises:

i. A topic is a distribution over words.

ii. A document is a mixture of topics. That is, there is mixed membership of documents

into topics.



iii. The empirical topic membership of a document along with covariates W;, determine

a response Y, a label for the document.

In this context data is composed of document-response triplets {(w;1.n,, yt, Wi) }_;-
In our exchange rate application, t would index daily dates: y; will represent the daily
log return using the exchange rate between day t and day t — 1. The variable w; .y,
stands for the news articles available at the beginning of day t, hence produced in day
t — 1, pooled into a single document. In this aggregation we are exploiting the mixed
membership feature of LDA models? Finally, W; are other covariates known to be rele-
vant to determine short-term dynamics of the exchange rate, like the order flow.

Two modifications are done with respect to sSLDA as presented in Blei and McAuliffe
(2008). The first modification is to include covariates other than text in the supervising
equation; which is important for the exchange rate application. The second, is to include
a Dirichlet prior for the vector of term frequencies of each topic. This facilitates the
estimation process and it is line with the smooth-LDA (see Blei, Ng and Jordan (2003)
section 5.4) implemented in most programming packages. The next subsection presents
the generative for the modified sLDA.

2.1 Generative Model

Given a corpus of T documents indexed by t = 1, ..., T compose of words from a dictio-
nary of size V. The supervised model used assumes that there are K underlying topics

that generate the text in the following fashion:
i. Draw K vectors By ~ Dir(17) so B € AV~
ii. Draw T vectors 0; ~ Dir(a) so 6; € AK~1

iii. For each word w;, withn =1,..., N;

0; ~ Mult((?t). So Ztn € {1,,1(}
* Draw word Wy |ztn, Bz, ~ Mult(B,,). So win € {1,..., V}.

* Draw topic assignment z; 5

iv. Compute the empirical topic frequency Z; = Nid EHN’*: 1 Zt; with z;, written as an
one-hot vector of size K.

3 Alternatively we can keep each news article as a document and then pool the empirical topic frequen-
cies of each document with timestamp ¢ into a pooled topic frequency for day ¢.



v. Given exogenous regressors W; and parameters generate a response y,; as

Y = b,Zt + C/Wt + &, Et v N(O, 0'2) (1)

The variables dependencies can be summarized in the graphical model depicted in
Figure 1.

Figure 1: sLDA Graphical Model
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Notes: Graphical model for the generative model of Supervised Latent Dirichlet Allocation.

X
C

In specifying the response equation (1) there are several modeling choices. Here I use
a basic Gaussian response; however, Blei and McAuliffe (2008) show how this response
equation can be generalized to other members of the exponential family. A response
with time varying parameters and with possible stochastic volatility is left for future
research.

In the generative model I have assumed that the topic structure determines the re-
sponse. It is possible to write a version of equation (1) that uses 6 instead of Z. This
would imply that documents and responses are exchangeable in the sense that once 0 is
drawn we can first generate the document or the response. It makes more sense in the
context of an application that seeks to extract information from news articles capable of
changing market behavior and hence market outcomes to assume that documents are
determined first followed by responses. Notice that so far (and in the details below) that
the strategy would be the same if y is a response containing information for other eco-
nomic variables, suggesting that we can think of supervised topic extraction with GDP,

inflation, trade, unemployment, and other macroeconomic variables.



2.2 Variational Inference

Given data, T the next natural step is to wonder how we can estimate the parameters
involved in the framework above. The main challenge is the presence of latent variables,
namely 6 that controls document topic membership, {z,} the words’ topic assignments
and B1.x the term frequencies for each topic. The posterior distribution of the latent

variables is given by:

p(z1:N, 0, Brx|win, y, W;b,c, 0% 0,1) =
p(ylzin, W, b,¢,02) [TTNy p(aonlza, Brx)p(2al0) | p(6]a)p(Brkln)
Tern Jo oy P21, W, b, 0,02) [T plwnlzn, Brac)plznl6) | p(Bla)p(Brxln) | d0dp

The normalizing term in the posterior distribution of the latent variables is the likeli-
hood of the data p(w1.n, y|7r, W) where T = {b,c,0?,a,1}. Unfortunately this likelihood
is not efficiently computable, as documented in Blei, Ng and Jordan (2003), making the
posterior of the latent variables also not efficiently computable . If this posterior were
computationally tractable we could use a standard EM algortihm (Dempster et al. (1977))
to perform maximum likelihood and estimate the parameters.

Given this limitation, I resort to approximate maximum-likelihood estimation using
a variational expectation maximization (VEM) strategy where I treat parameters 7 as
constants to be estimated rather than random variables. The VEM strategy follows the
spirit of the traditional EM algorithm but I use a variational approximation to the com-
plete likelihood to find a maximizing set of parameters as our estimates. Notice the
hybrid approach to parameters in this strategy: latent variables that can be thought of
as observation-specific parameters that have a Bayesian structure with priors on them,
whereas common latent variables or global parameters are treated as unknown con-
stants. For a discussion on when to use variational methods versus exact inference
strategies like MCMC see Blei et al. (2017).

2.3 Evidence Lower Bound and Mean Field Approximation

To obtain an approximation of the complete likelihood in the presence of latent variables,
I resort to the Evidence Lower Bound (ELBO), a key object in variational inference. Let
q(0,z1.N, B1.x) denote the variational distribution for our latent variables (topic member-

“Notice that in the the normalizing term, just the sum is over KV terms.
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ships, word assignments and topic term frequencies). By appropriately selecting the
family of the variational distribution, we are able to approximate the likelihood. The log
likelihood of the observed data is given by:

log p(w1., y| 7T, W) = log 2/9/ p(w1:n,y,21:n,9,ﬁ1:1<|7r,W)d9d131:1<]
Z1:n 1:K

i :n/G/,BlzK)
—1o // Wi Z1om, 0, B n,wq(zl—ded .
g len ) M(P( Lnr Ys 21, 0, B1K] )4(21;n,9,ﬁ1;1<) B1:x

> Eq [lOg p(wlzn/yzzlzn/ 9/ ﬁl:K|7T/ W)] - Eq [108’ l](e,leN, ,BltK)]

Expectations in the last line are with respect to q(6,z1.n, B1.x). This last line is the Ev-
idence Lower Bound (ELBO). Denoting the entropy of the variational distribution as
H(q) = —E4[log (6, z1:n, B1:x)] the ELBO expands into:

ELBO = E;log p(w1.N,Y, 6, z1:N, Br:x|7T, W)] + H(q)
= Eqllog p(0, z1.N, Br:x|w1:N, ¥, 70)] + Eqllog p(wi.n, y| 7T, W)] + H(q)

K N
= Eqllog p(6]a)] + k_Zl Eqllog p(Bkln)] + 21 Eqllog p(zx|0)]

N
+ Y Egllog p(wnl|zn, Br:x)] + Eqllog p(ylz1.n, W, b,¢,0%)] + H(q)
n=1

+log p(w1.N, y| 7T)

Notice that the ELBO is just a function of data (w1.y, y) and the variational distribution 4.
This bound is tight when g is the posterior of the latent variables, since maximizing the
ELBO is equivalent to minimizing the Kullback-Leibler divergence between the posterior
and g, (see Blei et al. (2017)). However, this posterior is computationally intractable so
we approximate it.
Next, I take a stance on the family of the variational distribution and use mean-field
variational inference to specify a fully factorized distribution:
N K
q(0, z1:n, Brx|y, P1:n, Aix) = 9(6]7) 1i[1 q(zn|¢n) ﬂq BrlAx)- ()
n= =

Within this family, our goal is to find (v, ¢1.n, A1:x) that maximize the ELBO. Since
the last term of the ELBO does not depend on the variational distribution our objective

9



function is:
K N
L(y,¢1n,Mx) = Eqllog p(8]a)] + ) Eqllog p(Bkln)] + ), Eqllog p(z:|6)]
k=1 n=1

N
+ 21 Eg[log p(wnlzn, Brx)] + Eqlog p(ylz1:n, W, b,c,0%)] + H(g)  (3)
n—

Detailed derivations of how to maximize the ELBO can be found in Appendix A.1
The optimization is done by block coordinate-ascent variational inference (CAVI) (see
Bishop (2006) for an exposition), which implies iteratively maximizing £ with respect to
each variational parameter. In this maximization we have the additional constraint that
each multinomial parameter vector ¢, should sum up to one. Optimization boils down
to iteratively updating {7, ¢1.n, A1.x} as:

N
YU+ ) P (4)
n=1

1
No?2  202N?

10 o exp | Eqllog 6] + Eq[log ] + RWp-Nb+b-bl| 6
with 7 1=y — W, ¢y := LN 4y §n and proportionality means to compute each entry
and then normalize to one, and finally - stands for element-wise multiplication; details
can be found in Appendix A.1.2. The variational parameters for each topic, Ay, are
updated as

T N;

Ao 1o+ Y Y Hwin = 0}ef 4

t=1n=1

T N
or Ap<+1n+ Z Z (P;k,n,kwt,” (6)
t=1n=1

with w;;, a one-hot representation of w;, as a vector of size V. Using the update above
for {, $1.n, M.k} I can maximize the ELBO for each document in the corpus to obtain a
corpus-level ELBO:

10



T

L(b,c,0%) = Y Eg:[log p(64, z11:N,, Brix, Wi, vi| Wi, 70)] + H(qy)
=1
T

2
= ) LOW prane Mk lb e, o), )
t=1
where t indexes the sample data, that is the document-response pair for day ¢, and g;
stands for the document-specific variational distribution with corresponding maximiz-
ing {7}, ¢/1.n} and {A]x}. Notice that the corpus-level ELBO is a just a function of
parameters from the supervising equation, this is because (a,7) are treated as hyperpa-

rameters selected by the econometrician.

2.4 Parameter Estimation

Next I look for parameters 7 = {b,¢, o, n} that maximize the corpus-level ELBO in
(7); this is done via the VEM algorithm, that iteratively performs the E-Step and M-Step
described below.

E-step: In the E-step given a set of parameters from the previous iteration, we approx-
imate the likelihood of the data by maximizing each document-specific ELBO, and then
summing them into L(b, ¢, c?) as described in the previous section. In this step the goal is
to find a collection {7}, ¢} 1.5, Al.x} that maximizes each document-specific ELBO using

CAVLI. This amounts to iteratively perform the updates in (4)-(6).
M-step: In the the M-step we maximize the corpus ELBO with respect to the sLDA

parameters 7T = {c, b, o, 1 }. Detailed derivations for this step are shown in Appendix
A.1.3 The updates in this step boil down to:

T N\t )
b (Z Eg- [ztzg]> (Z Eg- [Zt]gt> (8)
t=1

t=1
T o -
chew o (Z Wtwt/> (Z Wt(]/t — Eq* [Zt])b”3w> )
t=1 t=1
1 5 n
O.Z,new Y T t_zl (y% _ ytEq* [Z;]bnew _ ytwtlc ew) , (10)
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where g* stands for the variational distribution with the optimal variational parameters
from the previous E-step. As mentioned above, the topic membership hyper parameter,
«, and the hyperparameter for topic term frequencies, 7, are treated as a hyper parameter
chosen by the econometrician. For example it is common to set « = (1/K) - 1x and
n = 0.1 -1y guided by the suggestion in Griffiths and Steyvers (2004).

The VEM algorithm iteratively alternates these steps until convergence in the corpus-
level ELBO in (7) is achieved. Algorithm 1 in Appendix B sketches the steps for estimat-
ing the modified SLDA model and obtaining parameter estimates 7t = {l}, ¢, 0%, 17}.5

2.5 Prediction

In sLDA given estimates for topics, ,31; k, parameters 7t and a new document w;., with
covariates W, we can predict the response variable y associated with the new document.
Using a quadratic loss function, the prediction simplifies to computing the conditional

expected value:

E[y‘wliN/ W/ ﬁ/ Bl:K] — E[E[]/’wlN/ Z1:ns 9/ W/

7t, Brx]]
= VE[Z|win, 6, 7, Brx] + €

:K
"W

To compute the last conditional expectation we resort again to variational inference and
compute the posterior mean of Z. The goal is to find a variational distribution §(6, z1.x)
over the latent variables that minimizes the KL divergence between this distribution
and the posterior distribution p(8, zy.,|w1.n, W, b, ¢,62, B1.x); this is, again, equivalent to
maximizing the corresponding ELBO. This is similar to the ELBO maximization in sSLDA
but the difference is that terms involving the response variable y will not appear since
this variable is averaged out. The variational updates are the same as in an unsupervised
LDA model for (6,z1.5).

Using a fully factorized variational distribution, the updates are given by:

N
,?new —x+ Z (ﬁn
n=1

pre? o exp [Eq[log 6] + log ,Bwn}

5Code written in Julia language is available on request.
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Once the variational parameters have been optimized, then we obtain a predicted re-

sponse 1 as:
A 7! 4 A H N 7 7 Al 7/ 1 al g Al
§=VE[Z|win, 7 x| + EW R VE[Z] + EW =V | 5 ) da | +EW - (11)
n=1

Algorithm 2 in Appendix B summarizes the steps for predicting a response given a
document and sLDA estimates.

3 A Simulation Example

When modeling how text data can be used as a covariate for a supervising variable
of interest, the problem can divided into two stages: a first stage that extracts a low-
dimensional feature from the unstructured text data and a second stage that assesses
how this low-dimensional feature correlates with the response variable. For example, in
our context of exchange rates, we could divide the problem into a first stage that uses
LDA to extract topics from the news articles and a second stage that uses the estimated
topic frequencies as regressors on a metric y of the exchange rate (for example the daily
log return). In a more complex two stage example, Larsen and Thorsrud (2019) use
LDA in the first stage followed by a Latent Dynamic Threshold model (LTM) (Nakajima
and West (2013)) in the second stage to assess how news article text can be filtered into
different indices over macroeconomic variables. In this section I argue, via a Monte
Carlo simulation, that opting for single-stage estimation has efficiency gains over a two-
stage approach; namely the Mean Square Errors (MSE) on the estimated parameters and
the Mean Square Prediction Error (MSPE) over the test sets are smaller when using the
sLDA versus the two stage approach of LDA followed by a regression.

3.1 Simulation Design

We start by describing how to generate a labeled corpus. We fix the dictionary size a
V = 200, which means that words are just indices w € 1, 2,3, ...,200. We also match these
indices with the 200 most common words in English to facilitate comparison between the
results. We consider K = 5 underlying topics and the topic membership hyperparameter
g is set to ag = (1/K) - 1x where 1k is a vector of ones of size K. Topics are drawn
according to ,32 ~ Dir(no) with 7o = 0.1 - 1y. Each is a vector of size V = 200 with entries
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summing to one. We put these topics into a (V, K) matrix p9,,. The supervised weights
b were set to by = [2,1,0, —1, —2]’. Next we generate T = 1000 document-response pairs
following the blueprint described in the generative model in section 2:

(i) Draw how many words are in the document: N; ~ Unif(100,300).
(ii) Draw topic membership 6; ~ Dir(«g).
(iii) For each word in the sample n =1, ..., Ny

e Draw topic assignment: z,, ~ Mult(6;). Hence z, € {1, ..., K}.

e Draw a word index w, ~ Mult(B;,). Hence w, € {1,..,V}.

(iv) Rewrite z, in one-out-K form and compute the empirical topic frequency Z; € RK

for this document:

(v) Generate e; ~ N(0,08 = 1) and using by € RX generate a response:
yt = Zibo + &

The previous steps generate a dataset of document-response pairs (w;1.n,,y:) with
t =1,...,1000. These documents-response pairs will be split into a training set formed by
900 pairs and a test set composed of the 100 remaining pairs. In this simulation we have
assumed no complementary covariates W; determining y; along with w; .y, as we are
mainly interested in contrasting the estimates related to text in single versus two-stage

estimation procedures.

3.2 Simulation Results

We generated a hundred datasets, each containing T = 1000 document-response pairs.
Using each of these datasets, we perform single-stage and two-stage estimation on the
training set and prediction over the test set. Single-stage estimation refers to sLDA
using the VEM algorithm whereas two-stage estimation refers to running LDA with the
VEM algorithm followed by regressing the dependent variable y on the empirical topic
frequencies per document extracted from LDA. Details about the execution of the VEM

algorithms are shown in Appendix C.
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Table 1 shows the bias, variance and MSE for this repeated exercise for the supervised
parameters b and ¢2. These metrics for single-stage estimation present smaller numbers
and larger relative efficiency, defined as the MSE from two-stage estimates divided the
MSE from single stage estimates, for all the parameters. In particular for 0> the MSE
from two-stage is 5.8 times larger than in single-stage estimation. These results suggest
that even though topics are generated before responses and that both LDA and sLDA
model topics the same way, having supervised information improves the topic extraction
process.

During prediction we also observe efficiency gains. Figure 2 shows distributions of
Mean Square Prediction Errors (MSPE) for both strategies over a test sample. Specifically,
each MSPE is computed over a test set of 100 documents, for which the response variable
y was predicted using estimates from a training set of 900 document-response pairs. This
tigure shows that MSPE from single-stage forecasts generally take smaller values than
the two-stage predictions; this is consistent with efficiency gains in favor of the single-
stage strategy during estimation.

4 Data Sources

4.1 News Articles

For this paper more than 56,000 news articles were collected from La Nacion (LN)
(Grupo-Nacién-LN (2025)), the main Costa Rican newspaper, and from El Financiero
(EF) (Grupo-Nacion-EF (2025)), the main Costa Rican business newspaper. Article dates
range from January 2015 to March 2021, with almost all articles written in Spanish. In
this period of 2,271 days there is a median of 21 news articles, 15,193 words and 13 news-
paper sections per day. For every article, the section, the author (if available), publishing
date up to milliseconds, subject tags, header, subheader, and the main text of the article
were recorded.

It is important to mention that despite the fact that this database contains only news
articles from a Costa Rican newspaper, news about the United States economy is closely
followed. As Costa Rica is a small open economy, the US is its main trade partner, and
the USD is the vehicle currency for international trade, the CRC/USD exchange rate is a
macroeconomic variable closely followed by the media. Hence news about developments

in the United States will typically be covered in the newspapers.
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Table 1: Bias, MSE and Efficiency for Supervised Parameters

Parameter Estimation Bias Variance MSE RE
o? Two-Stage  0.111 0023 0.085 _ .
Single-Stage  0.038 0.005 0.006
b Two-Stage  -0.376 0.074 0.214 3.557
Single-Stage -0.185 0.026 0.060
by Two-Stage  -0.250 0.097 0.158 2976
Single-Stage -0.134 0.052 0.069
b3 Two-Stage 0.021 0.058 0.058 1815
Single-Stage  0.033 0.031 0.032
by Two-Stage 0.163 0.041 0.067 1652
Single-Stage  0.090 0.033 0.041
bs Two-Stage 0.337 0.066 0.179 5 585

Single-Stage  0.189 0.034 0.069

Notes: Results for 100 Monte Carlo replications. Each generated dataset has K = 5 underlying topics
for a dictionary composed of the top V' = 200 most common nouns in English. Topics were drawn as
Bx ~ Dir(0.1-1y) and each simulated training set is composed of T = 900 documents, each with a
number of words drawn as Ny ~ Unif(200,300). RE is the efficiency of Single-Stage estimation relative to
Two-Stage estimation: RE = MSE(Two-Stage) /MSE(Single-Stage).

4.2 Text Preprocessing

Before the text in each news article can be used as an input to estimate a topic model
it needs to be preprocessed. This is done to clean the text and reduce its dimension to
facilitate the extraction of semantic content. This is done in several steps: tokenization,
filtering out special terms, stemming, removing stop words, and a final frequency filter.

Tokenization requires transforming a long string of text into a vector with just one
word in each entry; for example a phrase comprised of 10 words would be tokenized
into a vector of size 10 with each word of the phrase occupying one entry. In a second
step we filter out special terms; this removes numbers, punctuation, words not in Span-
ish, and special characters. The next step is to stem each word, this is done with Porter
(2001)’s snowball stemmer. This step reduces the dimension of the dictionary by collaps-
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Figure 2: MSE Prediction
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Notes: Boxplots for the Mean Square Prediction Error (MSPE) over 100 Monte Carlo replications. Each
MSPE is computed over a test set of 100 documents, for which the response variable y was predicted using
estimates from a training set of 900 document-response pairs.

ing different words with the same underlying concept® into a single stem, for example
the words: bank, banks, banking will be stemmed into bank.

Once words have been stemmed, we further reduce the dimension of the dictionary
by removing stop words, which are common words such as connectors, that are so
generic that removing them does not change the semantic content of a phrase but reduces
its dimension. This step is done by filtering out words from a list of terms considered to
be stop words. Spanish stop words come from Python’s package stopwords-ISO (Diaz
(2020)). A final frequency filter is applied based on the tf-idf measure. This metric ranks
each term in the dictionary according to the multiplication of the term frequency (tf) and
the inverse document frequency (idf)’, and will assign a low ranking to terms that are too

®For instance, in a language like Spanish where verbs are conjugated differently according to each
grammatical tense and subject, stemming simplifies the dictionary of the corpus while preserving the
main concepts.

7For each term v, #f is the number of times term v appears in document d divided by the number of
terms in document d. idf is defined as the logarithm of the number of documents in the corpus minus the
logarithm of the number of documents that contain term v. Finally tf-idf is given by tf x idf.
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common or too rare in the corpus, and hence they do not provide representative semantic
content to distinguish topics. Using the tf-idf metric we only keep the top 50,000 stems
in the dictionary.

Figure 3a shows a wordcloud with the size of the word representing how frequently
that word appears in the CR News database; note that many economic terms can be
identified. Figure 3b shows an example of a news paragraph before and after prepro-
cessing it using the steps described above. After preprocessing the CR News database
of articles, we have over 56,000 news articles comprising more than 15 million stems and

50,000 unique stems.

4.3 Costa Rica’s Monex Market

The Monex market is a digital platform created and operated by the Central Bank of
Costa Rica (BCCR) and it constitutes the official wholesale market where FX dealers
exchange Costa Rican colénes (CRC), the local currency, against United States dollars
(USD). As the United States is Costa Rica’s main trade partner, the CRC/USD exchange
rate receives almost exclusive attention in FX matters from the general public and the
monetary authorities in Costa Rica. Moreover, the role of the USD as a vehicle currency
for international trade is exacerbated in Costa Rica: almost all exports and imports in
Costa Rica are invoiced in USD dollars despite that approximate 40% of the exports are
destined to the United States and around 42% of the imports come from the United
States (Boz et al. 2020).

The nature and design of the Monex market in Costa Rica is inherently related to
the FX regime operating in the country. In 2006 the Monex market was created to play
a fundamental role in the crawling band regime which ran 2006 to 2015. This paper
concentrates on the managed floated regime that began in February 2015, where in
principle dealers” incentives are not explicitly tied to the level of the exchange rate, as
may happen in a crawling band regime when the exchange rate hits the bands.

The Monex market can be considered a second tier of the Costa Rican FX market;
the first tier is constituted by over-the-counter windows (OTC Windows) between the
general public and financial institutions. The second tier, reserved for FX interdealer
trades, accounts for around 10% of all USD trades registered in the Costa Rican economy
while the rest is dispersed through the OTC windows of financial institutions. As Cubero
et al. (2019) remarks, approximately 90% of the transactions occurring through the OTC

windows with the general public are for amounts less than 1000 USD, which is the
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Figure 3: Costa Rica News Database
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(a) Word cloud for most frequent words in the news articles

original string

"De Tos nuevos recursos que presto el sector financiero costarricense en el p
rimer trimestre de este afio, el Gobierno se 1levo el 60%, 14 puntos porcentua
les mas que en el primer trimestre del 2015. Lo que se llevé de mas el Gobier
no se habia prestado el afo pasado a personas o empresas privadas. La partici
pacion privada paso de 52,6% a 35,3%, segin los datos que publica el Banco Ce
ntral en su pagina web. La mayor cantidad de recursos que obtuvo el Gobierno
son para financiar el gasto que no cubre con los ingresos de los impuestos. P
or otro lado, el crédito al sector privado se dirige a consumo y produccién.”

After Preprocessing
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(b) Example of preprocessing outcome

Notes: Panel (a) a word cloud with the most frequent terms in the CR News Database; the size of the word
represents its relative frequency in the corpus. Panel (b) shows the before and after text preprocessing for
a news article extract. 19



minimum trade amount of the Monex market. This suggests that the Monex market is
reserved for relatively specialized trade and therefore its turnover share.

Despite the fact that the Monex market is reserved for specialized trade, it has a cru-
cial role in the price discovery process of the CRC/USD exchange rate. As Osler et al.
(2011) hypothesizes, this could be though a 3-stage process: in the first stage the FX
dealers extract information from their OTC transactions with informed agents, in the
second stage the FX dealers will trade on this information in the interdealer market, in
our case the Monex market, where this new information would be incorporated into the
bid/ask exchange rates. Finally, after such private information is progressively shared
and compounded into the equilibrium exchange rate of the interdealer market, in the
third stage all FX dealers would react to this new information by updating their quotes
in OTC windows. This suggests that the Monex market is a critical place where infor-
mation is incorporated into the equilibrium exchange rate. Furthermore the Monex does
not only signal private information coming to a specific customer segment served by
participating FX dealers, but as it is also the market where BCCR’s interventions take
place, it can potentially signal current or future information on fundamental variables.

Participants in the Monex market are mainly financial institutions authorized by the
BCCR to act as FX dealers. In order to be authorized to participate in the Monex market,
dealers should comply with the ROOC (Reglamento para las Operaciones Cambiarias de
Contado) regulation promulgated by the BCCR, that specifies requirements on behalf of
FX dealers such as appropriate accounting systems, reports on FX activity to the BCCR
and compliance with risk measures related to FX dealership (BCCR (2017a)).

Furthermore, due to regulation on FX dealers that puts prudential limits on their
open net FX positions, both at absolute levels and in daily variation rates, any excess
demand or supply of USD that FX dealers receive through their OTC windows outside
these limits is transferred to the Monex market. Thus, in addition to being a place for
price discovery, there is an incentive to participate in the Monex market, since it also
represents a valuable tool for financial institutions to comply with FX regulation.

The number of participants in the Monex market varies from year to year depending
on how FX dealers weight the costs and benefits of keeping their authorization from the
BCCR. In the managed float period, 38 FX dealers can be identified as regular partici-
pants in the Monex market: the BCCR, the CD platform?, 4 state-own banks, 12 private

8A “public” dealer for the general public introduced in 2009 where any individual or firm with reg-
istered accounts on the CD platform can put their offers in the Monex Market as long as the currencies
obtained are not used for FX dealership (BCCR (2010)).

20



banks, 2 credit unions, 5 cooperatives, 2 currency exchange offices, 8 brokerage firms,
and 3 financial firms. If the general public that participates through the CD platform
is disaggregated, then number of participants during the managed float period, is on
average 77, with a minimum of 47 and a maximum of 137 participants.

The Monex market trades an average of 15.3 million USD daily with a median of
161 transactions’. This paper makes use of access to proprietary data from the Monex
Market, including every transaction made in the Monex market from February 2nd 2015
until February 26th 2021, with more than 255,000 observations on 1520 trading days.
Information about every transaction records: name of both parties involved, the amount
of USD traded, the corresponding exchange rate, whether the trade is buyer or seller

initiated, and a timestamp up to milliseconds.

5 Exchange Rate Supervised Topics and FX News index

In this section we use text data from news articles to augment a standard model from the
FX literature. We work with an specification that relates the daily exchange rate return
and the order flow from currency transactions. This market-microstructure approach
has the advantage that it can be estimated at relative higher frequencies than traditional
fundamentals-based models, and hence shed more light about short term dynamics of
the exchange rate.

Viewing FX activity using market microstructure tools, in particular the order flow,
allows us to articulate a story based on the informational content of exchange rates and
market frictions in order to map changes in fundamentals into new equilibria. Evidence
in favor of an order flow with explanatory power even in short frequencies in the Monex
market suggests an informational imbalance on the part of the FX dealers. In qualifying
this informational imbalance, a news index with explanatory power is relevant.

We consider a classic order flow regression inspired by Evans and Lyons (2002), but

augmented with the text data, given by the following supervising equation:

Yr = b’Zt + C/Wt + &
= b’Zt + C/ [Ot Ai’dt Nt mt]’ —+€&; (12)
Wi

9These statistics are computed using transactions data from the start of the managed float period,
February 2nd 2015, until February 26th 2021, for a total of 1520 trading days.
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where y; is the daily log-return y; := log(ER¢) —log(ER;_1); and ER; is the amount-
weighted average exchange rate (expressed as CRC per USD) among all the trades in
the Monex market for day t. Z; are the empirical topic frequencies that follow the sLDA
generative model in section 2.1 using news articles available at the beginning of day ¢;
that is, news articles produced in t — 1 and up to day t (excluding day-t news)'’. The
covariates in W; include: O; as the order flow, the difference between the number of
buyer-initiated and seller-initiated trades. Ardy = A(if — i) is the first difference in the
interest rate differential using benchmark interest rates for Costa Rica and the United
States. In particular i; stands for the Costa Rican TBP (Iasa bdsica pasiva, an index of
passive short-term interest rates paid in Costa Rica) and i; for the U.S. prime rate, both
at daily level. N; number of daily transactions. Finally, m; is net amount traded (total
purchases minus total sales in USD).

In our application, the estimation of sLDA will yield an output composed of (i)
exchange rate supervised topics, (ii) topic memberships that can be interpreted as time
series on the daily attention each topic receives in the newspapers and (iii) parameters
estimates from the supervising equation. Looking at these three outputs together will

be key to interpret the supervised extracted topics.

5.1 Base Results

The base results are based on 31,000 news articles from the CR News database ranging
from January 2018 to December 2020. The daily number of terms ranges from 3,000 to
30,000 with an average 12,000 terms and the corpus is composed of 8.6 million terms
after preprocessing. Pairing these text data with FX data produces T = 750 document-
response triplets that will be used in this base estimation. The algorithm is run with K =
25 topics!!, a dictionary size of V = 10,000 and hyperparameters set to &« = (1/K) - 1
and 7 = 0.1-1y.

Figure 4 shows word clouds, attention series and words associate with the most
frequent terms for two of the extracted supervised topics. In the sSLDA model each topic

is represented as a vector of dimension V = 10,000, where each entry represents the

19Since the Monex trades on weekdays, {w; 1.y, } will be one or three days worth of news articles. For
example, if date t happens to be a Monday, w; will include news articles from the previous Friday, Saturday
and Sunday, that is news available at the beginning of Monday. Notice that in concatenating articles into
a single article for day ¢t we are exploiting the mixed membership feature in the LDA part of SLDA.

Other model specifications with 30, 35 and 40 topics were estimated but K = 25 yielded the best
balance regression fit and interpretable topics.
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probability of sampling the term in that entry according to the topic. A common way to
represent topics is to use word clouds with the most probable terms in each topic; the
size of the word represents its relative term frequency according to the topic.

Panels (a) and (c) from Figure 4 show word clouds with the most frequent terms
for the Exchange Rate Supervised Topics 7 and 20. Similarly, Panels (b) and (c) show
daily series of topic memberships for these topics; such time series can be interpreted
as the attention level for these topics in the newspapers. Additionally a set of the most
probable words corresponding to the most probable terms (word stems) in each topic
are listed. In conjunction, the word cloud of most probable terms, the attention series
and the list of most probable words suggest that topic 20 refers to the 2018 Tax Reform
Discussion in Costa Rica, whereas Topic 7 refers to the Covid-19 Pandemic. Looking
at the attention series validates this interpretation: we see that in the case of Topic 20,
its attention peaks around the start of strikes in Costa Rica triggered by a tax reform
debated and approved in 2018. For topic 7, the most probable words and the time when
its attention peaks supports labeling it as the Covid-19 Pandemic topic.

Notice that the labeling is innocuous for estimation; what identifies topics are the
corresponding (f;0) mixtures; labels are just a convenient way to refer to topics when
presenting results. A complete list of labeled topics extracted from the sSLDA estimation
with their top most probable stems in Spanish and their English translations can be
found in Appendix D.

Table 2 shows sLDA estimates for the supervising equation in (12). Results for a
traditional order flow regression without text data are shown in column (1). Results
for the sSLDA model with the order flow regression supervising equation are shown in
column (2). Supervising parameters for selected extracted topics in column (2) show
the average effects in basis points for the daily log return in the exchange rate if the
topics receives a 100% of the attention in the newspaper. Positive (negative) values
of these coefficients represent a partial effect consistent with short-term depreciations
(appreciation) of the CRC/USD exchange rate.
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Figure 4: Selected Exchange Rate Supervised Topics
Topic 7-Covid-19 Pandemic
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Topic 7 Top words: economy, medicine, pandemic, person, covid, coronavirus,
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Topic 20 Top words: public, project, fiscal_reform, government, president, na-
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Notes: Panels (a) and (c) show word clouds with the most frequent terms for the Exchange Rate Supervised
Topics 2 and 20; the size of the term represents its relative frequency according to each topic. Panels (b) and
(c) show daily topic memberships for Topic 2 and 20; these time series can be interpreted as the attention
level for these topics in the newspapers. Additionally a set of the most probable words corresponding to
the most probable terms (word stems) in each topic is listed. In conjuction, the word cloud, the attention
series and the list of most probable words suggest how to interpret each topic.



In the case of the selected topics we observe the expected coefficient sign. For exam-
ple, topic 20 and 25 refer to tax reform that was debated and approved in Costa Rica
in 2018, respectively. The discussion of tax reform was put forward to correct the rapid
growth of the government debt and restore investors” confidence that the Costa Rican
government would be able to meet its debt payments. Topic 25 refers to the general dis-
cussion and strikes that were triggered during the debate of the tax reform. This topic
has a positive coefficient which supports the interpretation that the strike jeopardized
the likelihood of approval of the tax reform and clouded investors’ trust on the long
term sustainability of the CRC currency. Investors in face of such uncertainty will have
a relative greater taste for holding USD and the exchange rate will depreciate. Topic 25
refers to the coverage in the newspaper of the approval of tax reform towards the end
of 2018. This topic has a negative coefficient which is consistent with the interpretation
that the approval of the tax reform eased concerns about the fiscal sustainability of the
Costa Rican Government which in turn will return confidence in the CRC currency and
an appreciation followed.

Table 2 also shows that the inclusion of text data improves the fit of the order flow
regression. R? almost double compared with an specification that does not include text
data from news articles. This pattern is also present in the adjusted-R? of the model
which improves the fit in more than 10% with respect to an order flow that does not
controls for the role of public information in determining the short-term dynamics of
the exchange rate.

Once the sLDA have been estimated it is possible to summarize the supervised in-
formational signal from news articles into an FX news index that can be used in further
anaylis and even as a covariate in other model specifications of the FX literature. With
sLDA estimates 7 = {19, ¢,0% 0,1} and {44, 43t,1:Ntr ,81;1(}; we can construct a FX news

index as:

Ay A N Nt A
NI =027 =0 (Ni )y %-) , (13)

ti=1

notice that we estimate Z; = N% Zfil z;; with the expected value under the estimated

variational distribution Eg [Z] = %Zf\il ¢1;. Positive (negative) values of the index
can be interpreted as a positive correlation for a depreciation (appreciation) for the
CRC/USD exchange rate (larger daily return for holding USD) for period t. The larger
the magnitude of the FX news index, the larger the correlation for a depreciation or an
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Table 2: Supervising Equation Parameter Estimates

Dependent Variable:
Daily Log Return ER; (b.p.)

Model without Text Model with Text

1 14
Ardy (b.p) 0.135 0.140
(0.091) (0.094)
277 24
Order Flow 0 0248
(0.039) (0.028)
N. Transactions 0.019 ~0.070
(0.007) (0.021)
Selected Topics (b.p. for 100% attention)
Topic 7: Covid 19 Pandemic 15.165
(5.077)
Topic 20: 2018 Tax Reform Discussion 25.904
(10.325)
Topic 25: 2018 Tax Reform Approval -15.558
(12.739)
Mean Daily Log Return 1.056 1.056
log 23.051 21.213
Number of Topics - 25
Observations 750 750
R? 0.159 0.288
R2-Adjusted 0.156 0.258
Aikaike Information Criterion (x10°) 291.989 247.020
Bayesian Information Criterion (x10°) 291.989 247.020

Notes: Results for a traditional order flow regression are shown in the column labelled as “Model without
text”. Results for an order flow augmented with text data from newspapers and estimated with sSLDA are
shown in the column “Model with Text”. The sLDA model is estimated with K = 25 underlying topics
and a dictionary size of V = 10,000. Supervising parameters for selected extracted topics are shown
in column (2); these coefficients show the average effects in basis point for the daily log return in the
exchange rate if the topics receives a 100% of the attention in the newspaper. Standard errors are compute
as var(f) = T"UT 'L xx)) " N(T VL, #2xx)) (T~ 1L x¢x}) =1 where x; stands for the vector of
regressors included in the regression model and i; the corresponding residuals.
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appreciation on the CRC/USD exchange rate.

Figure 5 shows the FX news index constructed from the sLDA estimation. Two dy-
namics are worth remarking from the evolution of the index. The first one is the appre-
ciation of the CRC towards the end of 2018, as mentioned above it is likely related to
the approval of the tax reform and a restore confidence in the currency. The second is
the sustained depreciation trend for most of 2020 and that started around March 2020.
This depreciation trend is consistent with the interpretation that investors, in times of
generalized global economic uncertainty, substitute away currencies from emerging mar-
ket economies, in this case the CRC to hold hard currencies like the USD. In this case
such generalized global economic uncertainty was triggered by the onset of the Covid-19

pandemic.

5.2 Prediction

We can also assess the predictive power that adding text data from news articles has on
an order flow regression. In this out-of-sample prediction exercise we use base the esti-
mates from models presented in Table 2 to forecast the daily log return of the CRC/USD
exchange rate over period of two months. Specifically we used observed data from Jan-
uary and February 2021, in this period we compare the out-of-sample prediction and
order flow regression will make with the forecast that the augmented model with text
data from news articles will make. Given that we observe the realized daily return for
the exchange rate we can compare prediction errors under both specifications.

Results for the 40 trading sessions contained in this two-month period are shown in
Figure 6. The MSPE for the model with no text is 233.99 whereas MSPE the sLDA model
is 208.47. These numbers yield a relative efficiency of prediction of 1.12, that is prediction
errors of a model without text are 12% higher than the sSLDA model. This suggest that
incorporating a control for public information in the form of supervised extracted topics
from news articles improves the prediction power of an order flow regression in short-

term frequencies.
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Figure 5: FX News Index for the CRC/USD exchange rate
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Notes: FX News Index for the CRC/USD exchange rate constructed from the sLDA estimation. It

corresponds to the partial effect of news data in the supervising equation of sSLDA: NI; := b'Z; =
4 (N% Efil $:;). Positive values of the index can be interpreted as a positive correlation for a depreci-

ation on the CRC/USD exchange rate (larger daily return for holding USD) for period ¢. Analogously
negative values can be interpreted as a correlation for an appreciation of the CRC/USD exchange rate.
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Figure 6: Prediction Errors for the Exchange Rate

I with Text [ll Without Text

||WMﬂwWH!

03-01 13-01 23-01 02-02 12-02 22-02
Date

20+

FX Prediction Error (b.p.)
o

|
nN
o

Notes: Out-of-sample prediction errors from the models presented in Table 2. The label ‘with text” refers
for the sLDA model that uses text data from news articles and the label ‘without text” refers to a standard
order flow regression that does not uses text data. The out-of-sample period comprises 40 trading sessions
in the months of January and February 2022. The MSPE for the model with no text is 233.99 whereas MSPE
the sSLDA model is 208.47. These numbers yield a relative efficiency of prediction of 1.12, that is prediction
errors of a model without text are 12% higher than the SLDA model.
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6 Conclusions

This paper shows how to use a hybrid of unsupervised and supervised learning models
to go from text from news articles to an FX news index that can be used to enhance
traditional models from the FX literature. We relied on Supervised Latent Dirichlet
Allocation (sLDA) which combines information about a supervising variable with topic
extraction over a corpus of text in a single-stage estimation.

Via a Monte Carlo simulation we document the efficiency gains of single-stage strate-
gies like sSLDA over two-stage estimation approaches that perform LDA follow by a
regression. The message from this simulation study is threefold: (i) efficiency mea-
sured by the ratio of MSE from single-stage to MSE two-stage estimates of supervised
parameters are the largest; this is consistent with an explicit acknowledge in sLDA of
the connection between text and response. (ii) Even though topics are generated before
responses and both LDA and sLDA model topics the same way, having supervised infor-
mation improves the topic extraction process. This is reflected in the estimation of word
probabilities. (iii) MSPE are also generally smaller when using a single-stage approach;
the relative more efficient estimation of sSLDA also improves prediction.

The empirical application is centered around the Monex Market, the main Costa Ri-
can platform for FX trade and accordingly news articles are gathered from the main
Costa Rican newspapers. Using the CRC/USD exchange rate we estimated an sLDA
model with a supervising equation form the market-microstructure approach to ex-
change rates. This equation relates the the daily exchange rate return, the order flow
from currency transactions, other control covariates and it is augmented to include text
data in the form of topic membership series; all estimated in the single-stage procedure
of the modified sLDA used in this paper. Estimates from sLDA show that the inclusion
of text data improves the fit of the order flow regression. R? almost double compared
with an specification that does not include text data from news articles. Adjusted-R? of
the sLDA model also shows an improved the fit, with a more than 10% increase with
respect to an order flow that does not controls for the role of public information in
determining the short-term dynamics of the exchange rate.

The extracted supervised topics show high degree of interpretability. Most of them
can be related to events that can be interpreted in connection with exchange rate dynam-
ics. The inclusion of external information during the topic extraction process facilitates
a parsimonious text structure. This is reflected in a relative lower number of topics,

compared with a unsupervised topic extraction, as our focus is to extract topics that
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matter for the supervising variable, in this case the exchange rate. The supervised in-
formational signal from news articles can be summarized into an FX news index. We
observed that this index correlates with depreciation and appreciation dynamics that
can be interpreted in the light of macroeconomic events.

When performing analysis centered around prediction we presented evidence that
in an out-of-sample prediction exercise, the forecast errors of a traditional order flow
regression without text are 12% higher than the sSLDA model. This suggest that incorpo-
rating a control for public information in the form of supervised extracted topics from
news articles improves the prediction power of an order flow regression in short-term
frequencies.

Future research. There are extensions to both data and methodology which could
benefit from future research. In terms of expanding the data, next step is to include news
articles from US newspapers; they would contain information about the US economy
that could influence the demand and supply for USD in the Monex Market. The main
challenge with including US newspapers is to ensure topic cohesiveness when the corpus
is written in more than one language.

Another data expansion is to consider a panel of countries and currencies, for exam-
ple when considering the USD vs the pound sterling (GBP), the USD vs the Mexican
peso (MXN) and the USD vs the Canadian dollar (CAD), all fit the methodology pre-
sented in this paper: exchange rates in flotation for which news articles can be found in
English or Spanish. This collection of exchange rates also receive more attention given
that these currencies represent a larger share of international trade.

In term of methodology, there a research opportunity is to consider time-varying
parameters in sLDA, specifically the supervised parameters (a time varying version of
LDA already exists in Blei and Lafferty (2006)). A first step would be to gather evidence
that time-varying sLDA improves empirical applications, for doing so can perform static
sLDA with estimation over a rolling window. If results provide evidence of dynamic rel-
evance of topics to explain the exchange rate at a daily frequency, it would be interesting
to pursue a time-varying sLDA.

Another methodology aspect that requires further research is to compare the estima-
tion of SLDA using variational inference that approximates the likelihood versus using
exact inference in the form of a MCMC strategy. This can be done by assuming priors
for the supervise parameters and writing out a corresponding Gibbs sampling strategy;
then a Monte Carlo simulation contrasting both approaches can be designed.
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Appendices

A Mathematical derivations

A1 Computation details for the ELBO

The objective in the E-step of the VEM algorithm is to find the values {7}, ¢;.y,} for
each document t = 1,...,, T and {A}} for each topic k = 1, ..., K that maximize the corpus-
level ELBO. To do such maximization we start by providing detailed expressions of the
ELBO at each document:

K N
L(v, 1N, A1k) = Eqllog p(6]a)] + k_Zl Eq[log p(Bxln)] + ; Eq[log p(24]6)]

N
+ ) Eqllog p(wnzu, B1:x)] + Eqlog p(ylz1n, W, b,¢,0%)] + H(q)
n=1

A.1.1 Components of L(7, $1.N, AM.k)

1. Ey[log p(8]a)]: Since O|a ~ Dir(a) we have that p(f|a) = [P("I;}(—F(Zk;] Tk, 92‘"71
k=1 %k
then:

1=
Mw

)
)£
)

where E;[log 0] = (k) — (Zk 17k ) and ¥ (+) stands for the digamma function.

K
log I'(ax) + Z(txk —1)log 6
k=1

K
log I'(a) + Y (ax — 1)E4[log 6]
k=1

log p(0|la) = logT (
k

]
[N
T
[N

1=
I Mw

and E;[log p(6|a)] = logT (
k

I
—_

2. Y1 Eqllog p(Bel)]: Since Biliy ~ Dir (1) we have that p(B|ry) = {H(zzxrl(n )} =1Pi

then (similar to computation for 6|a):

v=1 v=1

14 1% Vv
Ey[log p(Bkly)] = logT (Z ) Y logT(175) + Y (110 — 1)Ey[log By ]
r

v v K V
and ZEq [log p(Bkln)] = Klog (Z ) — K logT(15) + Y Y (170 — 1)E4[log By
k=1 v=1 v=1 k=1v=1



with Eg[log Bro] = $(Aks) — P (Zgzl /\k,v)’

YN E;llog p(z,|0)]: We assumed that z,|0 ~ Mult(6). Coding z, in one-in-K form
we can write p(z,|0) =TT, 6, 6."*, then log p(z4|0) = ¥X | 2, log 6; and

K
E4[log p(zn|0)] Z Eqlzn]Eqllog 6] = ) _ ¢ kEq[log 6]
=1

and hence Z E4[log p(zn|0)] Z Z $n kEqllog 0]
=1 n=1k=

YN E4[log p(wy|zn, B1:x)]: Recall that wy, € {1,..., V} and that By.x is V' x K matrix
so we can write p(wy|zy, B1.x) = [T, ﬁ‘;’jnkk so we have:

K
E, [log p(wu|zn, B1:x)] = kZ: $nkEq [log 5wn,k]
=1

N

N K
and ) Eg[log p(wn|zu, P1x)] = Z ¢nkEq[l0g Br 1w, ]
n=1 n=1k=1

. Egllog p(y|z1:n, W, b, ¢, 0%)]: Given the gaussian response for y = b'Z + ¢'W + ¢ with
e ~ N(0,0?) we have:

(y — Z’b—c’W)z)
2

1
N B
p(ylz1n, W, b,c,07) &P ( o

= log p(y|z1.n, W, b,c,0%) = —% log(27t0?) — %(]/ — W — 2'b)?

Denoting j = y — ¢'W, we have:

1 1 1y .
Eqllog p(ylzin, W,b,c,0%)] = — log(27?) — [yz — 2E,[Z]'b + V'E, [ZZ’]b}
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with

1 N
E Z = — n
qlZ] N;E(P
_, 1 N N
Eq[27'] = N (Z Pnd_, + Z d1ag(¢n)>
n=1 n=1
47—71 - Z 47711
m#n

6. H(q): the entropy of the variational distribution is given by

K K K
H(g) = —logl (Z%)Jrzlogr(%c Y (7vk — 1)Eg[log 6]
k=1 =1 k=1

N K
- Z Z Pk log(¢n,k)

n=1k=1
K 1% K Vv K Vv

— ) logl (Z /\k,v) + ) ) logT(Ako) = Y Y (Axo — 1)Egllog Bio]
k=1 v=1 k=1v=1 k=10v=1

A.1.2 Maximization of L(7, ¢1.n, A1:k)

The optimization is done by block coordinate-ascent variational inference, that means it-
eratively maximizing £ with respect to each variational parameter. In this maximization
we need to include the constraint that each of the multinomial parameters ¢, should sum
up to one. First we obtain the partial derivative of £ with respect to ¢, fork =1, .., K

E_iE [lo (9|“)]+1%E llog p(z |9)]+iH( )
Mk 9Yi 7508 P 0k — 71108 P(Zn e q
oF 10 - aE 10 0 K
= (ax—1) gk Z gk] ¢<ka>
- k=1
dE[log 6
+ (i) — Eqllog 6] — (7 — 1)%
Tk
al oE|log 6]
= [“k_7k+1;1¢n,k] a—r)/k
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therefore

:>a£—0(:> —zx+%
e Yk = Kk n:147n,kr

So we can update the whole vector:
N
,)/new — a+ Z (Pn (14)
n=1

Notice that this step is exactly the same as in the LDA VEM update. Next we obtain
the partial derivative with respect to [¢, ] fork=1,..,Kandn=1,..,N

oL
a<Pn,k

d
= Eqg[log 6] + Eq[log Bu, k] —1og pui —1+ A+ mEq log p(ylz1:n, b, ¢, 0?)]
n,

where A is the Lagrange multiplier for the sum up to one constraint. The last partial

derivative requires more work:

(y—cW)pp 1 0
No? 202 9¢,, &

9 .
= —Egllog p(y|z1.n, b, ¢, 0%)] = (b'E4[Z2']D)

a‘Pn,k

Let ¢y := Y2 @m; the trick here is to express b'E;[ZZ']b as a function of just ¢y

1 , ‘
fpn) = mb/ [Pud + P—np), + diag(¢n)]b + const.

= 2209 )b+ (b-b)gy] + const.
d

=
a‘Pn,k

(VE[ZZ/]b) = %[2@’4»_”)19 +b-b]

Substituting this and noticing that A acts as a normalization constant then:

oL (y — 'W)by 1
p =0 o exp | Eqllogi + Ellog Bl + 0]

and updating the whole vector is done by:
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(y—cW)b 1
¢ < exp | Eqllog 6] + E4[log Bu,, | + N 2(b'¢p_n)b+ b - 1] (15)

here the proportional stands for compute each entry and then normalize to one. Finally
the derivative with respect to [y ,] is given by:

o 5 X 0 XN dH(q)
Ay Mgy k; Eqllog(Beln)] + ko ,;1 Eallog plwnlzn Pracl] + Ak

n=1

N d
= Mo — Ak,v + § , ]I{wn = U}‘Pn,k Eq [log ﬁk,v]
Ay

so accounting for commonality of A, among all documents and equating the derivative
to zero yields:

T N;
Ak,v =M+ Z Z ]I{wt,n = U}(Pt,n,k
=1n=1

And updating the vector is done by:
T N
Me =114 ) ) Pkt (16)
t=1n=1

with w; , a one-hot representation of w;, as a vector of size V.

A.1.3 Maximization of L(b,c,c?)

Once we have maximizers {7}, ¢;.y,} of the ELBO for each given document-response
and {A} .} for the topics, we are ready to update the global parameters = = {b,c,0?}
in the M-step by maximizing L(b, c, (72), the corpus-level ELBO. In this step we want to

maximize over 7t the objective function:

T
L(b,c,0®) =Y L(7F, dr1n Mxlb e, 0%)
=1
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Here each term in the sum is the (w;1.n,, Yy, Wi) specific ELBO evaluated at the corre-

sponding maximizing variational parameters from the E-step. Optimizing with respect
to b we have:

T o) )
tZ: aqu [logp Velze1n, bc, o )}

T
1 _ _
Z = [(ye — W) Eg<[Zy) = V'Eg+ [Z:Z{]] =0

T /T _
s phew _ (Z ) <Z Eq* [Zt] (yt - Cle))

Next, optimizing with respect to c:

T

0
ac gacEfi [logp Velzein, boc 0 )}

1
- (72 [(y — Eq-[Za] D)W} — CWiW[] =0

chew — <Z WtW,}) (Z Wt v — Eq Zd] bnew)>

Finally the response dispersion coefficient ¢ is optimized by:

T
a
302 tZI =2 Eqr[log p(yilz1:n, b, 0%)] (17)
1 -
- 2 oz e e [y — Zi" — Wiy = 0
s g2mew _ l i < 2 ZIb™ — 1y Wie new) (18)
=71 vy .
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B Pseudo Code for Algorithms

Algorithm 1 sketches the steps necessary for estimation of the sSLDA model using the
Variational Expectation Maximization (VEM) algorithm. Algorithm 2 shows pseudo
code for the steps necessary to use an estimated sLDA model for prediction.

Algorithm 1: VEM algorithm for sSLDA estimation

Input: Document and Response variables {w; 1.n,, y:, W} for t =1,..., T; and
hyperparameters («,17).
Output: A set of estimated parameters 7 = {b,¢,62}.
Initialize: 71°, {7914’21;Nt} fort=1,..,T and {Ag} fork=1,.., K.
while Corpus ELBO has not converged do
/* E-Step */
fort =1to T do
while Document-Response ELBO has not converged do
/* Update Variational Parameters */

,),new —oat ZnNzl 4711 ;
¢ o exp [E;[log6] + Eqlog u, | + g — bz 20'9-n)b -+ b 1],

end

end

fork =1to K do
/* Update Topic Variational Parameters */
Mo = 1o+ Tiog Tty Hwn = 037,

end

/* M-Step: Update Parameters */

b (T Ep(22]) (T B (Z07)

-1 B
" (EtT:1 WiW; ) <ZtT:1 Wi(yt — Eg+ [Zt])b”ew) ;
O.Z,new — % 23"21 <y% . ytEq* [Z;]bnew . ytwtlcnew)
/* Compute Corpus ELBO */
fort=1to T do
L)+ = L7}, @1 Mg Wteny Yo, Whi 770)
end

if Corpus ELBO meets convergence criteria then
| Stop Execution

end
end
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Algorithm 2: VEM algorithm for sSLDA prediction

Input: Document w;.y, covariates W, hyperparameters «,77 and sLDA estimates
{b,¢,0%, pr.x}

Output: A predicted response 7.

Initialize: Variational parameters (§o, Po1:N)-

while Document ELBO has not converged do

7wt D

prev o exp [Eg[log 0] + log Bw,,| ;

if Document ELBO meets convergence criteria then

=0 (NTTEN ) +EW;

Return: §

end

end
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Table C1: VEM Algorithm Execution Parameters

Single-Stage Two-Stage

Max VEM iterations 100 100
Max ELBO iterations by document 25 25

VEM-Corpus Tolerance 105 10-°
ELBO-Document Tolerance 107° 10-°
Documents in the training sample 900 900
Documents in the test sample for prediction 100 100

Notes: Execution parameters used for both versions of the VEM Algorithm on the simulation study. See
text for details.

C Additional Details of the Monte Carlo Simulation

In the VEM algorithm for supervised topic extraction there are four key parameters dur-
ing implementation: (i) the max number of VEM iterations, that is the maximum number
of alternations between the E-step and the M-step, (ii) the max number of ELBO itera-
tions, which is the maximum number of times we use coordinate ascent to maximize the
ELBO document by document, (iii) the VEM-Corpus tolerance, base on which we would
stop the VEM algorithm when the change in the corpus ELBO between subsequent iter-
ations is less than such tolerance and finally in a similar fashion (iv) the ELBO-Document
tolerance, that controls the maximization of the ELBO document by document. In the
single-stage estimation the value for these execution parameters are shown in Table C1.

The two-stage estimation is done by first using LDA on {w; 1.y, } to estimate {z; 1., },
B1.x and {6;}. For this step we use the VEM algorithm simplified to handle just the
unsupervised LDA, but we need still to set during execution the max VEM iterations,
the max ELBO iterations, the VEM-Corpus tolerance and the ELBO-Document tolerance;
these are shown in Table C1. The second stage uses the estimates {Z;.n,} to construct
estimates of the empirical topic frequency for each document {Z; = N; ! ZlNzt 1 Z1i} that
would be used as regressors for {y;}. Based on this second-stage regression we would

obtain estimates for b and 2.
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D Extracted Topics Details

Table D1: CR Exchange Rate Supervised Extracted Topics

Topic Label Spanish Top Stems English Top Words
1 Health  System public; polit; ley; huelg; pres- public; politics; law; strike;
Strike ident; ccss; econom; chin; ser- president; CCSS; economy;
vici; declar; China; service; declare
2 Public Institu- rabin; suges; lineamient; Rabin; SUGESE; guideline;
tions naranj; marcham; wong; Naranjo; Auto Insurance;
mideplan; soa; mattis; garr; Wong; MIDEPLAN; SOA;
Mattis; Garro
3 International econom; public; person; na- Economy; public; person; na-
News cional; cambi; polit; banc; iran; tional; change; policy; bank;
pag; costa_rica; Iran; payment; Costa Rica
4 Europe Economic public; gobiern;  econom; public; government; economy;
Activity costa_rica; gast; polit; na- Costa Rica; expense; policy;
cional; proyect; pag; president; national, project; payment;
president
5 IMF Deal Strike gobiern; public; president; na- government; public; president;
cional; huelg; servici; fiscal; national; strike; service; fiscal;
person; proyect; pag; person; project; payment
6 State-owned public; costa_rica; banc; per- public; Costa Rica; bank; per-
Companies son; empres; nacional; pag; son; firm; national; payment;
econom; credit; gobiern; economy; credit; government
7 Covid-19  Pan- econom; public; person; pan- economy; public; person;
demic demi; med; covid; caso; coron- pandemic; physician; covid;
avirus; gobiern; salud; case; coronavirus; government;
health
8 US Presidential public; trump; biden; pres- public; Trump; Biden; presi-

Election

ident; nacional; dialog;
econom; sector; octubr;
fiscal;

dent; national; dialog; econ-
omy; sector; october; fiscal
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Table D1: CR Exchange Rate Supervised Extracted Topics (continued)

Topic Label Spanish Top Stems English Top Words
9 Consumer Fi- credit; tas; banc; person; en- credit; rate; bank; person; en-
nance Policy tidad; comision; financ; tarjet; tity; comission; finance; card;
sugef; merc; SUGEF; market
10 Covid-19 Second president; public; polit; gob- president; public;  policy;
Wave iern; moral; econom; nacional; government; Morales; econ-
octubr; social; proyect; omy; national; october; social;
project
11 Tax Discussion polit; econom; public; per- policy; economy; public; per-
son; gobiern; president; so- son; government; president;
cial; nacional; estados_unidos; social; national; United States;
costa_rica; Costa Rica
12 UsS Economy gobiern; polit; president; government; policy; presi-
News trump; econom; esta- dent; Trump; economy; United
dos_unidos; public; empres; States; public; firm; China; na-
chin; nacional; tional
13 Fiscal Policy subast;  contribuyent; lun; auction; taxpayer; Monday;
compr; deud; abort; ajust; buy; debt; abort; adjust; China;
chin; kong; hong; Hong Kong
14 Covid-19  Vac- president; vacun; gob- president; vaccine; govern-
cines iern; econom; dolar; esta- ment; economy; dollar; United
dos_unidos; public; pandemi; States; public; pandemic; pol-
polit; person; icy; person
15 Middle East econom; israel; netanyahu; economy; Israel; Netanyahu;
News polit; ley; gobiern; presi- politics; law; government;
dent; estados_unidos; cambi; president; United  States;
proyect; change; project
16 Congress De- polit; president; gobiern; pub- Policy; president; government;
bates lic; econom; costa_rica; na- public; economic; Costa Rica;

cional; fiscal; diput; person;

tiscal; lawmaker; person
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Table D1: CR Exchange Rate Supervised Extracted Topics (continued)

Topic Label Spanish Top Stems English Top Words
17 Government Eco- public; pag; empres; impuest; public; payment; firm; tax;
nomic Policy econom; servici; fiscal; caso; economy; service; fiscal; case;
person; polit; person; policy
18 Brexit presupuest; gast; ger; corri- budget; expenditure; current;
ent; nicol; brexit; vuel; interes; Brexit; flight; interest; Johnson;
johnson; europe; Europe
19 Industrial Policy  proyect; empres; ley; electr; project; firm; law; electric;
pension;  energ;  gobiern; pension; energy; government;
cambi; person; pag; change; person; payment
20 2018 Tax Reform public; proyect; fiscal; diput; public; project; fiscal; law-
Discussion econom; gobiern; ley; pag; maker; economy; government;
president; aprob; law; payment; president; ap-
proval
21 Introduction of iva; impact; micas; servici; VAT, impact; service; owner;
VAT duefi; public; empres; pag; public; firm; payment; case;
caso; impuest; tax
22 UPAD Gover- dat; polit; president; public; data; politics; president; pub-
ment Scandal caso; person; democrat; inves- lic; case; person; democrat; in-
tig; febrer; ministr; vestigation; february; minister
23 Exports econom; gobiern; costa_rica; economy; government; Costa
president; estados_unidos; Rica; president; United States;
trump; public; polit; chin; Trump; public; policy; China;
merc; market
24 Rent Prices candidat; polit; public; empres; candidate; politics; public;
gobiern; econom; gast; banc; firm; government; economy;
tem; fiscal; economy; expense; bank;
topic; fiscal
25 2018 Tax Reform public; fiscal; polit; econom; public; fiscal; politics; econ-

Approval

person; president; gobiern;

merc; caso; pag;

omy; person; president; gov-
ernment; market; case; pay-

ment
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