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1. Extended abstract

Public news is a relevant source of information describing events occurring in the
real world. Despite information leakages and fake news readers are often willing
to pay to gather information conveyed through the news. Fama's (see [Fam70])
Efficient Market Hypothesis (EMH) enumerates public news as one of the three
pillars distinguishing the level of market cfficiency.

In this work, we investigated the cffects of micro news sentiment on the cquity
market. Therefore, according to several market theories of Behavioral Finance, we
want to understand if public news is interesting for the equity market investor.
The Adaptive Market Hypothesis (AMH) (see [Lo05]) is one of these theories and
states that also if markets are efficient in general, inefficiency may affect them in
particular periods. These inefficiencies may then leave open profit opportunities for
the informed investor. For this reason, public news could have an important impact
on investor’s choices.

In the second chapter, we start by giving an introduction to Efficient Market Hy-
pothesis, Behavioral Finance, and Adaptive Market Hypothesis. After the basic
theoretical introduction, the chapter focuses on the literature review regarding avail-
able studies on the effect of the news on markets. The reported papers cover many
relevant aspects regarding how to measure the news impact on the market returns.
The main factors extracted from the news are:

o The news sentiment, that translates a news article into a numeric value re-
garding the expected news impact on the market.

o The news cumulated sentiment, that tries to reduce the noise present in the
signal also duc to the presence of fake news.

» The news rclevance and novelty, that arc ~cores assigned to news articles re-
garding the asscts affected and the redundancy of the information.

o The news topics and categorics. that are a high-level classification of news per-
formed by most advanced news analysis tools, able to subdivide news articles
into handerafted subscts, characterized by different expected effects (some-
times also on different market sectors).

Our study is based on a database of news sentiment extracted from public news

The third chapter
describes the market data and news sentiment database and reports statisties about
the considered stocks. This research examines the news cffects on the stock returns
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belonging to the EURO STOXX 50 market index at last once in the available con-
sidered period, between 1 January 2005 and 30 May 2018. The description of the

The chapter also describes how daily cumulated sentiment indicators time series
and news freshness weights are construcied from the original point-wide sentiment
SOUrce.

The following two chapters describe the two models that constitute the main con-
tribution of this thesis.

The fourth chapter presents news-based strategies for intraday open to close trad-
ing. The strategics are based on a naive beanty context model (sce [Key36]) that
takes into account only indicators generated by firm-specific public news sentiment,
or volume subdivided by category group. Three main patterns emerged from the
analysis and characterize different category groups:

e Scll on news volumes.
» Buy according to news sentiment.
e Sell according to news sentiment.

The analysis has also shown that many portfolio strategies based on category groups
are characterized by a reversal effect overnight, while few others by a continuation
trend.

The fifth chapter presents a more complex model that tries to enhance a baseline
model with the use of public news. Three baseline models are presented and the
relative results compared. The baseline models rely on three different portfolio
optimization criteria:

e Sharpe Ratio.
e Second-order Stochastic Dominance.
o Scaled Second-order Stochastic Dominance.

The stocks returns arc regressed on market comnion trends to remove from the time
scries what is supposed to be market noise. The two Sccond-order Stochastic Dom-
inance optimization criteria arc based on cnhanced indexation, where the optimal
portfolio is supposed to be the best portfolio dominating the reference market in-
dex. For cach bascline model, we regress the residuals of the market common trends
scparately on tlic principal compouents extracted from each category group. The
aim of the study is to understand which category groups bring uscful information
for portfolio optimization. The discussion of the results is divided into two parts,
the former reports profitability and turnover results for the three baseline strategics,
while the latter reports the results for the different category groups and cumulation
periods. In the last part of the chapter a series of possible further researches. that
have appceared of interest, are proposed.
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The last chapter report conclusions about the rescarch.

Appendix A tries to describe the events happening in the market that could be
conveyed through the news. At first, the events characterizing the value generation
process and the highly complex firms’ interconnection are deseribed. The description
then moves on to events concerning the firms’ evaluation process. which is split into
two sections: the former about fundamental indicators evaluation and the latter
about perspectival views and ratings. The last section of the appendix reports
events regarding the ownership structure of a firm and outlines a possible path of
transuiission from the news to the effects on the market.

Appendix B reports descriptive statistics about the news related indicators gener-
ated for the analysis.






2. Literature review

2.1. Introduction

In recent years, news has been widely used to predict market movements (and thus
to improve asset allocation performance), as trends and volatility may find their
drivers, or better, may be caused by real facts that could be reported in the news.
The markets, which according to classical literature should instantaneously incor-
porate cvery new information, as postulated by the Efficient Market Hypothesis, in
some specific situations incorporate new information more slowly, allowing informed
portfolio managers the possibility to exploit such inefficiencies. These inefficiencies
arc mainly supposcd to be due to biased reactions to the news by traders with
limited knowledge and bounded rationality. Due to such biases (i.e. overreaction,
underreaction, or anchoring), traders tend to miss-evaluate the real effect of the
reported events on asset prices. Such findings are coherent with the Adaptive Mar-
ket Hypothesis, one of the possible explanations emerging to reconcile the Efficient
Market Hypothesis and the more recent Behavioral Finance Theory. Under this hy-
pothesis, markets arc not constantly efficient, and the degree of efficiency depends
on the composition of its participants and the available profit opportunitics.

Market movement and market cfficiency directly depend on investors™ investment
choices. Investors base their choices on available information that contributes to
augient their beliefs. News and thus news sources are one of the main contrib-
utors to investors’ available information and therefore thiese have been extensively
investigated in the literature.

Many sources have been analyzed from different approaches, starting from the more
official and authoritative, as official government hoard announcements, the main
newspaper articles, and web scraping, to the vast amount of the real-time but un-
reliable and informal user-gencrated content of the social networks, like Facebook
and Twitter.

A considerable numiber of tools have been developed to achieve better and better
results in this kind of analysis. Financial industry firms, such as Thomson Reuters
and RavenPack, have developed entire platforms capable of generating reports on
news articles for cach related stock showing the scores for main indicators that may
reflect the effect on the market regarding relevance, novelty, coverage. and sentiment.

Different streams of research have been developed. The carlier ones statistically
analyzed the pre ence and number of occurrences of particular words in the article.

[
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More recent approaches try to disentangle more complex relationships from the
sentences present in the articles, such as particularly relevant events.

The application of information extracted from news sources mainly regards market
movements, for instance:

« Expccted returns.

o Volatility.

o Liquidity.

» Volumes.

o Jumps.

« Valuc at risk estimates.

» Assct corrclations.

o Financial community networks.

» Geopolitical risk indexcs.

e Uncertainty levels in different periods.

News-related indicators can be inspected under different time frames. In regard
to considered literature, authors focusing mostly on trading algorithms, such as
machine learning, tend to analyze the effect on a short time frame, especially for
trading purposcs, often also on high frequency. while authors more interested in the
theorctical aspects of the analysis tend to analyze the data on a longer time frame,
where weckly or monthly cffects can be exploited.

A relevant stream of research tries to analyze the news as already pre-processed in-
formation produced by externalized platforms such as Thomson Reuters News An-
alytics, Machine Readable News Platformi (TRNA-MRN), or RavenPack services.
Under this approach, for cach stock, it is given a news feed containing numerical
values describing the relevance, sentiment, novelty, and coverage from many sources
for cach article in the considered period. In this case, no other natural language
processing technique is needed to extract information from the news. Those re-
scarch papers show the potential and the limits of the news analysis where a text
pre-processing platform is already present and then demonstrate the predictive ca-
pabilitics of the news but also the limits, where for example in particular cases other
information sources like the VIX could be shown to be more predictive than the pure
scitiment.

Other branches try to analyze the news articles with increasingly more complex
analysis tcchniques, starting from Bag of Words, going to Shallow Parsing. and
cvent detcction that is also the technique used in the previously mentioned TRNA-
MRN platform.
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2.2. The Efficient and the Adaptive Market
Hypothesis

The most remarked and historically noteworthy theory regarding financial markets
is the Fama’s Efficient Market Hypothesis [Fam70]. Under EMH, all the information
is immediately discounted by the markets, old information has no monetary value,
and three forms of market efficiency are defined.

The first form of market efficiency is called weak. Under the weak market efficiency
assumption prices and returns are considered to be old information. The second
form of market efficiency is called semi-strong. Under semi-strong market efficiency
assumption not only prices and returns are considered to be old information but
also publicly available information is considered to be old information and should,
thercfore, be immediately discounted by financial markets. The third form of market
cfficiency is called strong. Under strong market cfficiency assumption, also private
information is considered to be old information, has no monctary value, and should,
therefore, be immediately discounted by financial markets. Under those assump-
tions, investors cannot hope to beat the market, and no amount of analysis would
help in generating abnormal returns.

The traditional theory, EMH, is based on the concept of Homo Economicus. Such a
man should possess and base his choices on perfect rationality, perfect self-interest,
and perfect information. He should also be motivated to optimize his marginal
gains maximizing his Expected Utility Theory. Under the ENH, irrational traders
arc supposcd to trade randomly and cancel cach other, while arbitrageurs climinate
the remaining cffects on prices.

A widely discussed alternative to the EMH is Behavioral Finance introduced by A.
Tversky, D. Kahneman, and R. Thaler, whose dcbate spans over 40 years. However,
as reported by [WKM12], also at the end of this debate. Behavioral Finance had
difficulty taking place, and EMH remains a reference model.

Behavioral Finance ( Copl))) is a branch of Social Psychology in which investors are
supposcd to be Normal rather than rational. A Normalinvestor docs not possess the
same qualitics of the Homo Fconomicus while he posses the weaker specular qual-
itics defined by Behavioral Finance. Instead of perfect rationality, he has bounded
rationality, instead of perfect self-interest, he has agency probles, and instead of
complete information, he has limited information. Duc to biascs in his rcasonings,
instead of optimizing his marginal gains, hic assigns values to gain and losses. The
investment process has been described by Behavioral Finance using a sct of specu-
lar biased frameworks composed by the Prospect Theory, the Behavioral Portfolio
Theory, and the Behavioral Asset Pricing Model. In Behavioral Finance, investors
arc then supposed to be biased irrational traders who have herding behaviour and
arbitrage does not always take place because it is risky and therefore limited to
profitable situations.
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Fama himsclf criticized the strong market cefficiency assumption, saying that cven if
not realistic it could be useful as a theoretical reference point. Fama also noted that
uncertainty concerning intrinsic stock value generates noise trading, which in turn
could produce bubbles. However, according to Fama, sophisticated traders will burst
the bubbles before they even have a chance to develop. De Long et al. (1990) instead
criticized the EMH. saying that it ignores the systematic risk of noise traders that
could lead to significant divergence and that arbitragers may have limited resources
nceding to liquidate their positions before prices reverts. This fact could also explain
why examining pscudo-signals followed by noise traders could be profitable.

Grossman and Stiglitz also criticized EMH in 1980, bringing as an argument the
impossibility of informationally efficient markets. They argued that under the as-
sumption of perfectly efficient markets, investors do not have any incentive to acquire
costly information if markets are not inefficient, and thus, there are no profit-imaking
opportunitics available.

The idea of markets driven by changing dynamic forces had already been postulated,
as rcported by [Egild], by Minsky a post-Keynesian cconomist. [Min92] identified
three kinds of economic units: hedge, speculative, and Ponzi, asserted that if hedge
finance dominates, the economy is equilibrium-seeking, while in the other cases is
deviation-amplifying. He also suggested that under periods of growth, economies
tend to move away from a hedge structure.

The Adaptive Market Hypothesis, AMH ([Lo05]), is onc of the possible theories that
cmerged between the others and that may reconcile the Efficient Market Hypothesis
and Bchavioral Finance. The AMH is a market theory that allows the co-existence
of EMH and Bchavioral Finance Models under which market cfficicncy is related to
environmental factors characterizing market ecologies such as the number of com-
petitors in the market, the magnitude of profit opportunities available, and the
composition and adaptability of the market participants. Typical market players in
financial markets can be stereotyped in well-knowu classes: pension fund, retail in-
vestors, hedge managers, hedgers, speculators, arbitragers, and market makers. An
cxample of different markets characterized by different market environments could
be well represented by the contraposition between the highly cfficient market of the
ten years US Treasury Bonds and the less cfficient and liquid market of the Italian
Renaissance Oil Paintings.

The cfficiency of different markets has been widely studied in recent years. The
advent of the Adaptive Market Hypothesis has shifted rescarchers from an all-or-
nothing approach to onc where the degree of efficiency is measured as a dynamic
factor. The degree of cfficiency has been measured using sceveral lincar and non-
lincar statistical tests. The main aim of these tests is to falsify the Random Walk
Hypothesis or the Martingale Difference Hypothesis. If the returns are not indepen-
dent, or the expected value of the returns conditioned by the past returns is not a
constant, that means that to some extent markets are predictable and this violates
the weak-forin efficient market assumptions.
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As a conscquence of the emergence of ANMH, rescarchers have analyzed the degree of
market efficiency. Many different markets have been tested, and empirical evidence
supporting the AMH has been found. [UMIG] tested the efficiency of S&P500,
FTSE100, NIKKEI225 and EURO STOXX 50 between 1990 and 2014. The authors
evaluated time-varying return predictability using linear and non-linear tests with a
two years rolling window. They also tried to find relationships between predictability
and market conditions. The results have been found consistent with the ANH.
The return predictability fluctuates over time in cach market alternating periods
of predictability and non-predictability. The markets cvolve differently over time,
and the predictabilities are not very correlated. The S&P500 has been identified
as the most efficient, while the EURO STOXX 50 as the least. The results suggest
that each market interacts differently with the considered market conditions. such
as bull, normal, or bear market, up or down periods, and high or low volatility.

[CDK12] analyzed the US, UK, and Japancse markets using very long-run data
applying lincar and non-lincar tests with a five years window. After running cach
test, the authors have also classified markets in categories. such as “incfficient”,
“AMH?” or “switch to cfficiency” The results are consistent with the AMH, with the
linear tests showing periods of independence and dependence, and non-linear tests
showing strong dependence for every subsample with time-varying magnitude. The
research found very little evidence of a switch to efficiency. The non-linear tests
efficiency degree has not remarkably declined over time.

"KSL11] studied the predictability of the Dow Jones Industrial Average index from
1900 to 2009 applying lincar and non-lincar tests with a two ycars window for daily
returns and a five years window for weekly returns. The results have been found con-
sistent with the AMH, and the predictability driven by changing market conditions.
A high degree of uncertainty and high volatility have been associated with returns
predictability, as also political and economic crises with moderate uncertainty, while
market crashes have not. On the other hand, smaller predictability than in regular
periods has been found correlated to inarket bubbles. Also, economic fundamentals,
and in detail interest rates and inflation, have been discovered to be correlated with
predictability.  Inflation makes forccasting difficult and thus lower predictability,
while the market results to be more predictable with higher interest rates. The year
1980, has been found to represent a breaking point in returns predictability results.
Before 1980, returns hiave a higher degre~ of predictability, while the market effi-
ciciey has improved since then. The authors suggest that the improved cfficiency
may be due to two factors. The former is that in the 1960s and 1970s the market
implemented a serics of innovations that scems to have gradually taken place. for
instance. the antomation of trading, new regulations, and the establishment of a
futures market. The latter is that the breaking point is also consistent with Great
Moderation a decline in the volatility of macrocconomic fundamentals in the US.

[UM14] analyzed four calendar anomalics in the Dow Jones Industrial Average in-
dex from 1900 to 2013 and found that these support the ANMIH. The calendar per-
formances of the Monday, January, Turn-of-the-Month, and Halloween effects have
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been found time-varying and dependent on the considered market conditions.

[HM13] studied the predictability of emerging markets from 1995 to 2011 using a
four years rolling window. The authors found cvidence of long-term memory for
volatility and weak cvidence in the case of returns. They divided the markets into
two groups Advanced and Seccondary. Their findings constitute cvidence against
weak-formi EMH, are consistent with AMH, and suggest that advanced emerging
markets are subject to less memory persistence. The results also conflict with the
Grossman and Stiglitz argument that markets tend towards efficiency over time,
because the levels of the 22 considered emerging market widely fluctuates, but some
have an uptrend, while others a down one.

[CDK12] tested the exchange-rate return predictability of five independently floating
currencies relative to the US dollar from 1975 to 2009 using a two years window. The
results show that exchange rates are generally unpredictable, but episodes of pre-
dictability exist, and consistently with the AMH they are associated with changing
market conditions, that may happen during events like central bank interventions
and financial crises.

2.3. The news

2.3.1. The news impact

Many authors studied how news impacts market prices. As shown by many authors,
a well-known difference in the way news impacts the markets is that news effects are
different among the main geopolitical areas, that could be individuated as United
States, Europe, Australia, Japan, and Asia ex-Japan.

The impact of the news was also found diffcrent among different industries. as among
different sectors. Consistently with the Adaptive Market Hypothesis, these can be
characterized by different types of investors, and therefore have different reactions to
the same type of news. [SW11] studied the news effect separately for each industry
sector, using the first 2 digits of the Standard Industrial Classification (SIC). As
reported in [RLIW18], studies from Wolfe Rescarch highlighted that Technology.
Media and Teleccommunications stocks arc particularly sensitive to news coverage
and, as rcported in [LRWT1], that news sentiment data have additional insights
for banking stocks. [SYY17] reported different reactions after pre-IPO announce-
ments for clectronies and non-clectronics industries.  [HGC15] found overlapping
but different results between the US and Europe and between simall and large/mid-
capitalization companics.

[BFKR13| analyzed the market reaction at different levels of complexity for the in-
formation reported in the news. The authors showed that investors tend to overrcact
to simple news, while, probably due to the incapacity to fully and correctly cvaluate
the effect of the news, tend to underreact to complex news.

10
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Another critical factor to understand the news impact is the difference between
attention-grabbing news and low-attention news. An interesting study of the attention-
grabbing level on news was conducted by [BKLB14], who were able to analyze Yahoo
Finance Web Browsing activity data. Researchers found that web browsing activity
can anticipate stock trading volumies by two or three days. The results achieved
better performances with hourly rather than daily data. Also [RBB*14] and [RC15]
found that intraday scale browsing activity is corrclated to market movements and
helps to predict future movements. Unfortunately. such data arc not public and
freely available, and have to be requested directly to Yahoo Inc.. ~ICA*13| in-

stead, analyzed Wikipedia usage patterns to discover traces of attempts to gather
information on stocks before trading decisions were taken and found that changes
in Wikipedia company page views volumes may contain early signals of stock mar-
ket moves and could allow gaining new insight into the information-gathering stage
of decision making. A similar analysis was carricd out by [Kril3], who analyzed
scarch engines query volumes from Google Trends and found that stock popular-
ity as measured by scarch querics is corrclated with stock riskiness. Following this
approach, the author found that a portfolio in which popular stocks arc penalized
while less popular are brought forward dominates the benchmark and an equally
weighted portfolio. [HS16] found underreaction for low attention-grabbing news
and that positive news is less attention-grabbing, possibly due to an investor’s bias.
These announcements may be incorporated into prices around the next earnings an-
nouncement. [SW11] also reports that the low attention-grabbing cffect for positive
news could also be related to the fact that firms allow positive news to leak more
casily. [BO08] measured attention using social media activity. and found that high
levels of attention are associated with greater sensitivity of carnings-announcement
returns to carning surpriscs, with a stronger cffect for firms heating analysts’ fore-
casts, while only firms with low levels of attention are associated with significant
post-earnings-announcement drift. The authors discovered that individual investors
are more likely to overweight attention-grabbing stocks, irrespective of any new
information, and this tends to lead to a quick reversal of price movements, while
pricc movements driven by new information tend to persist in the long term. In
ADAWLSI18], the authors found that social media activity - measured on Twitter
and StockTwits - has a significant impact on liquidity at the intraday level, with
negative sentiment having a much larger effect on liquidity mecasures than positive
scutiment. The analysis also showed that. at the intraday level, peak social-media
scutiment corresponds to the end of niomentum and a return to mean reversion.

A different approach was used by [GIS17], who classified social media news from
Twitter (tweets) as local or non-local. The author considered the tweets posted
fron1 the neighbourhood of a firm’s headquarter as local news, and found that non-
local tweets have negative return predictability, while local ones arc more relevant
for international markets.

[YMAVS15] state that news is an event that moves the market in a small or in a
big way, and a novel concept is introduced: a derived measure of news inmpact, able

11
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to take into account the news flow and the time decay cffect, cumulating the news
discounted by an exponeutial decay factor based on news seniority.

In [MdBBY15], the authors found an indirect relationship between news and market
microstructure (i.e. liquidity, bid-ask spread, trade size, and market depth) through
the cross dependencies of volumes and volatility. If information comes as a scheduled
announcement, market participants anticipate it, formulating conditional plans on
the contents, could react quickly and liquidity is maintained. Instead, if unantici-
pated news is revealed to the market, financial market participants need some time
to formulate appropriate actions. During the period of contemplation, traders are
unwilling to trade, and liquidity dries up.

[HGCL15] report that market response is consistent with sentiment across a ten-day
period particularly for negative news events and small-capitalization stocks. Authors
also mention that impact of news on stock prices is not always straightforward and
three possible scenarios have to be expected: prices find equilibrium quickly with a
fast signal decay, prices initially nnderreact, leading to continuation cffect, or prices
initially overshoot, leading to reversal cffect.

[BFKR13| analyzed the difference between news and no news days and found that
reversal happened on no news or unidentified news days, conditional on extreme
moves, while identified news days are characterized by momentum continuation.
The authors report that a strong contemporancous response of media coverage on
identified news days, but not in unidentified news days, could be interpreted as those
days arc days on which price-relevant information arrives. The authors also note
that contemporancous price response to identified news days is unlikely to be duce to
irrational overreaction to news coverage, but that could suggest that price response
is insufficiently strong for many of the event types.

[MMDO8]| report that traditional multifactor risk models fail to update quickly as
new information becomes available. The authors updated an existing model that was
incorporating option-implied volatility to include also changing market sentiment.
The changing sentiment was calculated as the 7 days cumulated daily 15 minutes
variance of news sentiment score.

[KD12] found that consistently with the Mixture of Distribution Hypothesis (sce
[DLFM17]), the variance of returns is proportional to the rate of information arrival
oun the market. The authors argued that volatility clustering reflects the serial
correlation of information arrvival frequencies.

[DRT12] analyzed the asynmietry of volatility under different market regimes. The
authors found that asymmnictric stronger volatility for down-markets is most likely
driven by the overrcaction of private investors to bad news. The authors also high-
lighted that the effect is stronger in more developed markets, probably due to the
presence of more private investors.

12
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2.3.2. The news sentiment

Every news article is composed of words, phrases. and concepts, cvery one of which
can be associated with a particular sentiment. Sentimment scores of the whole article
can be evaluated using statistical techniques. The sentiment, usually positive, nega-
tive, or neutral, can be relative to the common sense associated with words when it
is evaluated using a standard sentiment dictionary, more technical when evaluated
using a domain-specific sentiment dictionary, or even task-specific when for instance
it is calculated as the expected effect on some other factor. An example of a task-
specific sentiment can be the NIP sentiment calculated by RavenPack representing
the impact on stock price volatility in the two hours after the announcement.

Since carlier studics, onc of the most cvident propertics of the sentiment cffects,
studied by many authors, has been that the cffects are characterized by a strong
asymmetry between positive and negative sentiment. Another important result,
highlighted by many authors, is that the cumulated effect of the news sentiment is a
significant predictor for market movements and that a longer cumulative period cor-
responds to a longer predictive effect. [HS16] and [ZHCBI16] showed that negative
news has a more prominent and longer-lasting effect than positive news. In detail,
[HS16] found that daily cumulated news sentiment is correlated to market move-
ments in the following 1 or 2 days, while weekly cumulated sentiment can predict
returns up to a quarter, or 13 wecks, in case of negative sentiment, and up to onc
week in case of positive sentiment. [ZHCB16] also suppose that the movement rela-
tive to the underrcacted part of the positive news could be incorporated into market
prices near next-earning-announcement, as this kind of information will emerge in
this type of announcement.

[GKGT14], [GKGT15] and [KGU 15] report that on intraday scale the markets seem
to be informationally efficient in respect to news sentiment, while on a longer scale
feedback is present.

[HS16] compared the returns distributions of stocks without news, with news. and
with neutral news, and found that stocks with neutral news have better performances
than stocks without news, contradicting the proverbial phrase “No news is good
news”.

[HLGC™18b] compared different ways to acgrcgate daily news sentiment and intro-
duced Sum Ercess Sentiment Indicator (SESL). SESI is a siinple way to take into
account sentiment and volume simultancously. 1t is constructed by daily cumulating
the fresh and relevant news cvents sentiment after subtracting the cross-sectional
daily sentiment bias per stock universe. The indicator considers only news events
highly relevant for the relative stock with no similar ncws in the last 90 days. The
cross-scctional sentiment bias is a daily average of news cvents sentiment using a
slightly different weighting for news event relevance and freshness. The authors re-
port that the indicator also naturally includes B . Effe~t i.e. ranking by sentiment
strength. Trading strategies obtained by SESI werc compared with these obtained
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by an average sentiment indicator. The results have shown that SEST overperformed
the average sentimment indicator for both annualized returns and information ratio.
The authors also inspected through a simulation the news strategy scalability. The
results showed a decrease in information ratio and annualized returns between 100
million dollars and approaching 10 billion dollars.

2.3.3. The news correlation with returns

[ES17] and [ES18b] studied the correlation between the sovereign bond yield spread
and macrocconomic news sentiment. She found that yield spread, spread change,
and spread volatility are correlated to daily macroeconomic news volume and sen-
timent. She also found that a high percentage of the rolling correlation with a
250 days window is significant and thereafter she proposes to monitor correlation
changes to recognize changing market conditions. She reports that a change in the
sign of corrclation points to changes in market environments: i.e. positive and ncga-
tive sentiment series correlation changes; that the strength is based on the business
cvele. The change of sign of the positive sentiment correlation is reported to be the
best indicator of a change in market conditions, and thus a regime shift. During
a bull market, positive news volumes are associated with a sinall spread, therefore
a negative correlation is present, while during a bear market the overall volume of
news is positively correlated with the bonds spread. The author also reported that
news sentiment is more correlated to spread volatility rather than spread difference,
and this is especially true in the case of news volumes.

[Thal5] found that in the Chinese market social blog sentiment that is normally
Granger caused by more technical newswire sentiment and its time-varying sensitiv-
ity has been one of the possible drivers for wild market swings in 2014/15 and that
this sensitivity has decreased in June 2015 leading to a more stable stock market.

[HKGM19] studied the markets’ reaction to news flow, finding a different tinme-
varying sensitivity of prices moves to positive and negative events in different regions.
The authors state that sensitivities represent a proxy for the underlying investor
positioning. Somne postulates identified by the Deutsclie Bank team to explain muted
market reactions to the news arc also reported. In case of positive muted reaction
the postulates are: “Holders are at their risk limits™, “Existing stake reflects full
conviction”, “Marginal investors wary of stock heing crowded, overvalued or too
consensus” and “Early investors sell into positive news™. While for negative muted
recaction the postulates are: “Skittish longs already closed out positions”, *Stock
cxpeusive or not available to borrow™. “Existing holders belicve the market has
overrcacted” and “Investor fatigue to the slew of poor news™

[HLGC™18d] report that different factors deliver disparate performance under dif-
ferent macrocconomic regimes. In the paper. the result of a framework proposed by
J.P. Morgan for factors timing in cross-asset risk premia was analyzed. The frame-
work generates views for a Black-Litterman model that are translated into tactical

14
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portfolio tilts. The results showed when the risk premia were generating more value.

The non-stationarity problem cvidenced by those studies is in line with the Adaptive
Market Hypothesis and has, therefore, to be considered.

2.3.4. News categories and topic codes

The more advanced news analysis tools are also able to identify event types and
topics discussed in the news.

[SW11] found that events aggregated by broad topics category contain little informa-
tion about asset returns while considering news sentiment improves the predictive
power.

As already mentioned, [BFKR13] compare the performance of stocks subdividing
them into three groups. The first group is composed of stocks with no news. while
the other two are composed of stocks with news. The former for stocks where the
news event type can be clearly recognized, and the latter for stocks where the news is
without an event type. Post-announcement (on the following days) identified news
day exhibits continuation, with the largest one for the news categories: Analyst
Recommendations, Deals, Employvment, and Financials.

The pre-analyzed news sentiment platforms manage the news events categorization
in different ways. Bloomberg and Thomson Reuters provide a list of topic codes
for cach article, while RavenPack provides a unique cvent type from a taxonomy of
cvents types organized in a hicrarchical fashion.

[Dim18] showed the existence of linear correlation among (10 minutes Pre-Opening)
Bloomberg news sentiment, and also Bloomberg Twitter feeds sentiment, and con-
temporancous (Open to Close) returns. In the same presentation, the author also
showed that articles tagged with a wide sct of multiple topic codes can be reorga-
nized using machine-learning techniques into a more uscful set of factors able to
improve the impact on contemporaneous returns. As an example, the presentation
shows the case of stories carrying controversial topic codes, as reported controversial
and non-controversial news has a different impact on the returns. The author intro-
duced Pi-CA, a techinique to improve the selection of topic codes subscts to extract
factors of interest.

Wolfe Rescarch in [LRWT19] provides an extensive study on the news event cate-
gorics provided by RavenPack. In the paper, it is stated that market reaction to
news and sentiment varies tremendously depending on the type of corporate event.
Investors tend to overrcact to bad news as litigations and layoffs, lecading to a rever-
sal post news rclease, and on the other side, boring news as buvbacks and dividends
arc overlooked, leading to a momentum cffect. The analysis is focused on news with
high relevance for the assct (above 90 over 100). and on fresh news, with a novelty
above 30 days. A relevant issue highlighted by the rescarch is the orthogonality of
the signal with respect to traditional investing factors. As highlighted, the news
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categorics could allow better discrimination of the orthogonal signal because, for
example news categorized as earnings, revenues and stock prices could already be
captured by traditional factors as inomentum and reversal, while underrepresented
low-frequency news, as regulatory, legal, or labor issues are norinally not captured
by those factors. Equity analysts and credit opinionists are market movers, but
these are not informative. especially if there is no change in the sentiment.

By exploiting news categories. also contradictory results can be found for the already
discussed proverbial phrase "No news is good news” The author firstly points out
that news volume factors have to be adjusted for coverage. and vary by news type.
and then reports that for Exceutive appointment and Merger & Acquisition “No

news is good news” while for buvbacks, revenues and carnings volume is positive.

More in detail, the author found that: for Merger & Acquisition news, positive sen-
timent is associated with a significant pre-announcement movement, possibly due
to leakages or consccutive news, a rally on the announcement dav. and underper-
formance of the stock post-announcement leading to mean reversal trading oppor-
tunitics. Negative sentiment for Merger & Acquisition, instead, is associated with
a modest previous and same-day movement and a persisting downward movernent
post-announcement, hinting momentum.

For buybacks news, the author found that independently of positive/negative senti-
ment the pre-announcerment period is negative, as buybacks are normally initiated
on a short-term underperformance, while, still independently of sentiment, next-day
and same-day returns are positive.

For ownership news, the author found that the assets already rallied before the
announcement and that the sentiment is relevant because post-announcement drift
is significant and positive only for positive news.

For Rating Changes, the author found that in the case of analyst ratings there is
no pre-announcement effect because there are no or very few leakages in the highly
regulated sector of analysts. While there is an immediate reaction at the announce-
ment and a modest post-announcement reaction. slightly bigger for negative news.
Differently, for Rating Changes by Credit Analysts, probably due to the conservative
behavior of such raters that tend to endogenously react to prices, the author found
that the market reacts strongly to downgrades and negative news, overreacting to
negative news, leading to a reversal after the negative event and morcover that con-
cern on the rating can be more dangerous than an upgrade, as the investors tend to
follow the “Sell first, think later™ pattern.

For Earnings Guidance and Dividends. similarly to Analyst Ratings, the author
found a strong pre-announcement cffect and a post-announcement longer persistence
for positive news.

For layofts and legal issucs, which arc inherently negative, the author found that, as
the companics suffer for a long time before this kind of announcement. The negative
nmovement is distributed over the pre-announcement period and there is negative
overreaction during announcenient-day, leading Lo reversal post-announcement.

16



2.3 The news

For market shares and partnership, the author found abnormal same-day returns,
but limited scope for post-aunouncement moveinents.

RavenPack also provides two sector-specific categories: Bio-Pharinaceutical clinical
trials and retail same-store sales. The author found that negative news for clinical
trials has a strong same-day negative effect and no post-announceient effect, while
for positive news there is a longer period soft-cffect. For same-store sales, the au-
thor snupposes that information is leaked in advance, and found a strong pre-cvent
movement followed by a persistent positive drift post-announcement. especially for
positive news.

Peter Hafez in his presentation “Reshaping Finance with alternative data” [Hafl6],
from the 4th RavenPack Annual Conference, shows the importance of the RavenPack
taxonomy to classify different event categories, allowing for a non-uniform treatment
of the sentiment. It results useful for modelling decay and for noisy cvent filtering.
In the presentation, a different filtering technigue based on temporal event chains
is also introduced. Given an ongoing cvent, it is possible to expect the ontcome of
onc of the possible events following in the chain, but also to filter out news related
to events preceding the current event in the chain, marking those as not fresh,
subsequent releases of a past event. In the presentation, it is also suggested the
possibility to propagate the news effect through different kinds of dynamic networks
in order to increase trading opportunities and in detail supply-chain, competitive
landscape, and co-mention networks are suggested.

[HGC15] analyzed the effects of RavenPack category groups on different markets, US
and Europcan, and also for different capitalization sizes, small-caps and large/mid-
caps. The results show a strong regional overlap for event groups between different
sizes and a strong overlap amongst important event groups across both dimensions
size and region, but also many idiosyncrasies, for instance, some event types may
have momentuin in a region and reversal in another. As already reported, the market
response was found consistent with sentiment across a ten-day period.

The most relevant category groups in terms of market response have been identified
in the US market as “Insider Trading™. ~Analyst Ratings™, “Revenues”, “Earnings”
and “Stock Prices” for large/mid-caps and ~“Acquisitions-Mergers™ for small-caps.
While in the Enropean market they have heen identified as “Analyst Ratings™, “Price
Targets”, “Earnings™ and the pair “Stock Prices” and “Revenues™ for large/mid-caps
and the pair “Acquisitions-Mergers™ and “Dividends™ for small-caps. The main
differences between the two regions are that US market rcacts more to “Insider
Trading”, while Europcan market to “Price Targets™, and that in the US market a
short-term reversal cffect is found for -Stock Prices™

For large/mid-capitalization companics the following results were reported: for “An-
alyst Ratings™ and “Price Targets™, a monientumn cffect was found, with a longer-
lasting cffect for the European market. For “Stock Prices™, a reversal cffect was
found for positive sentiment after large prices moves are reported, while negative
sentiment leads to continued underperformance. For “Acquisitions-Mergers™, an 8-
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10 days lagged reversal cffect was found for positive news, while for negative news
a continued underperformance was found only for the European market. For neg-
ative “Earnings”, a linear continuation effect was found across most of the time
period, while positive events are not significant. IFFor “Revenues”, negative events
were found to have a stronger impact on the US market while, oppositely, on the
Europecan market. positive oncs have a stronger impact. For “Insider Trading”, a
significant lincar continuation cffect was found for the US market. For “Industrial
Accidents” on average, a negative impact was found, characterized by overrcaction
in US and underrcaction in Europe leading respectively to reversal and momentum.
For “Technical Analysis™, a reversal signal was found, particularly after 5 days and
for bullish patterns. For “Order-imbalances”, prices were found to nmove consistently
with concurrent returns, while sentiment tends to be somewhat contrarian.

While for siall capitalization companies the sentiment was found to have a stronger
concurrent impact and the signals are generally more persistent for small-caps, indi-
cating less market efficiency. The US market is characterized by more negative events
for “Credit ratings”, “Dividends™, “Equity Actions™ and “Legal”. For “Acquisitions-
Mergers” negative sentiment was found to produce a contrary cffect across all-time
horizons. In the Europen market, negative “Earnings™ and “Revenues™ are not sig-
nificant. “Industrial Accidents” were found to be not significant, or more likely were
under-reported. For “Technical Analysis”, a partially contrarian concurrent signal
was found. Prices move with sentiment for positive events and against sentiment
for negative ones.

[KKX20] introduced a new text mining methodology based on topic modelling. The
methodology extracts information from news articles to predict asset returns using
a three steps approach based on supervised learning. The main statistical tools
applied are correlation and maximum likelihood resulting in a white box approach
requiring minimal computing power. The sentiment scoring model extracted from
the joint behaviour of article text and stock returns is specifically adapted to the
dataset and relies on a simplified two topics model related to positive and negative
returns. A mecasurce of sentiment novelty is also extracted using cosine similarity
between articles.  The authors analyzed a reliable and actively monitored news
source, the Dow Jones Newswire, and found that information is assimilated into
prices with incfficient delay consistent with limits to arbitrage. The cffect of news is
fully reflected in prices in | days and is stronger and longer-lasting for fresh news.
ou thic scll side, and for small and more volatile stocks. The resulting stock selection
strategy resulted to be profitable also when transaction costs are considered.

[HGCG™19] report a detailed study, by Empirical Rescarch Partners, on big biotech
and pharma industrics. In these two sectors, industry-related news categories. such
as patent grants, ongoing clinical trials. and FDA priority review grants. were found
to have long-term cffects on excess returns. Differently from others, these effects are
strongly significant onc ycar after the announcement.

[HLGC™*18a] report a detailed study by Clitigroup’s Equity Rescarch team on (CAPEX
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funds used by companics to manage physical assets. Highly reported CAPEX firms
experience poor future stock returns. This result has been related to reports as lag-
ging variables. The research suggests a strategy based on CAPEX announcements,
rather than reported CAPEX, resulting in a positive performance with a long drift
of around three months.

2.4. The uses of news

2.4.1. Univariate forecast

The news sentiment, time series have a wide spectrum of applications; one of the
most discussed in literature is the prediction of univariate time series regarding
assets return.  [Borld] inspected correlation between jumps and news sentiment.
[BCP17] use the sentiment to predict outcomes exceeding value at risk. [BCP17]
found that sentiment granger causes changes in returns and volatility for commodi-
ties, in particular for gas. [BKLB14| found that browsing activity is a predictor for
volumes and changes in return and volatility. [Smal6] highlighted that VIX is a
better predictor than sentiment for the variance. [LXB18| estimated the clasticity
in the relationship of news volumes with volatility and volumes. [IKSSS16] found
that stocks emerging for a minimum period of one month of media pessimism have
a good forward onc-year excess returns potential.

"YMY13] and MdBBY15; used sentiment impact to forecast assets return, volatility.
volumes and liquidity. The possibility to forecast volumes and liquidity, where
liquidity in trading is inspected through the bid-ask spread and the market depth,
is interesting because these measures reflect and allow to monitor the conditions of
the markets, and if the signal is significant can be exploited to determine if a trade
can be executed in a given point of time or it is not valid. The news sentiment
factor results to be not substantial in AR models for return and liquidity, while it
results to be highly significant as an external factor in GARCH models for volatility
prediction, leading to superior returns in trading strategics. The news sentiment
impact scorc showed an increased predictive ability in respect to cumulated news
sentiment.

[ES18b] used the macroeconomic news sentiment to model bond yield spread. The
author discovered that the correlation can be used to discover carly warning signs
for unexpected changes in yield or structural changes visible in yield spreads. In the
paper, an ARIMAX model is used to forecast the bonds spreads, the number of all
news results to be particularly significant, but correlation and also residual errors
chiange over time, as the best external variable used as predictor does. As previously
reported, the author proposes to monitor correlation changes to recognize changing
market conditions.

[ES17] analyzes the correlation between corporate bonds and country-specific macroe-
conomic news sentiment using ARIMAX models. The author found that country
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positive news is more cffective in the cconomic recovery period, while country neg-
ative news predicts well during a recession. It is also found that both positive and
negative improve one step ahead forecast of spread. The author inspected in detail
the German parliament news sentiment, and found a strong asyimmetric effect on
German corporate bonds, with positive news enhancing the prediction and negative
news having a limited cffect. Central Bank news was also analvzed: the cffect on
corporate bonds is reported to be mixed, but positive news predicts well during
recovery, while negative during a recession. The firm-specific news sentiment was
also tested and the negative sentiment was found to be a better predictor than the
positive one for corporate bonds.

In [GKG "14], [GKG 15] and [KGU 15| the authors developed an Ising model from
statistical mechanic, based purcly on information flow, and they applied trading
strategics to the results to forecast future market index returns. They report that
on the intraday scale the market is informationally cfficient, due to the competition
of intraday traders, while it becomes inefficient on longer timescales. They noticed
that when new information is released, price change quickly, but this price-change
may also be an important event that will draw media response. The original event
can thus trigger a “ripple effect” of the interlinked price-change and news release,
unfolding over an extended time period. In the original model, the price change is a
function of the investor’s sentiment and its variation. The investor’s sentiment vari-
ation, in turn, is caused by information flow, while the information flow variation is
causcd by price change and exogenous news. In the most advanced model, investors
with different time horizons are modeled. The four resulting strategies selected,
calculated on the SPY index. outperformed the index and an active benchmark.

2.4.2. Portfolio weights estimation

The news sentiment scores have also been applied in portfolio management to en-
hance asset sclection and weighting. In Markowitz's theory volatility is a measure
of risk. The volatility forccast based on news sentiment and volumes can therefore
be used to improve the assets weighting process. In the same way, other strategics,
such as thc no-ucws vs neutral-news one, can be exploited to improve the portfolio
returus.

[HS17] applied a 52-week sentiment momentum strategy with a 4-week gap based
on news sentiment to improve asset allocaiion, highlighting the possibility to use
sentiment in medium-terim portfolio strategies.

In [Crelb], a Black-Litterman model is applied for portfolio optimization, in order
to cnhance a Markowitz framework with news sentiment, corporate social niedia
indicators, fundamental indicators, accounting variables. and analysts’ rccommnien-
dations. The author adopted news sentiment to generate views for high-frequency
trading and the other indicators for medium-term asset allocation with quarterly
data. The views for the Black-Litterian model are characterized by an estimation
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of the excess returns and a confidence level in the view imposed on the Gaussian
prior distribution of the excess returns. The author found that forecast based on
quarterly data of social network and fundamental indicators outperforms the market
portfolio, demonstrates that news sentiment has an iimportant high-frequency effect
on returns and that in simulations news sentiment-driven portfolios outperform the
market portfolio and the market index.

In [HGCD15], the anthors apply thematic alphas strecams (theme-based sentiment
indicators) from previous rescarch ([HGC15]) to improve cquity portfolios. They
combine different asscts into a synthetic one for cach alpha strecam and then com-
bine the alpha streams to obtain a “super-alpha” portfolio with the benefit of being
able to reduce turnover through internal crossing. The portfolios have been con-
structed for different holding periods from one to ten days, independently selected
between different alpha streams, using a different strategy to select stocks to trade.
The strategy was based on ranking: long top 20% sentiment-wise stocks and short
bottom 20% or just long stocks with positive sentiment and short those with nega-
tive sentiment. Different lookback windows were considered of 3 months, 6 months,
and one year. The optimal lookback period was found to differ between different
regions and between different sizes. US stocks require shorter windows than EU,
while small-caps require longer windows than large/mid-cap ones. This effect is
probably due to the amount of news needed to achieve a reasonable nuniber of sta-
tistically significant alpha streams. The results were found to be consistent between
regions and sizes. EU outperforms the US, and small-caps outperform large/mid-
caps. Such results reflect the fact that the US region is considered more efficient
than the EU, and market cfficiency is normally higher for larger market capitaliza-
tion groups. The turnover is reduced from 95 4 to 43-15 for small-caps and 50-53%
for large/mid-caps and the strategy was found to be profitable also after applying
trading costs.

[YM18] used news sentiment impact in an Enhanced [ndexation framework for stock
pre-filtering. The authors applied Second-order Stochastic Dominance as a crite-
rion to enhance the returns distribution starting from a henchmark, and “volatility
pumping” as moncy management criterion to control the maximum drawdown. The
benchmark is the considered market index. the FTSE100, starting from which the
framework scarches for a local optimal solution. The authors compared the resulting
portfolio returns, that were found to outperform the market index, with two more
portfolios generated using the same technique but filtering the available stocks with
different rules. The former portfolio is characterized by a rule that takes a long
position only on oversold stocks, having a Relative Strength Indicator under the
level of 30, and takes a short position only on overbought stocks having a Relative
Strength Indicator over the level of 70. The latter portfolio, instecad, is character-
ized by two rules: the former is the previous Relative Strength Index rule, while
the latter is a rule taking long positions only on stocks with a positive news impact
score and short positions only on ones with a negative impact score. The authors
state that the three strategies lead to progressive improvement in the performance
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of a passive index fund and planned further refinements of this strategy detecting
market-regimes and thus limiting the long-short partitioning.

[HLGC'18c] compared different intraday portfolio strategics exploiting Sum Ezxcess
Sentiment Indicator (SESI). The authors found that the performance of the strate-
gies is strongly influenced by the large volume of news clustered in the pre-open and
after-close. The results showed that the best performance is achieved with an open-
to-open strategy using a 4 hours lookback window for news cumulation. Also, an
18 hours open-to-open strategy and a 10 hours close-to-close strategy arc reported
to represent peaks of the strategy performances. These results underline the impor-
tance of spikes in news volume at pre-open and after-close and show that these are
better exploitable at market open also if some liquidity problem could arise right
after the opening.

[HLGC*19] compared a portfolio strategy exploiting Sum Ezcess Sentiment Indica-
tor (SESI) with other random and momentuni-based strategies. The news sentiment
strategy is based on Eutreme Sentiment Portfolio, i.e. selecting assets with the high-
est sentiment strength. The news sentiment resulted to be a powerful tool for stock
selection with stronger value for short-term than for long-term portfolios and higher
quintiles in sentiment outperforming lower quintiles. The best results are achicved
for one-day holding period. Also progressively reducing the number of selected
stocks to these with the most extreme sentiment improves the returns.

2.4.3. Other applications

[CI118] applied news seutiment in order to generate indexes for geopolitical risks.

[ES18b] used the correlation between macroeconomic news sentiment and bond
spreads to detect changes in market regimes and detect regime shifts.

[KJF17] applied the social anomaly score (SAS) to forecast volatility. The SAS
indicator was developed by PsychSignal and analyzes messages from Twitter and
StockTwits, reflecting cach stock symbol activity level. The authors calculated the
difference between a capitalization-weighted SAS of the S&P500 stocks and the SAS
of SPY, an ETF on the S&P500 index. The difference was used to implement a trad-
ing strategy in order to decide to take a long or short position on exchanges-traded
products available from the CBOE market volatility index (VIX). The strategy was
reported to outperforin the considered benchimark also after fees and trading costs.

[TKSSS16] used SEC/EDGAR fillings to cstimate asset returns similarity.
2.5. Our contribution

To the best of our knowledge. our contribution to the existing literature in this field
regards mainly the two models presented in chapters 4 and 5.



2.5 Our contribution

In chapter 5 we analyzed the cffects of the cross-sectional news factors over three
different baseline models. The cross-sectional news factors analyzed are extracted
from the news category groups and over
different cumulation periods. The effects of the cross-sectional news factors are
then tested on baseline models exploiting three different criteria: the Sharpe Ratio,
the Sccond-order Stochastic Dominance. and the Scaled Sccond-order Stochastic
Dominance.

In chapter 4 instead, we verify the performances of the pre-opening news sentiment
and volume associated with each one of the news category groups separately. The
cffects of the news are cvalnated in a naive beauty context model. The cffects arce
analyzed taking long or short positions on the market according to the news. The
cffect of positive only and negative only sentiment is also considered in the analysis
of the strategics.






3. Considered Data

The aim of this rescarch is to inspect the possibilities to enhance asset allocation and
portfolio management using information extrapolated from relevant firm’s specific
public news. To achieve this result it is of interest to understand which kind of news
affects market prices on an intraday, but also on a multiple-day time scale and how
every single piece of news has to be treated to obtain meaningful indicators for the
desired task.

Firm’s specific news picces are supposed to affect stock returns hecause news reports
events that could affect stock fundamentals or influence investor’s behaviour. At the
same time markets could not immediately discount all information correctly.

As previously reported, the information is widespread by news whose effect can be
measured by different indicators. Some indicators are more casily accessible than
others, and not all arc always available. Some examples of these indicators are the
sentiment, volume and novelty of the news, but also the level of attention generated
by the news that can be proxied by the number of web pages views or the volume
of search engines queries.

The data analyzed in this work were kindly provided by OptiRisk Systems LTD.

3.1. The data sources

3.1.1. Considered markets and periods

The provided database contains information about companics helonging to different
market indexes. The lists of the market indexes components cover different geopo-
litical arcas.

For each one of the indexcs, the corresponding implied volatility index is also re-
ported. The implied volatility index, also known as fear index, reports an aggregated
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measurc of the volatility implied by the index related call and put options expir-
ing in the ncar future. The reported value is supposed to describe the near future
volatility (standard deviation), also if it is bounded to the forecasting abilities of
the techniques used to estimate option prices and could also be affected by the lig-
uidity of the underlving stocks.

In this work, the rescarch interest is focused mainly on the EURO STOXX 50 market,
index components, while some studies are conducted on the DAX 30 and the S&P
500 components also for comparison and confirmation of the results on the EURO
STOXX 50. The EURO STOXX 50 is considered of particular interest because it is
less studied than others, especially compared to S&P 500.

The database reports information regarding market data and news sentiment cover-
ing the period from January 2005 to May 2018. The considered period is extended
enough to allow for an evaluation of the strategies in different situations and under
different market regimes. Also when a pre-calculation period of 3 years is consumed
by a 3 ycars rolling window, uscd to consider the market changing dynamics, 10
vears of data lasts for results cvaluation.

3.1.2. Market data

The most used index, with its components, in this work is the EURO STOXX 50.
The 68 stocks belonging to the EURO STOXX 50 market index at least once in
the period between 2005 and 2018 are considered. The components of this index
are used because European markets are reputed less efficient than US stock market
even if they are not strongly affected by news sentiments in particular periods as, for
example, the Chinese stock market (see [Thals]). The log-returns on daily adjusted
closing prices arc considered. The considered period spans over more than 13 years,
from January 2005 to May 2018.

The database reports for each stock many informations. An ID representing each
stock, the market index to which it belongs, and the country in which it is listed
arc reported. For cach stock, the opening, closing, high, and low (OCHL) adjusted
prices and the traded volume arc reported for cach trading day of the considered
period. For cach onc of the indexes in addition to OCHL prices and volumes also
the OCHL prices of a futures contract on the index, and of the implied volatility
index arc reported.

database. For the researches regarding daily estiniates, no other market information
about stocks is considerced from the database except for adjusted closing prices. while
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for intraday cstimates of pre-opening cffects adjusted opening and closing prices arc
considered.

To achicve a higher level of accuracy and to overcome the presence of some missing
data the stock’s adjusted opening and closing price time series have been updated
using thesc provided by the Refinitiv Eikon service available from the university
library.

30 40
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20
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T
0.00

Daily Log-Return

Figure 3.1.: The figurc shows the density of the daily log-returns distributions of
the 68 stocks belonging to the EURO STOXX 50 market index in black and a
Normal distribution for comparison in red. The mean and standard deviation of
the Normal distribution in red are set equal to the mean of the means and the
nmean of the standard deviations of the stocks.

lu figure 3.1 we show the plots of the daily log-returns distributions of the considered
stocks and the relative average gaussian distribution in red. The stock distributions
appear quite similar between them with few exceptions, where the main difference
is low niuch each distribution is peaked in 0, and thus probably related to its total
variance and fat tails. Comparing the stock distributions with the gaussian reference
we can sce that in general, these arc more peaked in 0 than the reference. These
also show inferior variance compared to the reference in the neighbourhood of the
inflection point on the slope of the distribution curve but then arc characterized by
fatter tails than the refercnce.

In table 3.1 we show the statistics about stocks. The majority of stocks present a
similar number of samples. duc to the presence of price in the database for these
stocks over the whole considered period during trading days. Only 3 companics on
68 have a sample size under 90% of the maximum sample size. The average mean is
positive, the average standard deviation is 0.021, the average skewness is negative,
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and almost all the distributions arc leptokurtic. Fortis N.V. and AIB Group Plc
show the highest standard deviation, the most negative skewness, and the highest
kurtosis. ASML Holding N.V. obtains the highest average return in the period.

The formulas used in the tables to calculate the skewness, third standardized mo-
ment, and the zero centered kurtosis, zero centered fourth standardized moment, of
the distributions are respectively:
. 13
T E[(x — ELr)2Pr

Table 3.1.: This table reports statistics regarding the companies belonging to the

EURO STOXX 50 market index at least once in the considered period hetween

2005 and 2018.

The table reports the name of the company, shortened when

needed, the numerosity of the sample and the main statistical parameters.

Company #Samp. Mean Std.Dev. Skewness Kurtosis
ABN AMRO GRO... 661  0.000297 0.0171 -1.1639 9.31
AEGON N.V. 3499  -0.000162 0.0279 0.1533 15.49
AIB GROUP PLC 3499 -0.001976 0.0525 -1.5525 30.83
AIR LIQUIDE ... 3499  0.000292 0.0143 -0.0302 4.23
AIRBUS SE 3499  0.000439 0.0219 -0.8565 13.49
ALCATEL-LUCENT 3499 -0.000379 0.0301 -0.3016 6.99
ALLIANZ SE 3499  0.000174 0.0198 0.5417 14.73
ALSTOM S.A. 3499  0.000360 0.0232 0.0962 5.23
ANHEUSER-BUS... 3499  0.000432 0.0182 -0.8781 16.34
ARCELORMITTA... 3499 -0.000233 0.0298 -0.1637 4.66
ASML HOLDING... 3499  0.000755 0.0193 0.2447 2.90
ASSICURAZION... 3499 -0.000121 0.0175 -0.2204 6.62
AXA SA. 3499  0.000055 0.0248 0.2305 10.05
BANCO BILBAO... 3499 -0.000157 0.0210 0.1246 7.19
BANCO SANTAN... 3499 -0.000048 0.0217 -0.1219 9.92
BASF S.E. 3499 0.000338 0.0176 0.0039 8.67
BAYER AG 3499 0.000430 0.0172 -0.1053 4.06
BAYERISCHE M... 3499  0.000272 0.0195 0.0754 4.69
BNP PARIBAS ... 3499  0.000007 0.0246 0.1905 9.47
CCARREFOUR S.A. 3499 -0.000202 0.0181 -0.1900 4.13
COMPAGNIL DE... 459 0.001091 0.0224 0.2938 0.91
CREDIT AGRIC... 3499 -0.000159 0.0266 0.2557 6.77
CRH PLC 3499  0.000162 0.0224 -0.2115 4.45
DAIMLER AG 3499  0.000161 0.0209 0.2277 8.03
DANONE S.A. 2499 0.000203 0.0142 -0.0601 4.09
DEUTSCHE BAN... 2499 -0.00U5LY 0.0253 0.26% 1 8.89
DEUTSCHE BOE... 399 0.000480 0.0209 0.0163 6.33
DEUTSCHE POS... 3499  0.000185 0.0177 -0.3613 11.35
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DEUTSCHE TEL... 3499 -0.000069 0.0155 -0.0674 9.33
E.ON SE 3499 -0.000227 0.0185 -0.1386 6.58
ENDESA S.A. 3499  0.000285 0.0157 -0.1296 5.53
ENEL S.P.A. 3499 -0.000081 0.0171 -0.2887 6.96
ENGIE S.A. 3366 -0.000226 0.0182 0.3309 11.70
ENI S.P.A. 3499 -0.000043 0.0170 0.3013 9.78
ESSILOR INTE... 3499 0.000410 0.0136 0.4008 6.63
FORTIS N.V. 3499 -0.000405 0.0377 -18.3252 726.98
FRESENIUS SE... 3499 0.000612 0.0162 -0.0352 3.58
IBERDROLA S.A. 3499  0.000206 0.0174 0.2750 12.40
INDUSTRIA DE... 3499  0.000531 0.0169 0.1804 4.10
ING GROEP N.V. 3499 -0.000095 0.0294 -0.0685 16.27
INTESA SANPA... 3499 -0.000078 0.0259 -0.4611 8.87
KONINKLIJKE ... 3499  0.000343 0.0146 -0.1712 0.31
KONINKLIJKE ... 3499 0.000223 0.0178 -0.0399 4.47
L’'OREAL S.A. 3499 0.000377 0.0144 0.2342 5.70
LAFARGE S.A. 3499  -0.000019 0.0221 0.0175 4.64
LVMH MOET HE... 3499  0.000513 0.0174 0.1350 5.45
MUENCHENER R... 3499  0.000192 0.0153 0.1046 8.38
NOKIA CORP. 3499 -0.000255 0.0254 -0.3157 12.17
ORANGE S.A. 3499 -0.000148 0.0157 0.0836 3.98
RENAULT S.A. 3499  0.000081 0.0251 -0.2137 4.83
REPSOL S.A. 3499 0.000058 0.0190 -0.2623 5.85
RWE AG 3499  -0.000219 0.0197 -0.1305 6.38
SAFRAN S.A. 3499 0.000544 0.0206 -0.2233 4.63
SANOFT S.A. 3499  0.000030 0.0154 -0.1601 6.10
SAP SE 3499  0.000315 0.0148 -0.4767 12.69
SCHNEIDER EL... 3499  0.000308 0.0205 0.0260 9.30
SIEMENS AG 3499  0.000177 0.0183 -0.1113 15.40
SOCIETE GENE... 3499 -0.000173 0.0292 -0.1393 7.05
SUEZ 2574 -0.000170 0.0185 -0.2897 7.47
TELECOM ITAL... 3499  -0.000439 0.0214 -0.0601 4.25
TELEFONICA S.A. 3499 -0.000130 0.0154 -0.4499 9.11
TOTAL S.A. 3499 0.000079 0.0159 0.1200 6.73
UNIBAIL-RODAMCO 3499 0.000189 0.0168 -0.3974 6.30
UNICREDIT S.... 3499 -0.000600 0.0297 -0.1891 6.86
UNILEVER N.V, 3499 0.000321 0.0171 0.2297 2.3
VINCI S.A. 3499 0.000357 0.0184 0.2669 8.21
VIVENDI 3499 -0.000024 0.0159 -0.0380 4.75
VOLKSWAGEN AG 3499 0.000552 0.02141 -0.8235 11.81
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3.1.3. News data

The 68 news tables for EURO STOXX 50, characterized by the company ID, share
tlic samic repetitive structure composed of multiple ficlds. The datasct includes the
exact date and time for cach news, allowing to correetly locate the news in time and
discount its cffects through the indicators.

The news category and category groups arc two ficlds in the tables that position cach
news event inside a hicrarchical representation of
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3.1.3.1. Extraction techniques for sentiment indicators
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3.2. Data pre-processing

Indicator Cumulation Type Range Weighting
Equal
Weckly Sentiment Total —
/ Freshness
Equal
Cumulated —— Monthly Sentiment Total i
Freshness
Equal
Quarterly - Sentiment - Total —_—
Freshness
Equal
Volumes ———— Total

/ Freshness

Pre-Opening —— 4 Hours Equal
» Total
. o Freshness
\ .
B o N __Equal
Sentinu nt - Positive
‘ Freshness
. Equal
Negative
Freshness

Figure 3.3.: The figure shows a tree representing the generated indicators for dif-
ferent kinds of cumulation periods and types of indicators.
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In this section, the sentiment indicator construction process is described. In figure
3.3 a tree of the different indicators used in this research is presented. The first
branch differentiates the type of indicator, between cumulated and pre-opening. The
successive branches differentiate the type of cumulation, between quarterly, monthly.
weekly and 4-hours, the type and range and the weighting technique applied.

3.2.1. Relevance filtering

3.2.2. Freshness indicator

An indicator of cach picce of news freshness was calculated using a function of its
novelty (number of days without similar news), gradually penalizing news more
recent than 90 days. The penalization is calculated by applying a sigmoid function
to the rescaled novelty of the news. This approach is in line with the analysis of
[LRW19] and of [HLGC™18b] where only news with a novelty respectively greater
than 30 and 90 days was considered:

where:
7; is the number of davs without similar news for the news 7 and
v; is the freshness weight for the news 4

37



Chapter 3 Considered Data

Freshness weight
N9 )4 05 08 .

n

T T
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Days without similar news

Figure 3.4.: Plot of the freshness weight corresponding to a given number of days
without similar news (novelty) calculated applying the previously introduced func-
tiomn.

The plot, presented in figure 3.4, in line with other rescarches. shows a clear transi-
tion between 30 and 90 days from underweight to fully weighted.

Is of interest to analyse the freshness of each news piece because repetitive stale
news could have a different lower impact on the market prices, while first time seen
news could lead to stronger reactions.

3.2.3. Pre-opening indicators

News related indicators arc complex to handle because data appear to be highly
sparsc and on a continuous time frame. To overcome the sparsity problem, the data
are cumulated on a 4-hours pre-opening time period. The data cumulation process
is different from a data averaging process. The cumulation has been found to better
model news effects because it jointly models the news sentiment and the news voluime
effects. Different indicators reporting sentiment are generated for each category
group and different kinds of cuimulation. The considered kinds of cumulation are
mainly total sentiment, total fresh seutiment, total voluie and total fresh volunie.
Negative sentiment, negative fresh sentiment, positive sentiment and positive fresh
sentiment have also been generated, but only to better inspect the cffects of news
scntiment.

The news cumulation process 7 relative to cach stock j and for cach category group
g starts cvery day at 5 am and cnds cvery day at 9 am before the market opens.

The pre-opening cumulated indicators arc defined as:
VjeSVeel

Vd € {2005/01/01,....2018/05/31)
A={a|lCi=cADy=dAbaum < H, < Yam}
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where:

S is the set of available stocks,

C is the set of category groups,

A is the sct of news picces to consider in the cumulation,

C, is the category groups of news piece a,

D, is the date of news picce a,

H, is the hour of news nicce a,

K; 1s the sentiment of news piece 1,

7 is the cumulated news sentiment for stock j and category group ¢ at day d,

75 is the cumulated fresh news sentiment for stock j and category group ¢ at day d,
¢ is the cumulated news volume for stock j and category group ¢ at day d,

¢ is the cumulated fresh news volume for stock j and category group c at day d
7% is the cumulated positive news sentiment for j and ¢ at day d,

77 is the cumulated negative news sentiment for j and ¢ at day d,

Tf' is the cumulated positive fresh news sentiment for j and ¢ at day d,

7; s the cumulated negative fresh news sentiment for j and ¢ at day d.

i

After the data pre-processing step, a multitude of indicators time-scries is gencrated
for cach stock. More than 20°000 news related time-series are generated just for the
EURO STOXX 50.
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Cumulated news sentiment indicators arc known to be non-normally distributed.
These indicators are often characterized by a gaussian-like shape centred near 0 but
also by fat-tails and a very strong peak in 0, given by davs without news.
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3.2.4. Cumulated indicators

News related indicators are complex to handle because data appear to be highly
sparsc and on a continuous time frame. To overcome the sparsity problem, the data
is cumulated on weekly, monthly and quarterly time frames and different indicators
arc generated for cach category gronp reporting sentiment. The data cumulation is
also suitable for the processing because the news effect could not be discounted by
the market immediately and at once, but instead, it could take place over a period
of time in which uncertainty is removed. The data cumulation process is different
from a data averaging process. The cumulation has been found to better model news
cffects because it jointly models the news sentiment and the news volume cffects.
The news cumulation process 7 relative to cach stock j and for cach category group
g (following [HGC15]) starts and cnds cvery day half an hour before the market
closes. At that moment, as reported by other studics, cnough liquidity should be
present in the market in order to allow the portfolio rebalancing, and the price
should reasonably reflect the closing price.

The cumulated indicators are defined as:
VjieSVeeCVyp € P={7,30,90}

Vd € {2005/01/01,...,2018/05/31}
A={a|lCo=cAND,e{d,....d—p+1}}

where:

S is the set of available stocks,

C is the set of category groups,

P is the set of news cumulation period lengths,

A is the set of news picces to consider in the cumulation,

C, is the category groups of news picce a,

D, is the date of news nicce a,

r; is the sentiment of news piece 7,

7 is the cumulated news sentiment for stock y and category group ¢ at day d with
cunulation period p,

7r is the cumulated fresh news seutiment for stock j and category group ¢ at day d
with cumulation period p.

After the data pre-processing step, a multitude of indicators tine-series is generated
for each stock for weeklv, monthly and quarterly cumulated news. More than 7500
news related time-scries are generated just for the EURO STOXX 50.
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Cumulated fresh news sentiment indicators arc known to be non-normally dis-
tributed. These indicators are often characterized by a gaussian-like shape centred
near 0 but also by fat-tails and a very strong peak at 0, given by days without news.
In figure 3.6 we show the distribution having a gaussian-like shape, a strong pcak
in 0, due to periods or stocks without news for the category group, and long fat
tails. Some sccondary small noise-like peaks are present, probably duce to sentiment
granularity related effects.



3.2 Data pre-processing

43






4. Pre-opening news portfolio
selection

4.1. The portfolio selection

To inspect the capabilities of the news indicators for asset allocation: we exploit the
information brought by the news in a long-short fully invested portfolio strategy.
Long and short positions on the market index arc used as a reference benchmark.

Each onc of the tested strategics takes into account only one news indicator ar a
time and is fully invested unless there is no news in the considered category group
for any of the considered stocks in the considered cumulation period. More than
300 strategies arc analyzed.

The strategics arc based on a naive beauty contest ([Kev36]). Each one of the
available stocks is weighted in the portfolio according to the value of the considered
news indicator. The indicator values under a predetermined small threshold level
are zeroed to avoid the risk to fully invest the portfolio in stocks with an insignificant
news indicator value in periods with very few news pieces. The weights are then
normalized to sum to 1 in absolute value to obtain an unleveraged fully invested
portfolio if enought sentiment is present.

VjeS,vd e {2005/01/01,...,2018/05/31}

7, T > ¢
0, otherwisc

78 .
o= i ST W > 0
> (Wil ;Z::;

| S

0, otherwise

P =

J

where:

S is the sct of available stocks,

7; is the news indicator value for the stock j at day d,
¢ is a small threshold level, equal to 0.05,

W is the pure weight for the stock j at day d,
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and P; is the normailzed weight for the stock 7 in the porfolio at day d.

The obtained portfolio strategics are then evaluated separately for intraday trading
on the open to close and close to next day open time frames. To evaluate the
strategies the considered indicators are the final wealth, the standard deviation,
the skewness, and the kurtosis of the portfolio log-returns. The final log-wealth
of a strategy has been found more informative than the lincar corrclation of the
sentiment with the log-returns. Due to the low signal to noise ratio, sentiment
indicators not significantly corrclated with returns can anyway lead to profitable
portfolio strategies.

The formulas used to calculate the final log-wealth, the standard deviation, the
skewness, third standardized moment, and the zero centred kurtosis, zero centred
fourth standardized moment, of the portfolio strategies are respectively:

X =) PR,
jes
© = nE[X]

o = /Bl(X - E[X])

_ _B|(X - EX)?
U B - Bl

i Bl = EXDY
7 BIX — BIX])Y?

-3

where:

R; is the log-return of the j-th stock.

X is the log-return of the portfolio strategy.

n is the number of obscrvations.

7 is the final log-wealth of the portfolio strategy.

o is the standard deviation of the portfolio strategy.
itz is the skewness of the portfolio strategy.

fiq is the zero centred kurtosis of the portfolio strategy.

In the analysis, the EURO STOXX 50 market index is considered as a reference

benchmark for comparison.

No transaction cost is cvaluated at the moment. In intraday trading transaction
costs can consistently decrecase the profitability of some news based strategics and
also make others unprofitable. The rcported results can be anyway used to evaluate
market entering and exiting strategies in longer horizon strategies.
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4.2. The empirical analysis

The evaluation of the generated portfolio strategies shows interesting results. Many
of the considered category groups are characterized by patterns of profitable strate-
gies. Some category group is characterized by a very limited nuinber of news pieces,
too few to clearly evalnate the strategies under this framework. Some other category
groups show a time-varying profitable pattern. Our analysis is focused on stable and
profitable strategics. Other results are anyway reported. The stable and profitable
strategics show a restricted number of patterns. We observe that news freshness is
not an important parameter for most of the examined cases.

4.2.1. Sell on news volumes

One of the main patterns follows the well known proverbial phrases “No news is
good news”, and “Sell on the news” The related profitable strategy is to sell the
stocks at opening weighting the short portfolio using the volume of news and buying
back at closing time. The pattern shows good profitability for many category groups
and often a weaker reversal effect overnight. The category groups which follow this
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4.2.2. Buy according to news sentiment

Another main pattern trades the stocks on the open to close intraday interval weight-
ing the long-short portfolio using the total sentiment of news. The pattern overnight,
on the close to next opening interval, shows weak profitability underperforming the
market index resembling a weak reversal effect, with some exceptions. The category
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4.2.3. Sell according to news sentiment

The last inain pattern trades the stocks on the open to close intraday interval weight-
ing the long-short portfolio using the opposite of the news total sentiment. The pat-
tern also shows a reversal cffect on the close to the next opening interval, with one
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4.2 The cmpirical analysis

4.2.4. Other candidates

Some other category groups show profitable patterns but too limited news volumes
arc present to implement a fully invested strategy and thus a different benchmark
and methodology should be taken into account to clearly analyze the results. The
indicators showing to be good candidates for profitable strategies also if with a
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limited volume of news arc:

4.3. Further improvements

Many improvements may be added in future researches:

A calibration step could be performed. For each category group the optimal
lookback window, holding horizon, and also minimum sentiment threshold
could be determined.

The sentiment effect may be better modelled by determining an appropriate
exponent for the sentiment value to vary the allocation concentration armong
stocks in the beauty contest, overweighting or underweighting stocks with a
strong or weak sentiment.

The wealth invested in the portfolio could be limited when the total sentiment
is under a given threshold, avoiding fully investing in the portfolio when the
sentiment is ambiguously near to neutral.

A strategy that jointly considers the more profitable category groups correctly
discounting the cross effects could also be considered.



5. Portfolio selection with news

This scction describes a model aimed at augmenting a bascline portfolio sclection
model with the use of news. The model is aimed at calenlating the optimal pro-
portion of asscts to hold for non-satiable risk-averse investors. The models is based
on portfolio sclection theory that developed from the work, between the others, of
Tobin and Markowitz (see [Mar59], [Tob58|, and "TobG5]).

News sentiment effects are reported to affect prices up to two weeks after the an-
nouncement. If the portfolio turnover is partial the reallocation process can anyway
take place on a daily basis and, duc to the low turnover, exploit longer-lasting trends,
for example on a 10 day period.

After having taken into account the peculiaritics of news sentiment data, reported
in the previous chapter, we have identified a group of cumulated news sentiment in-
dicators that are reputed suitable for this kind of analysis. The sentiment indicators
differ by the considered news event category group, but not all the indicators are
suitable for the analysis.

Many of the category groups are not suitable for the analysis because too few news
pieces are present in the considered period. Especially news events category groups
with less than one news piece per quarter are reputed not suitable. Some category
group is also characterized only by neutral sentiment. Category groups characterized
only by neutral news sentiment are not suitable for this model because news volumes
arc not directly taken into account.

5.1. Risk-return optimization

To cstimate the optional proportion of asscts to hold for each investor a criterion to
be maximized is needed. In this work, three different criteria hiave been considered
and arc hercafter reported.

5.1.1. Sharpe Ratio maximization

To inspect the capabilitics of the news indicators to imiprove the portfolio perfor-
mance, tlic idea is to start from a long-ouly fully invested bascline portfolio strategy.
uscd also as a reference benchmark, and to try to enhance it using the information
inferred from the news indicators.

o
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The portfolio weights for the bascline strategy are calculated maximizing the Sharpe
ratio of the portfolio log-returns (see [Sha66] and [Sha94]).

The portfolio log-return X is given by the weighted sum of the stocks’™ log-return
Rj:

X = Z PiRR;
JES
where:
S is the set of available stocks,
P; is the weight of the j-th stock,
R; is the log-return of the j-th stock,

and X is the log-return of the portfolio.

The Sharpe Ratio is calculated as the mean of the portfolio log-return minus the
risk-free rate of return 7.y, divided by the standard deviation of the portfolio log-
return:

E[X] =1y
\/E (X — E[X))?]

The long-only fully invested constraint implies that the sum of the weights must be
cqual to 1:

S P =1
j€S

and that each weight P; must be greater than 0:
P;>0Vvj;€S

The optimal portfolio is thus found scarching for the set of weights P that maximize
the portfolio Sharpe ratio, without violating the long-only fully invested constraint:

E!

— 7'7""

Z PiR;
jES

()

st. S Pj=1,P,>07j€S

JES

11ax
P
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> PR,
J€ES

wlhere:
P is a vector of weights,
and 7y is the risk-free rate of return.



5.1 Risk-return optimization

5.1.2. Second-order Stochastic Dominance

Second-order Stochastic Dominance (SSD) is a different criterion for portfolio weights
optimization given the stock log-return panel (sec [HR69|, [HL69|, [Lev92|, and

[Lev90]). An SSD dominant portfolio is in line with the portfolio choices of any
non-satiable risk-averse investor, regardless of his/her utility function.
Definition: A stock return distribution R; is then said to dominate another stock

return distribution Rj, with respect to Sccond-order Stochastic Dominance, in sim-
bols R; =gsp Ry, if the following inequality holds for every value of u:

/ Fr (t)dt < / Fp, (t) dt

where:
Fg, is the cumulative distribution function of the log-returns for stock j and
Fg, is the cumulative distribution function of the log-returns for stock 4.

The search for the dominant portfolio requires a multi-objective optimization ap-
proach, obtained minimizing the conditional value at risk (CValRl), or expected short-
fall (ES), for every value of a:

CVaR,(X) = % / “VaR,(X)d
A0

where VaR,(X) is the v value at risk of the random variable X.

The value at risk is defined such that the probability of a loss greater than Vall is
7v. Specularly the probability of a loss smaller than VaR is 1 —~. The Val?. of X
correspond to the opposite in sign of y-th quantile in the X log-return distribution:

VaR,(X) = ~F5'(9)

where Fi' is the inverse of the cumulative distribution function of X.

Equivalently the CVaR can be computed as the expected value of X given that X
is less thau the v value at risk of X:

CVaR4(X) = —E[X|X < —VaRu(X)]

Stochastic Dominance is a criterion based on ordering. A return distribution can
dominate another if all the constraints are satisfied, or the ordering can not be
established if the constraints are fulfilled for sonie but not all the valucs of «.

The optimization probleni, considering daily stocks log-returns, reduces to the dis-
crete space. The return distribution panel is assumed to be given by a finitc number
of samples extracted from the more recent history of cach stock. If .V equiprobable
concurrent observations are considered for each stock. ¢ can assuie a finite number
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of values. In detail a can assume values in {n/N |1 < n < N} and if cach stock
return ft; is sorted in ascending order the CVaR can be easily computed as the
opposite of the expected value of the first a * N = n samples:

7 .[?'-,-'
CVaRg =3~ "
i1

where R;.n is the i-th obscrvation in the increasing ordered of return R.

The multi-objective optimization problem of finding the stock weights of the optimal
portfolio can thus be formulated as a minimization problem:

min CVaR, Z,.P]Rj laeZ
jES

st. Y Pp=1,P,>0Vj€eS
jE8
where Z is the sct of values a available in the discrete space.

5.1.3. Enhanced indexation and index dominance

The SSD is a computationally intensive task and sometimes the criterion is con-
sidered too restrictive. An alternative method, optimizing the SSD in respect to a
benchmark, have therefore been developed. In enhanced indexation, the stock mar-
ket index is taken as a reference as an ex-ante optimal allocation portfolio weighting
and thus CValk structure. This limitation reduces the search problem to a specific
minimum dominating the reference index. But this could be considered only one
among any other reference portfolio that could be used, for instance. the portfolio
resulting from the baseline strategy hereafter presented could be used as a reference
for the improved strategy.

The multi objective optimization is solved trying to minimize for the worst ¢, that
is the one with the maximum “n rative” difference between the portfolio conditional
value at risk and the reference benchmark:

ngn min | < CValR, Z PR;| =CVaR,(I) |a € Z
JES

st.Y Pp=1,P;>0Vj€eS

JEB



5.2 The optimizer

where 1 is the reference index log-return distribution.

In the optimization, the long-only fully invested constraint, alrcady presented for
Sharpe Ratio, is maintained.

The optimization problem is convex and can be solved with a lincar programming
model (see [RMZ11)).

5.1.4. Scaled SSD

Sccond-order Stochastic Dominance sometimes is still a too restrictive criterion.
Sometimes a dominant portfolio can not be found or do not exist even for the
second-order, because not all the constraints can be satisfied simultaneously. For
this reason, more relaxed versions of stochastic dominance have been proposed,
other choices can regard for instance Third-order Stochastic Dominance controlling
for the mean, Almost First-order and Almost Sccond-order Stochastic Dominance,
Zecro-order € Stochastic Dominance (sce [BCST17]), or scaled versions of the SSD.

[n this work, we follow the approach of Scaled SSD proposed by [FMRZI11] and
applied in [RMZ11]. In the scaled version the scaled tails, CVaRk considered at the
confidence levels £ with i € {1... N}, arc considered instead of the original CVaR.

i
s
The modified constrained optimization then becomes:

m}in min | Sa |CVaRs |Y_ PiR;| —CVaR,(I)| |a€Z
jes

st. Y Pp=1,P,>0Vj€S

jES

The under-weighting of extreme cvents in the scaled version allows to partially avoid
the problem of non-cludible fat-tails in the return distributions ( stock weight could
be limited in an SSD optimized portfolio because it has just onc very ncgative
outcome in its history, regardless of all other outcomes).

The weights applied to cach valuc of the CVaR arc thus cqual to the considered
parameter ¢, this opcration also cancels out (simplifies) in the algorithm imple-
mentation as it is the inverse operation of the integral mean used to compute the
Expected ShortFall.

5.2. The optimizer

The Sharpe ratio maximization and Sccond-order Stochastic Dominance are per-
formed applying the SUB PLEX algorithmm (see [Row90]), a variation of the Nelder-
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Mecad derivative-free algorithm for convex optimization. The derivative-free algo-
rithim is reputed suitable for optimization because the optimization process con-
sumes only a fraction of the computational time of the whole process, involving
beyond that also multiple principal component analysis and linear regressions. The
constraint, implying that the sum of the portfolio weights has to be equal to 1, is
transformed into a normalization of the weights inside the fitness function, duc to
the lack of support to optimization constraints under SUB PLEX. The solution us-
ing SUB PLEX with weight normalization was tested and resulted to be equal to a
constrained optimization performed using the slower, derivative-free version, of the

algorithm COBYLA.

5.2.1. Dynamical market models

According to [UM16], [CDK12] and [KSLL11], to take into account the dynamic mar-
ket conditions and news effects on the log-returns, the effects are analyzed separately
for sub-periods using a look-back window.

In this work many different rolling windows are present, mainly subdivied into three
steps: the identification and regression of the market common trends, the identifi-
cation and regression of the news principal components, and the optimization of the
portfolio weights through the three optimization criteria considered. For the sake
of simplicity, all the rolling windows have been considered equal and with a length
of 3 years. The 3-year window is in line with the previously reported analysis of
market predictability for the Adaptive Market Hypothesis (see [Lo05]). The results
are then reported starting from 2008 when a rolling window is needed because the
previous period is used for pre-calculations only.

5.3. Factors from Principal Components Analysis

Principal Component Analysis (PCA) is a commnon tool in statistics. The PCA and
Principal Axis Factorization (PAF), one of its main exteusious, are tools able to
extract the main co-moving factors from a set.

The number of factors in a regression affects the out of sample performance. A
growing number of independent factors introduce more and more noisc into the
regression and increase the probability to exploit spurious correlations.

The figure 5.1 clearly shows that the variance of a dependent variable can be casily
cxplained by spurious faciors that have nothing in common and arc not related to
the dependent variable. In the figure random normally distributed variables arc
considered. The corrclation between the variables “in the large numbers” should
theoretically converge to 0, but, in the finite casc. as the ratio between the number
of observations and the nunber of factors approaches to 1, on average the linear
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modecl erroncously explains part of the variance of the dependent variable using the
spurious factors.
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Figure 5.1.: The image shows the average percentage of explained variance by a
lincar model including only spurious factors. The percentage is influenced by the
sample size and the munber of factor used.

As shown by [PPNKO05] and [KPNO7] the ratio between the number of assets and the
number of observations must be small, less than 1, and possibly near to 0 to obtain
a good approximation of the portfolio risk-reward measures, but this is in contrast
with the time-changing dynamical market model. One of the possible solutions is
to reduce the randomness approximating the stock returns by applying the k-fund
separation model. In the market-plus-sectors model, the covariance is fixed and differ
only for assets belonging to the same market scctor. The principal components
represent, the few factors with the highest return variability. The original stock
returns arc then replaced with a lincar combination of the principal components
with significant variability, while the others arc summarized by an crror.

5.3.1. Market common trends

The market conmon trends arc extracted applying the principal component analysis
cross-sectionally on the corrclation matrix of the stocks returns and these coincide
with the first few principal components returned (see [RMFE*07]). The corrclation
matrix of the log-returns is a positive semi-definite matrix and thus its eigenvectors
ordered by cigenvaluce represents the ordered set of principal components. The prin-
cipal componcuts arc computed using the Singular Value Decomposition algorithni
that is numerically more accurate than directly computing the Eigen-deconiposition
on the variance-covariance matrix. In each period, the stocks with more than 2% of
missing values arc removed from the analysis and the remaining missing values arc
set to 0 as those are supposed to be relative to non-trading days and thus the stock
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price did not change. The log-returns are centred and scaled to compensate for the
differences in the log-return distributions between different stocks, and especially for
differences in volatility. The first mn components with the largest eigenvalues, and
thus explained variance, are interpreted as the common trends.

The problem of finding the m orthogonal vectors V; can be equivalently formulated
as the minimization of the representation error given by the mean square distance
between the original data and the back-projection into the original space of the data
projected into the lower dimensional space of m dimensions:

J‘z\,'j _ Rj -k [RJ]
JB R - BB
m |2
II%/iIl E |V, =Y (V. NV, : ,m<n
_ i=1 !
where:

Nj; is the standardized log-return of the j-th stock,

mn is the number of principal components considered,

n is the cardinality of §, number of available stocks,

V; is the i-th ordered eigenvector of the variance-covariance matrix of /V,
Vi; is the weight of the j-th stock for the i-th common trend,

The market common trends can then be reconstructed as:
T
M; = (Vi,R;) = ) Vi;R;
j=1

where M, is the ¢-th common trend.

The value chosen for the number m of market connnon trends used is set to 6. The
ratio between the number of observations and the number of factors (as recognized by
[PPNKO5] and [KPNO07]) have to be strictly greater than 1 and the results improve
for increasing values. The choice has been made keeping in miind the reported
results and also after taking into account the standard deviation explained by the
principal components. Furthermore in literature is often considered a number of
factors between 5% and 10% of the number of stocks.

5.3.2. Cross-sectional news factors
Principal factors regarding the news cumulated sentiment indicators are extracted,

as previously done for market common trends, applying the principal component
analysis cross-sectionally to the standardized news sentinient indicators separately
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for cach news category group. The considered category groups arc those reputed
possibly significant after the news indicator analysis developed in chapter 3.1.3. The
selected category groups are those with on average at least one news piece per stock
each month and with sentiment values significantly different from 0. The principal
components are extracted considering again 3 years of historical data at each step
and moving forward the window at cach portfolio reallocation step.

VeeC,VpelP={30,90}

R E 7]
\/E (7 = E[5))7]

n‘g{i}n E||lx; — Z (WixdyWill |, l<n

where:

x; s the standardized cumulated news sentiment of the j-th stock for a given cate-
gory group ¢ and cumulation period p

[ is the number of principal components considered,

n is the cardinality of §, numnber of available stocks,

Wy is the k-th ordered eigenvector of the variance-covariance matrix of y

Wy; is the weight of the j-th news indicator for the A-th news principal component.

The news principal components can then be reconstructed as:

v = (Wi, x) = > Wijx;

j=1

where v, is the k-th news principal component for the considered category group c.

The principal components arc computed using the Singular Value Decomposition
algorithm that is numerically more accurate. The news indicators arc standardized
to compensate for the different news media coverage of different stocks and some of
the potential news sentiment bias affecting particular stocks.
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The value chosen for the number [ of news principal components characterizing
each category group was set to 2. The choice is made, as previously reported, with
the aim to keep an observations to factors ratio of at least 100 when all factors
are considered together. The choice has been made also after taking into account
the standard deviation explained by the news principal components. Especially
checking that the cigenvalucs relative to the firsts considered principal components
arc strictly larger than 1. Larger cigenvalues represent a larger number of correlated
factors, and principal components summarize their correlated movement. Few large
cigenvalues strictly greater than 1 make the application of the PCA uscful in respect
to the original tinmc scrics.

The factors extracted from the PCA are applied in the following section to enhance
and test two different models.
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5.4. Regression model

The approximation of the stock returns is justified by the A-fund scparation modecl
according to [Ros76] and [Ros78] and here it is used as baseline model. To adjust the
model to consider the news cffects the residual of the bascline model are regressed
on the news principal components.

The two models, the baseline model and the news enhanced model, are aimed at
improving the stability and accuracy of the risk measures applied for portfolio con-
struction and to denoise the stock log-returns keeping only well-established corre-
lations and cxploitable volatility. In the first model, the effect given by market
common trends is evaluated (sce 5.4.1). In the seccond model is added, to the base-
line model, the cffect of news principal components on the bascline model residual,
and the resulting model is evaluated. The aim of this model is to understand if
the news effect is able to improve the quality of the risk measure associated with
the volatility signal, compared to the one generated by market common trends (see
5.4.2).

5.4.1. Baseline reference model

The filtered log-returns are generated, cleaned from what is supposed to be market
noise, regressing separately the log-returns of each stock on the historical data of
the selected market common trends and discarding the residuals.

The regression is defined as:

=1

where:

R; is the log-return of the j-th stock,

M, is the i-th market common trend,

m is the number of common trends considered in the regression,

the 8s arc the cocthicients obtained regressing the stocks log-returns on the market
conmion trends,

and ¢; is the residual crror of the model.

The principal components arc extracted from the cross-sectional historical data con-
sidering a rolling window with a length of 3 ycars (about 750 obscrvations). The
stocks log-returns arc regressed on the first 72 principal components using a rolling
window with a length of 3 vears.

The choice to use a 3-year rolling window is donc after taking into account other
different lengths of 2, 5 and 7 years, and it is in line with the choice to maintain an
observation to factors ratio of at least 100 when also news factors are considered.
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The approximated log-returns arc then given by:

i

ﬁj = ,; + Z /.i(jf\'[,'

i=1

where ﬁj is the approximated log-return for the j-th stock.

5.4.2. News enhanced residual model

In this model the stock returns are regressed on the market common trends as
domne in the baseline model (See 5.4.1). The news factors are computed applying
the principal component analysis cross-sectionally separately for each news category
group. The residuals of the bascline model are regressed on the news principal
compornents:

mn
€5 = Yo + Z”.v‘;ﬂ/i + ¢
i=1
where:
€; is the time series of the residual of the bascline model for the j-th stock,
v; is the selected news category group #-th principal factor,
n is the number of principal factors considered in the regression,
the s are the coefficients obtained regressing the stocks residuals on the news prin-
cipal factors,
vo0; is equal to 0 as OLS modecl residnals arc zero centered by definition,
and ¢; is the residual error of the model.

The composition of the fitted part of the two regressions is used as an approximation
of the returns:

n
Sj=Ri+ 3 v
i=1
where:
ffj is the log-return of the bascline model for the j-th stock,
« is the cffect ratio paramcter balancing the model cffect.
voj is not reported as it should be equal to 0,
S; is the approximated log-return for the j-th stock.

5.5. Discussion of results

In this scction, the possibility to improve a baseline model with the use of news
belonging to relevant predetermined category groups is discussed.
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5.5.1. Empirical results without the news

The bascline model is presented with three different possible optimization criteria
and evaluated as a reference. The model is then augmented with news coming from
selected category groups each one related to a relevant firm-specific event type.

In the baseline model, in line with the A-fund separation model, the original stock
time series are approximated regressing the time series on the market common
trends obtained from the Principal Component Analysis, according to [PPNKO5]
and [KPNO7|. The stock time series cleaned from noise are then used to estimate
optimal portfolio weights using three different risk/reward criteria. The first crite-
rion applied is the Sharpe Ratio optimization (figure 5.3) aimed at cvalnating how
well the return of an asset compensates the investor for the risk taken.
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Figure 5.3.: Plot of the strategy based on the Sharpe Ratio criterion, using a
3 years rolling window and 6 market common trends, in black and the EURO
STOXX 50 market index in green, as reference for comparison, in the considered
period.

The sccond and the third criteria are respectively based on Second-order Stochastic
Dominance (figure 5.4) and its scaled version (figure 5.5). In this framcwork, we
cousider that the optimal portfolio must stochastically dominate (with respect to
SSD or Scaled SSD) a benchmark. According to the Second-order Stochastic Dom-
inance, the Conditional Value at Risk of the portiolio is compared with that of the
benchmark for every considered confidence level. The market index is considered
as refencce benchmark for stochastic dominance, and thus the portfolio optimiza-
tion respect to the market index result in an enhanced indexation if the process is
successful.
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Figure 5.4.: Plot of the strategy based on the Second-order Stochastic Dominance
criterion, using a 3 years rolling window and 6 market common trends, in black
and the EURO STOXX 50 market index in green, as reference for comparison, in
the considered period.

In the scaled version of Second-order Stochastic Dominance, we compare the Con-
ditional Value at Risk of the portfolio and of the benchmark weighted by their
confidence level. Under this assumption niore extreme tail events result to be un-
derweighted, avoiding potentially undesirable situations in which some stocks could
result strongly underweighted due to the presence of few extreme negative outcomes
despite the overall positive performance.

According to figures 5.3, 5.4, 5.5, and table 5.1 the three optimization criteria show
different performances. Two out of three criteria, Sharpe Ratio and SSD, suffer
scvere losses during the European financial crisis (2008) compared to the market
index. Both strategies underperform the market index, seems to be profitable only
starting from 2011, and arc characterized by increased volatility conipared to the
index. The strategy bascd on Second-order Stochastic Dominance produces worse
performance. Counterintuitively, as it should be the most risk-averse, it is also the
strategy with the largest drawdown achieved in the period between 2008 and 2011.
The strategy based on Sharpe Ratio is profitable starting from 2011, up to the end
of 2015, and it clearly outperforms the market index in 2015.

68



5.5 Discussion of results

Ex-Post Log-Weatth
-0.8 -06 -04 -02 00 02 04

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018

Days

Figure 5.5.: Plot of the strategy based on the scaled version of Second-order
Stochastic Dominance criterion, using a 3 ycars rolling window and 6 market
common trends, in black and the EURO STOXX 50 market index in green, as
reference for comparison, in the considered period.

The strategy based on the scaled version of Second-order Stochastic Domniinance is
able to reduce losses during the crisis in 2008 and experience increased gains during
the recovery. The profitable period for this strategy starts in 2009, and similarly to
the others lasts up to the end of 2015. This strategy is the only one outperforming
the market index over the entire period considered, including the crisis in 2008, and
it is characterized by volatility slightly lower than the index.

The three strategies arc charachterized by very different turnover levels (Sec fig-
urcs 5.6, 5.7, 5.8, and table 5.1). The Sharpc Ratio has the lowest turnover of the
three, and its turnover level seems strongly regulated by the length of the lookback
period considered!. The Sharpe Ratio is characterized by just one single risk mea-
sure, the standard deviation, and the resulting turnover is lower in respect to the
other considered strategics basced on stochastic dominance, probably also for this
reason. The strategy alternates periods of very low turnover with periods of moder-
ate turnover. The two stochastic dominance strategies, especially the scaled version,
arc characterized by a higher turnover that could lead to unprofitable strategies due
to transaction costs in real situations, if the daily rebalancing horizon constraint is
not. extended to a longer period?, such for example at least 5 days.
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Figure 5.6.: Plot of the Sharpe Ratio strategy turnover in black, and a 30 days
turnover average in bluc.
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Figure 5.7.: Plot of the Second-order Stochastic Dominance strategy turnover in
black, and a 30 days turnover average in blue.
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Figure 5.8.: Plot of the scaled Sccond-order Stochastic Dominance strategy
turnover in black, and a 30 days turnover average in blue.

The SSD optimization strategy, as the Sharpe Ratio one, alternates periods of very
low turnover with periods of moderate turnover, but the low turnover periods arc
less and the moderate turnover periods stronger. In the scaled version the turnover
is generally higher and seems reduced only in 2008 and in the profitable period of
2013.

Table 5.1.: This table shows the final ex-post log-wealth, returns standard devia-
tion, turnover, and turnover standard deviation for the EURO STOXX 50 Mar-
ket Index and the 3 considered baseline strategies: Sharpe Ratio optimization,
Second-order Stochastic Dominance, and the scaled version of SSD.

Market Index Sharpe Ratio SSD Scaled SSD

Final Log-Wealth -0.246 -0.808 -0.97 0.369
Standard Deviation 0.013 0.015 0.015 0.012
Turnover - 0.071 0.107 0.244
Turnover Std.Dev. - 0.195 0.228 0.281

'We tested several in sample/out of sample windows, considering different lookback periods. num-
ber of market common trends, and rebalancing period for each strategy in search for profitable
strategies. Results show that the PCA increase the portfolio performance. but extra perfor-
mance is reduced when a rebalancing period longer than daily is applied. The results for Sharpe
Ratio show that the lookback period for the mcan drives the strategy profitability and turnover.
Shorter lookback periods. for instance one year, are more profitable while longer ones reduce
the strategy turnover. Results for the Scaled SSD show that longer lookback windows (i.e. of
3 or 4 years) produce more profitable strategies in the long run and show better performances
in periods of crisis.
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5.5.2. Empirical results with news

The news enhanced models try to improve the reconstruction of the denoised signal
regressing the residuals of the baseline model on the firsts principal components of
the news cumulated sentiment time series. The principal components of the news
sentiment indeed may reflect part of the latent factors of the market. Since different
category groups arc considered separately, the news factors are not supposed to cor-
rectly incorporate all the information regarding the market movements. The market
common trends instead are supposed to better reflect the main market movements.
Therefore the common trends are discounted at first, and then the news factors are
evaluated on the residuals.
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The results (see figures 5.9, 5.10, 5.11, 5.12, and tables 5.2, 5.3, 5.4, 5.5, 5.6, 5.7) show
that Second-order Stochastic Dominance and its scaled version seem able to better
exploit the enhancement given by the news, while the optimization of the Sharpe
Ratio produce a more modest enhancement. The reduced improvement for Sharpe
Ratio could be duc to the fact that volatility is the only risk measure considered to
cvaluate the portfolio performance. The baseline model residuals, and consequently
the part fitted by the news. should be relatively small if compared to the total fitted
volatility, and thercfore the cffect on the portfolio sclection could result limited
or irrclevant for scveral categories of news. The stochastic dominance strategics
instead, being able to better exploit the full copula structure of the processed data,
scemis more adequate to exploit the advantages of the latent factors explained by
the news.

The volatility and turnover of the strategies are alniost unaffected by the news
cnhancement, therefore the discussion focuses on the final wealth despite it is not
the only measure considered.

74



5.5 Discussion of results

A consistent portion of the considered category groups shows promising results,
especially for the scaled version of the stochastic dominance. Nevertheless often the
overperformance on the baseline strategy, are concentrated in small periods in which
apparently the selected typology of news has a profitable influence.

The news enhancement scems to have almost no effect for the strategies based on
the SSD criterion in the period between the second half of 2012 and the first half of
2014. A simnilar, less evident, period of strategies poorly affected by news is present
also for scaled SSD in 2013. Some of the most profitable periods for scaled SSD
are the recovery phase in 2009, between the second half of 2010 and the first half
of 2011, and in the first half of 2018. The strategies based on Sharpe Ratio instead
show limited periods of poor enhancement, mainly in the second half of 2008, in the

first half of 2012, and in 2016.

lu the tables 5.2, 5.3, 5.4, 5.5, 5.6, 5.7 the final wealth for cach strategy is reported.
Stratcgies reporting an increase of at least 0.15 are renorted in bold in the tables
and arc considered good candidates.
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A summary of the results for the news enhanced scaled SSD strategy is reported
in table 5.8. In the table, a + is present if the news based strategy increases the
final wealth of the baseline strategy of at least 0.15, and a bold 4+ is present if
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the increase is of at least 0.25. Symmetrically a - and a bold - arc present if the
final wealth decrease is respectively at least 0.15 and 0.25. The results show that

5.6. Further improvements

The proposcd models are attractive and produce interesting performances, never-
theless, many improvements arc known and could be applied to improve the perfor-
mances of the modecls.

5.6.1. PCA refinement

One of the main tools, other than PCA, in the field of Exploratory Factor Analysis
(EFA), is the Principal Axis Factorization (PAF). Replacing the PCA with PAF may
improve the performance of the models because the PAF iteratively tries to improve
the dircetion of the principal componeuts returned by the PCA taking into account
the percentage of variance explained by the principal components considered.

[OT15] propose and compares a wide set of different correlation measures that may
be applicd instead of the classical Pearson’s lincar corrclation. The authors define a
w-corrclation measure as the Pearson’s lincar correlation between a monotonic func-
tion of the original values. preserving some properties. A -correlation measure may
be obtained mapping the quantile of the returns empirical distributions, considerced
on a long period, on these of a normal distribution.

To reduce noise in the original returns and better fit possible lead-lag effects, tempo-
ral sinoothing may be applied to the original time series. Extreme returns outcones
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may be considered as outliers or underweighted to improve the results, as these arc
considered to ill-condition the PCA and to introduce noise in the process.

5.6.2. Hyperparameters optimization

The considered model employs at least 5 different lookback windows: One to cvalu-
ate the market principal components. one in the market common trends regression,
onc to cvaluate the news principal components, onc in the news regression, and
one to evaluate the portfolio optimization criteria. For the sake of simplicity, all
these lookback windows are kept equal to each other. The possibility to inspect the
optimal length of these windows may be of interest.

Moreover, also the optimal number of market common trends and of news factors to
apply in the regression could be scen as a hyperparameter to further improve. The
optimal number of news factors could also differ between category groups because
different news categorics could vehiculate a different amount of information.

Another possible hyperparamcter that may be taken into account to improve the
modcl performance is a positive or negative temporal lag on the cffect of the news.
The lag could be useful because news cumulation alone could not be enough to reflect
the discrepancy between news publication and effects. The effect could anticipate
the news due for example to information leakages. or the news could be discounted
later, for example at earning announcements. The cumulation process could be
enhanced by exploiting a Gaussian smoothing, on the entire cumulation window
or just on the windows hedges, instecad of an cqually weighted vanilla cumulation.
Information about the news ceffect temporal lag could be extracted by analyzing a
lagged version of the naive beauty context developed in section 4.1, where the final
wealth at each temporal lag may signal the presence of the news effect, and then
the sequence of positive and negative lags where the effect is present may define the
cumulation window. The cumulation window extracted in this way could also be
dynamic, exploiting a rolling lookback window as previously done for the market
common trends. Due to a possible ripple cffect generated by the news on the stock
returns the possibility to consider the residuals in absolute value for the regression
and then to report the original sign should also be considered.

5.6.3. Mix of news factors

Once detected the category groups of interest for the model, the most correct way
to mix them may be analyzed. Since the news has to be regressed on the bascline
model residual as factors, mixing them up could not be casv. One possibility may
be to use a weighted sum of different news category groups from the beginning
before to compute the news principal components. Another possibility may be to
select the optimal composition of factors to use in the regression. Due to the curse
of dimensionality, as many category groups are present and because the optimal
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number of factors should be tested for cach combination, to find the optimal solution
could be computationally costly and time-consuming. The best way to search for
this kind of solution could be an incremental process. where new factors are added
one a time to the best solution found.

Another issue that could be taken into account is that category groups seemns to
affect return in particular periods. maybe in response to external macro-cconomic
cevents or market conditions, and that probably some market scctor may be more
affected than others. For instance, negative outcomes of the principal factors for

5.6.4. Regression regularization

The regression of the returns on the market common trends, and of the residuals
on the news principal components is subject to the random effects of noise and spu-
rious factors regression (sce figure 5.1). Many authors have focuses their studics
on the possibility to reduce these effects through regularization techniques. Some
of the more common regularization techniques include Lasso and Ridge regressions,
respectively L, and L, regression weights normalizations, ElasticNet regularization
that linearly combine the two previous methods, and Stepwise regression, a model
selection technique based on the Akaike Information Criteria (AlC). Some prelim-
inary studies have been conducted in this work using the Stepwise regression but
the computational complexity of the model sclection makes the regression highly
time-consuming.

5.6.5. Scenario generation

Prcliminary results show that the considered source of news sentiment and its prin-
cipal components do not seens to be a profitable state driver for scenario generation.
This result could be due to a miss-specification of the risk scenario, given by the
reioval of one side of the supposed swinging market structurc (i.c. bear and bull
market structure) from the distributions, while SSD and its variants may neced to
exploit, the whole sample. Anyway. the capabilitics of more specific and possibly
scctor-specific news indicators have still to be analyzed.

5.6.6. Transaction costs and turnover optimization

The portfolio strategy obtained scems to clearly outperforni, in terms of returns, the
market index in the considered period. Anyway no information about transactional
costs, liquidity probleins, or market moving against the trades is available in the
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database or is considered in the results at a first stage. Some theorctical studics
have shown that imposing liquidity constraints, limiting the availability of each
stock by a fraction of the recent average stock trading volume, the performance
of portfolio strategy, especially news-based portfolio strategy ([HLGC*19]), could
suffer a sensible decrease in performance when the invested capital exceeds 10 million
dollars and approaches 1 billion dollars.

5.6.7. Different turnover models

A more reliable portfolio strategy need to lower turnover in search of minimiz-
ing transaction costs. Different enhancements could be considered, stabilizing the
portfolio weights through time, limiting the turnover ratio, or just choosing to not
rcbalance up to a predetermined calendar date.

Prcliminary results show that with a rebalancing period of 5 days, turnover and
therefore, at least a part of, transaction costs are reduced, but the over-performance
given by the market common trends seems to be reduced and less effective in respect
to the original signal. The over-performance of market common trends on returns
different from daily returns instead has still to be investigated. The analysis of
returns different from daily may be of interest because these could result appropriate
for rebalancing periods longer than daily.

Initially, the portfolio weights solving the optimization problem and used to allocate
a portfolio were kept fix for a predefined period of time. The considered periods were
7 and 30 days. After that period, portfolio rebalancing was allowed, and the rolling
window moved ahcad. The choice to rebalance the portfolio only cvery 7 or 30 days
were taken to reduce the transactional costs that in an active portfolio strategy
could turn a profitable strategy into cousistent losses.

Despite the possible increase in transaction costs due to a higher turnover, in this
work we opted for a daily rebalance, allowing a more in-depth study of the portfolio
turnover performance, and leading to a miore conspicuous sample size to better
cvaluate portfolio performance. Thus cach day the rolling window is npdated and
the portfolio rehalance is allowed, but only for stocks making a price on that day.
Stocks without a pricc arc considered in a non-tradable state and the positions arc
kept fixed.

5.6.8. News enhanced forecast model

A different model has also been preliminarily evaluated but kept aside in this work,
and hercafter bricfly reported, cspecially duce to issucs in the exact and complete
portfolio components covariance estimation.

To enhance the baseline portfolio strategy. a set of “views™ was generated fron the
cumulated news indicators previously described. The model, also if very different
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from Black-Litterman, shares with it some similaritics in terms of processing views.
A view is a statement on the market. the Black-Litterman model considers views on
expected returns. In Black-Litterinan, views are expressed as norinal distributions
where mean and variance respectively quantify the views and the uncertainty and
the posterior distribution is computed using the Bayes’ formula.

The views generated nsing the news cumulated indicators instead do not quantify
the expected returns of a stock but the excess return and volatility against the
bascline strategy. The forecast of the return distribution was extracted from the
residuals of the market common trends regression. Such kinds of views are more
easily extracted from the data and applied to the strategy, due to the nature of
the model. The equivalent of the posterior distribution in the Black-Litterman can
thus be easily computed adding the forecast of the excess return and variance to the
expected return and variance of the generated scenarios and then used to compute
the Sharpe Ratio as done in the bascline strategy. The excess variance can be
casily added to the generated scenario variance, but the calculation of its covariance
term results computationally hard, and two possibilities have been hypothesized:
the computation of the full variance-covariance matrix of the forecast, or the re-
estimation of the forecast for the current portfolio composition at each iteration
step in the portfolio weights optimization. The views on volatility may also be
applied as an innovation term on the actual volatility level in GARCH like models.

Nevertheless, the application of views in a stochastic dominance framework remains
a problem and needs further rescarch. The reason is that, as stochastic dominance is
able to exploit the latent information hidden in the copula of the multivariate returns
distribution, the way in which a view has to be applied to cach onc of the samples
in the return distribution remain undefined. We named the transformation of the
inputs, the prior returns distribution and the view, into the output, the posterior
return distribution, the “transfer function” in line with the transfer function used in
statistical time series analysis, a mathematical relationship between the numerical
input to a dynamic system and the resulting output. The most simple transfer func-
tion for views on cxcess returns is a distribution shift proportional to the strength of
the views, obtained by adding a fraction of the view strength value to cach sample
composing the distribution. In the case of views on volatility, a simple transfer func-
tion could be a stretch of the distribution proportional to the strength of the view,
obtained by multiplying cach sample in the distribution by a value proportional to
the strength of the view, while keeping the mean fixed. Anyway, there is no guar-
antee, especially for views on volatility. that these transfer functions are suitable for
the problem and thus generate consistent results. The view cffects on the copula
structurc may be unpredictable, because. for examiple, the view may try to statisti-
cally predict the presence of events in the near future that have no correspondence
in the historical time scrics. such as in extrene sentinient sitnations or when the
scntiment is out of the historical range, and thercfore a suitable and cxact transfer
function may even not exist. Anyway. also when a suitable transfer function is not
identified, these views could be exploited in a portfolio optimization framework for
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tactical assct allocation tilting, overweighting or underweighting stocks according to
views, or also for stocks pre-filtering before the portfolio optimization.






6. Conclusion

6.1. Pre-opening news portfolio selection

The fourth chapter of this work analyzed the effects on the Euro Stoxx 50 market
index components of pre-opening news indicators. The pre-opening indicators arc
calculated as 4 hours pre-opening cumulated firm-specific news sentiment or vol-
uine. The indicators have shown interesting performances when applied in portfolio
strategies. The news event taxonomy resulted to play a central role for the strategies.
The news freshness instead seems to do not be highly relevant for the pre-opening
intraday strategies, except for few specific situations. Three main patterns emerge
from the data. The first pattern is related to well know proverbial phrases (i.c. *No
news is good news” and “Sell on the news”), covers the largest group of category
groups and is basced on sclling stocks with a large volume of news. Generally, this

The sccond pattern allocates the portfolio accord-
ing to the total cumulated news sentiment. buying stocks with positive sentiment
and selling the ones with negative sentiment.

The third pattern allocates the portfolio according
to the inverse of total cumulated news sentiment, sclling stocks with positive senti-
ment and buying the ones with negative sentiment.

The analysis shows clear profitability for many strategics related to the data. The
strategics characterized by overnight continuation cffect, or at least not character-
ized by a strong reversal effect, may be good candidates for longer horizon holding
periods

6.2. Portfolio selection with news

The fifth chapter of this work analvzed portfolio strategies enhanced by the news and
bascd on three different optiniization criteria. Once again the results are cvaluated
on the components of the Euro Stoxx 50 market index, and the index is taken as
reference. The strategies rely on a baseline model in which returns are regressed on
market common trends extracted applying the principal component analysis. The
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news cnhanced strategies arc then obtained regressing the residuals of the bascline
nodel on the news principal components extracted from each news category group
separately.

The results for the bascline strategics shows that the Scaled Second-order Stochastic
Dominance is the best performing optimization criteria on the considered period,
including the 2008-2009 financial crisis. The strategy obtained with the Scaled
SSD criterion outperforms the market index in terms of final wealth and volatility.
The Sharpe Ratio and Second-order Stochastic Dominance strategies instead suffer
severe losses during the 2008-2009 financial crisis and do not revert to profitability
until 2011. Both the strategics underperform the market index in terms of final
wealth and volatility. The Sharpe Ratio strategy is characterized by a period of high
profitability in 2015. The SSD instead is, counterintuitively, the strategy achicving
the largest drawdown. The Sharpe Ratio strategy is the one with the lower turnover,
while the stochastic dominance strategies achieve more than two and three times its
turnover level, with the Scaled SSD strategy reaching the higher turnover level.

The news enhancement cffect result to be limited when the Sharpe Ratio criterion is
applied, while better results are achieved applying the stochastic dominance criteria.
Volatility and turnover resulted to be almost unaffected by the news enhancement.
The results have then been mainly evaluated on the final wealth achieved by the
strategies. The news enhancement resulted to be positive in general, with many
strategies outperforming the baseline model final wealth. The analysis has shown
that profitability tends to concentrate in small periods making the results of the
strategy more chaotic and difficult to validate. Some of the news category groups
shown promising results for both the stochastic dominance criteria using the same
weighting and cumulation period. The news freshness resulted to be an important
factor to consider, producing profitable strategies especially over short cumulation
periods. Fresh news daily and weekly cumulated indicators resulted to be the best
candidates for profitable strategies based on category groups, also if profitable strate-
gies are present also for longer cuimulation periods, as quarterly cuinulation.
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A. Firms, prices, investors, and news

This chapter describes real cvents reported by news media that can affect mar-
ket prices and thus portfolio management. The information hercafter reported is
mainly extracted from the database used that is better described in chapter 3. The

in the database. Some other contributions have been added by the author, and are
relative to his own analysis of the markets or of its contingency in the last years.

A.1. The real-world economy

A.1.1. The value generation process
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A.1.2. The firms’ interconnection
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A.2 Performance cvaluation

A.2. Performance evaluation

A.2.1. Fundamental indicators
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A.2.2. Perspectival views and ratings

The analyst’s estimation techniques nowadays are so cvolved that in some scctors
satellite imagery and acrial photography are used to make automated cstimates
(see [DA20]). For instance studics on the analysis of car parking occupancy exist
for retailer’s revenues estimates. Other studies have shown that nighttime lights
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arc good nowcasters for GDP growth, cspecially in cmerging markets, and that
tracking industrial activity proxied by the earth’s surface reflectance can help in
nowcasting PMI manufacturing indexes. Other estimation techniques include, but
are not limited to, GPS (global positioning system) location, mobile phone location,
taxi ride tracking, corporate jet location, readership of financial sources, search
engine data, consumer transaction data, and consumer reccipts data. For instance.
GPS and AIS data can be used to monitor vessel traffic to understand flows of
crude oil, while mobile phone location and consumer transaction data can be used
to understand retail sales activitv.

Economic shocks can be produced by unpredicted events. One reason for these
shocks could be that these events break plans and suddenly change perspectival
views. Firms, which have to carry out mid and long-term business plans, incur
costs to change their plans in progress and lose their planning advantage due to
having relied on perspectival visions that have not been realized correctly when the
uncertainty was removed.

A.3. Equity market

A.3.1. Ownership structure
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A.3.2. Market players and the news

The order flow is sent to the market by investors, the market players. As high-
lighted by the Adaptive Market Hypothesis different kinds of investors exist and
populate the market. Investors can be subdivided into retail and institutional. Re-
tail investors are non-professional individuals, while the term institutional refers
to different entitics, such as pension funds, banks, market makers, hedge funds,
insurance companics, and mutual funds.

Buy and scll orders received by the market platform reflects the investor’s moncy
flow. Investors allocate their money according to their beliefs. The investor’s beliefs.
except for noise traders, are supposcd to be fed by the information flow, which should
be based on real-world events. The investors get in touch with real events through
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the news, which is vchiculated by news media. The news, which is not always
trusty, may also contain a certain level of uncertainty and may be transmitted with a
consistent lag. Each one of the aspects regarding firms previously described
in this chapter is a real-world event that can be conveyed through the
news. Somnie of the reported events have a small impact on the stock prices, others
have a big onc.
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always provide fully symmetric information. Financial products that are sponsored
through a marketing process have to pay a cost on the risk premium trade-off.
The marketing costs arisen from the sponsorship process has different origins. The
costs have to be sustained by the targeted buyer investors. also for the unsuccessful
part of the sponsorship. The costs represent a disadvantaee also on short-sclling
products that arc normally not sponsored by financial intermediaries becanse it
could raisc regulatory concerns. The costs are given by the sharing of the rewards
on the risk premium with the marketing agency customer becaunse the allocation
is not optimized to maximize the investor’s portfolio but the one in which agencey-
client profit is maximized. The marketing process consumes resources, initially 1o
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cxplain to customers what is a product and what is it for, but then it tries to push
customers to buy products not optimal for the customer but for the marginal profit
optimization of the marketing itself (For example starting a marketing competition,
a “war”, between firms placing products on the samne market). The marketing
process could, in sonie extreme circumstances, also try to corrupt the news flow, in
the attempt to drive the investors to the appropriate choices for its purposces. as by
buying publication space on news media and inserting latent marketing messages
in apparcntly unrclated information-carrying news picces. While marketing often
claims to sclf-regulate, in many cases, it docs not scem to be happening.

According to bchavioural finance investors, cspecially non-professional retail in-
vestors could be affected by biases, such as anchoring or availability, and marketing
could casily exploit these incfficiencies. The availability bias could be exploited be-
cause the stocks proposed by a financial intermediary, a financial promoter, or by
stock picking news are already present in the mental neighbourhood of the investor
and thus could have an increased probability to be bought. The anchoring bias
could then be exploited because, as the stock has already been bought, the investor
could follow believing that his investment is a good investment, it can rely on it, do
not have to be changed, and maybe that new investments can be made in the same
stocks.

More sophisticated investors could modify their beliefs, and choices. also taking into
account news regarding firms sustainability, environmental pollution and corporate
responsibility. Also at a regulatory level, the Linvironmental, Social and corporate
Governance (ESG) investments arc taking place as a social need, that should be
pursucd by investors, especially institutional investors.
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B. Additional exhibits

B.1. Statistics for pre-opening news indicators

Table B.1.: This table shows the statistics of 4 hours pre-opening cumulated news
sentiment.
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Table B.2.: This table shows the statistics for 4 hours pre-opening cumulated fresh
news sentiment.
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B.1 Statistics for pre-opening news indicators

Table B.3.: This tablc shows the statistics for 4 hours pre-opening cumulated news
volumes.

103



Appendix B Additional exhibits

Table B.4.: This table shows the statistics for 4 hours pre-opening cumulated fresh
news volumes.
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B.2. Statistics for cumulated news indicators

Table B.5.: This table shows the statistics for monthly cumulated news sentiment.
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Table B.6.: This table shows the statistics for monthly cumulated fresh news sen-
timent.
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Table B.7.: This table shows the statistics for quarterly cumulated news sentiment.
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Table B.8.: This table shows the statistics for quarterly cumulated fresh news sen-
timent.
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Table B.9.: This table shows the statistics for weekly cumulated news sentiment.
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Table B.10.: This table shows the statistics for weekly cumulated fresh news sen-
timent.
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