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Figure 10.3. Bidirectional LSTM

10.4.6 Gated Recurrent Units (GRU)

The GRU was introduced by Cho (Cho et al., 2014) to simplify the LSTM. There is no
more hidden layer. The output layer depends on an update gate U, and a reset gate 7;.

The update gate U, and the reset gate 1, are updated with a sigmoid function o

uy = o(by + Uyx, + W,y,)
= G(br + Upx + M'/;’yt)

The output layer y; is then updated as follows:

Ver1 = U Oy + (A —u) Qo +U x,+Wr, O y.)

Updating and resetting to a new value is determined in a single equation and bypasses
a memory cell and a hidden layer.

10.4.7 ELMo (Embeddings from Language Models)

In traditional word embedding, a word can have only one meaning. ELMo, proposed
in 2018 by the Allen Al Institute and the University of Washington (Peters et al., 2018),
improves on traditional static word embeddings such as GloVe by using the context of
word usage. It constructs a vector representation of words based on the parameters of
a bidirectional LTSM model trained on a large text corpus. The representation depends
on the whole sentence in which the word appears. These are contextualized
representations since they rely on the context of the word.

The parameters are from all the layers of the biLSTMs and not only from the last layer.
The parameters from the upper layers help understand the context, while the
parameters from the lower layers help to understand the syntax.

ELMo can be integrated to improve NLP tasks. The biLSTM model is run on the text,
and the ELMo representations and the status word representations are both fed into
the supervised NLP tasks. ELMo improves the performance of many tasks, such as
question answering, text entailment, semantic role labeling, or coreference resolution.
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are significantly improving the model performance, and it achieves state-of-the-art
results on GLUE, RACE, and SQuAD.

10.4.8.6 XLNet

XILNet (Dai et al.,, 2019) is an improvement of the BERT model from Google and
Stanford University. It uses a Transformer architecture but uses an auto-regressive
approach without masking. It performs token permutations to feed into the encoder
layer and tries to predict each token. XI.Net also includes ideas from Transformer-XL,
such as the relative positional encoding scheme and the segment recurrence mechanism
into pretraining. XI.Net performs better than BERT on many NLP tasks, including
question answering, natural language inference, sentiment analysis, and document
ranking,

10.4.8.7 ELECTRA

The ELECTRA (Clark et al., 2020) model proposes to use an alternative to masking,
which is more sample-efficient than in BERT. It replaces tokens randomly with
alternatives generated by a neural network, and the task is to detect these replacements.
ELECTRA outperforms BERT on the GLUE benchmark when both run with the
same model size, data, and computation. It also outperforms XLNet and ROBERT2
with the same amount of computing.

10.4.8.87T5

T5 (Raffel et al,, 2020) is a unified framework for language modeling based on the
original transformer architecture with very few changes. It is framed as a text-to-text
problem. They use a new cleaned-up data set, the “Colossal Clean Crawled Corpus"
and achieve state-of-the-art results on many NLP benchmark tasks such as
summarization and question-answering text classification. The T5 needs to be fine-
tuned by changing all the pre-trained weights.

10.4.8.9 GPT-3 (Generative Pre-Training)

GPT-3 (Brown et al., 2020) is a language model that can be used for many downstream
tasks, such as question answering, text completion, text generation, and neural machine
translation. GPT-3 is the third generation of the Generative Pre-Training (GPT) model
(Radford et al., 2018). GPT-3 is described in Figure 10.10 below.

The original GPT model is pre-trained on a large corpus of text using unsupervised
learning and transformers. Fach layer of the GPT model is a transformer decoder
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10.5 NLP and Sentiment Analysis

10.5.1 Sentiment Analysis

Sentiment analysis measured by text is a subfield of Natural Language Processing
(NLP), a subfield of Al and machine learning. Applied to investing, Al can telate
sentiment indicators to investment performance. A working hypothesis is that positive
(negative) sentiment in news and financial reports should be associated with future
relative positive (negative) stock returns as long as the sentiment is measured correctly
and adapted to the financial domain. Another hypothesis is that extreme positive
sentiment could lead to reversal, either on the downside when investors are too
optimistic or on the upside when they are too pessimistic.

Al-based sentiment analysis systems need to understand the context of some opinions
and be robust to the way an opinion is expressed. Ideally, these systems should work
across different modalities (text, voice, image, and video) and remain consistent. A
CEO who publishes a positive annual report and delivers a positive earnings outlook
in a conference call with Wall Street analysts should lead to the same positive sentiment
measure.

Sentiment analysis can also be more detailed beyond just being positive ot negative.
For instance, an Al should be able to tell that a firm is more positive about its prospects
in one region compated to another one (e.g., United States vs. Europe or Asia) or in
one market segment relative to another one (e.g., electric vehicles vs. internal
combustion engine vehicles).

Sentiment analysis can also be applied to alternative data (Chapter 12), such as
originating from social media (X formerly Twitter, Facebook, LinkedIn), blogs, online
forums, and discussion boards such as Reddit, and product reviews published in news
media or generated by individual consumers. Customer reviews and feedback, for
instance, can be seen on e-commerce websites such as Amazon and YouTube videos
published by private individuals or social media influencers.

In the context of finance, (Loughran and McDonald, 2011) explore the use of textual
analysis to measure the tone of corporate 10-K reports in finance and accounting
research. They examine the effectiveness of word lists, mainly the Harvard Dictionary,
in classifying words as negative in financial contexts. They find that a significant portion
of words identified as negative by the Harvard Dictionary are not considered negative
in financial contexts, leading to misclassifications and noise in tone measurement. They
create an alternative list of negative financial words and five other word lists (positive,
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uncertainty, litigious, strong modal, and weak modal words) that better reflect the tone
of the financial text. They link these word lists to various financial variables such as
returns, trading volume, volatility, fraud, material weakness, and unexpected earnings
and show that the word lists reveal significant relations with various financial variables
and are explored in different contexts bevond 10-K reports.

(Mishev et al., 2020) show that contextual embeddings provided by NLP transformers
outperform lexicons and fixed encoders, even when working with limited datasets.
Additionally, they find that distilled versions of NLP transformers are suitable for
production environments, offering comparable results to their larger teacher models.

10.5.2 Market-Level Sentiment Analysis

In a very influential article, (Baker and Wurgler, 20006) study investor sentiment and the
cross-section of stock returns and provide some evidence of the effect of sentiment,
especially on newer, smaller, unprofitable, high-growth, and more volatile stocks with
data from the CRSP-Compustat database covering 1962 to 2001. They identify periods
of high sentiment in the 60s, 70s, 80s, and the dot com boom in the late 90s and track
the performance of stocks with characteristics related to firm size and age, profitability,
dividends, asset tangibility, and growth opportunities and distress. The most difficult
stocks to value are also the ones that are most sensitive to sentiment.

They measure aggregate sentiment with a composite index that covers the closed-end
fund discount (difference between the Net Asset Values of the assets in the fund and
its market price), NYSE share turnover, the number and average first-day returns on
IPOs, the equity shate in new issues, and the dividend premium (log difference of the
average market-to-book ratios of dividend payers and non-payers). The indicators are
orthogonalized to the business cycle (regressed by business cycle indicators are replaced
by their residuals) so that the sentiment index captures pure sentiment only.

They examine the effect of the aggregate sentiment index on the subsequent annual
stock returns using sorting and regression analysis. They find that sentiment is high,
stocks that are hard to value and unattractive to arbitrageurs (younger stocks, small
stocks, unprofitable stocks, non-dividend paying stocks, high volatility stocks, extreme
growth stocks, and distressed stocks) tend to underperform. This pattern attenuates or
reverses when sentiment is low. The overvaluation effect during high sentiment periods
is more pronounced at the extreme of the cross-sectional distribution.

How about textual information? (Tetlock, 2007) examines the relationship between
financial news content, particularly in the Wall Street Journal's “Abreast of the Market”
column, and daily stock market activity. He uses the General Inquirer, a computer-
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assisted approach for content analyses of textual data, to analyze the content and
identifies a pessimism factor in media reports, which is strongly related to negative
words. He finds evidence that the media's pessimism can predict movements in stock
market indicators. High levels of media pessimism are associated with downward
pressure on market prices, followed by a return to fundamentals. Unusually high or low
values of media pessimism forecast high market trading volume. Low market returns
lead to high media pessimism. These findings suggest that media content serves as a
proxy for investor sentiment and non-informational trading.

(Jiang et al., 2019) explore the role of manager sentiment, but based on the aggregated
textual tone of corporate financial disclosures, in predicting futute stock market
returns. They construct a manager sentiment index and find that manager sentiment is
a strong negative predictor of future stock market returns. Specifically, the manager
sentiment index is negatively correlated with future stock returns, and a one-standard-
deviation increase in manager sentiment is associated with a decrease in expected excess
market returns for the next month. This predictive power remains robust even when
compared to other macroeconomic predictors.

Instead of corporate financial disclosures, (Thorsrud, 2020) constructs a daily business
cycle index that provides timely and informative insights into economic conditions
using economic news data from Norway from 1988 to 2014. The author combines
traditional economic data with textual information from a daily business newspaper,
aiming to offer a more nuanced understanding of why the index changes over time.
The author uses a daily business newspaper as a primary data source. The newspaper's
content is processed and decomposed into time seties, representing various news topics
using a Latent Dirichlet Allocation (I.LDA) model. This allows the author to capture the
themes and topics prevalent in the newspaper's coverage over time. The daily business
cycle index is estimated using a Bayesian time-varying Dynamic Factor Model (DFM)
that combines observed daily and quarterly economic data. The model enforces
dynamic sparsity on the factor loadings, allowing for a more flexible and robust
representation of the business cycle. The newly constructed index, known as the Newsy
Coincident Index (NCI), outperforms traditional business cycle indicators in terms of
timeliness and accuracy. It also provides valuable insights into the specific news topics
that influence changes in the business cycle index.

(van Binsbergen et al,, 2022a) construct a 170-year-long time series measure of
economic sentiment at both the national and state levels using text data from 13,000
US local newspapers comprising about 1 billion atticles. They employ state-of-the-art
machine learning methods to create this extensive dataset, providing an expanded
perspective on economic sentiment in both the time series (covering over a century)
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and the cross-section. To measure economic sentiment, they customize a state-of-the-
art machine learning technique. This approach generates a continuous measure of
sentiment for each word and phrase in the dictionary, allowing for nuanced sentiment
analysis. The economic sentiment measure exhibits strong predictive power for various
economic fundamentals, including GDP growth, consumption, and employment
growth. It even leads consensus GDP forecasts, indicating its relevance for forecasting.
The predictive power of their measure primarily stems from forward-looking sentiment
related to future economic events. The economic sentiment measure mainly operates
through the labor channel, affecting employment, consumption, and setvices tather
than the capital channel. It does not predict inflation.

Traditional news is now complemented by social media news, with more people
consuming news on social media platforms such as Facebook, Instagram, Twitter (now
X), or TikTok. (Azar and Lo, 2016) discuss the use of social media data, particulatly
tweets related to the Federal Reserve (FOMC) meetings, in predicting asset prices and
constructing trading strategies. Traditional methods for measuring investor sentiment
have limitations, and social media provides a new data source. The study uses natural
language processing to assign polarity scores to tweets and analyzes their impact on
asset returns. They find that tweets related to the Federal Reserve can predict returns
of the CRSP Value-Weighted Index, even when considering tweets published at least
24 houts before FOMC meetings. Trading strategies based on Twitter sentiment can
outperform passive buy-and-hold strategies as well as a comparable dynamic asset
allocation strategy that does not use Twitter information. Data was collected from 2007
to 2014, and the analysis suggests that tweets contain valuable information for asset
pricing during that period. The study explores various regression models to predict
asset returns, showing that T'witter sentiment is particulatly influential on days when
the FOMC meets. The study discusses investment strategies based on the Kelly
Criterion, demonstrating that portfolios using T'witter data can outperform benchmark
portfolios, especially with higher leverage. The results suggest that tweets can be a
valuable source of information for investors, even when considering the limitations of
social media data.

10.5.3 Firm-Level Sentiment Analysis

10-K annual reports are critical to disclose financial and corporate information about
public companies to the investment community. How are they evolving over time?
(Dyer et al,, 2017) investigate trends in the textual content of these reports filed by
companies from 1996 to 2013. They analyze various aspects of 10-K disclosures, such
as length, readability, boilerplate language, redundancy, specificity, and the prevalence
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of hard information. They use a natural language processing technique called Latent
Dirichlet Allocation (LDA) to understand the changing content of these reports and
identify underlying topics. The study documents several trends in the textual
characteristics of 10-K disclosures over the examined period. These trends include an
increase in the length of 10-Ks, greater use of boilerplate language, increased
redundancy, reduced readability, lower specificity, and a decreased proportion of hard
information in the reports.

How does context influence the informativeness of earnings figures, and do financial
analysts incorporate contextual information in their forecasts? (Kim and Nikolaev,
2023) aim to answer these questions. They utilize deep learning techniques, including
BERT, to quantify the textual context related to disclosed earnings in a comprehensive
dataset spanning from 1995 to 2021. They create different models to assess the impact
of narrative context on interpreting financial data, including models that use only
numeric inputs, only contextual inputs, and models that allow context to influence
numeric interpretation. They find accounting information and contextual information
is similatly informative when used independently. Combining both numeric and
contextual inputs significantly improves the accuracy of predictions about future
earnings changes, cash flows, and stock returns.

There is a noticeable increasing trend in the importance of context for interpreting
accounting numbers over time. Analysts' forecast revisions are influenced by the
earnings context disclosed in MD&A statements. Earnings context helps identify
heterogeneity in earnings persistence, which is an indicator of earnings quality.

The SEC Form 8-K filings contain textual information about significant corporate
events and activities, making them valuable for predicting stock returns and other
financial insights. (Han et al., 2022b) use them to forecast stock excess returns through
machine learning techniques. They model the stock excess return forecasting as an
imbalanced multiclass classification problem. They use daily excess returns as the target
variable and discretize them into three classes. This approach addresses the imbalanced
nature of the problem, where one class has significantly more observations than others.
A multiclass Support Vector Machines (SVM) model is used for stock excess return
forecasting. This model outperforms other machine learning and deep learning
methods, demonstrating its efficiency and reliability. The study compares different text
vectorization models, including Bidirectional Encoder Representations from
Transformers (BERT), term frequency-inverse document frequency (tf — idf), and
Bag-of-words BoW). tf — idf vectotization is found to outperform BERT in stock
excess return forecasting.
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Are pre-existing sentiment dictionaries impozrtant to analyze financial documents? (Ke
et al., 2020) propose a novel model-based approach to sentiment analysis without
relying on them. The proposed approach, called SESTM (Sentiment Extraction via
Screening and Topic Modeling), consists of three main steps:

¢ Screening for Sentiment-Charged Words: The method identifies words that
catty sentiment information by calculating how frequently they co-occur with
positive returns in financial news articles.

¢ Learning Sentiment Topics: After identifying sentiment-charged words, the
model estimates the positive and negative sentiment topics using a supervised
learning approach based on the relationship between word frequencies and
stock returns.

e Scoring New Articles: Finally, the method allows for the estimation of
sentiment scores for new articles by maximizing the likelihood of the observed
word frequencies and returns, with a penalty term to account for the limited
data and low signal-to-noise ratio.

The advantages of SESTM include its simplicity, minimal computing power
requirements, and the ability to create a sentiment scoring model customized for
specific data contexts. The study presents empirical analyses demonstrating the model's
predictive capacity in the finance domain and its superiority over existing sentiment
analysis methods such as the LM model (Loughran McDonald model), the commercial
solution called Ravenpack, and power words (Jegadeesh and Wu, 2013). In particular,
it documents trading strategies that go long a company when the sentiment is positive
and short if it is negative that generate good returns and Sharpe ratios.

Sentiment analysis can be applied to social media. (Bartov et al., 2018) explore the
potential of Twitter (now called X) in predicting firm-level earnings and stock returns.
They investigate whether individual opinions expressed on Twitter just before a
company's earnings announcement can forecast its earnings and stock price reactions.
The study covers the period from 2009 to 2012 and examines a vast sample of tweets
related to publicly traded companies. The study finds that the aggregate opinion derived
from individual tweets about a company can successfully predict the firm's upcoming
quarterly earnings. This predictive ability holds true for tweets that convey both original
and existing information. The research also reveals a positive association between the
immediate stock price reaction to quarterly earnings announcements and the aggregate
Twitter opinion. This relationship remains consistent when tweets are categotized into
those conveying original information and those disseminating existing information.
Twitter serves a dual role in the capital market by providing both original information
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analyzing the language used in these executive statements. The research uses transcripts
of conference calls collected by FactSet Research Systems Inc. and identifies financial
restatements. Four different criteria are used to label a conference call as “deceptive,”
including material weaknesses, auditor changes, late filings, irregularities, and SEC
investigations. The classification models based on CFO and CEO narratives
outperform random guessing by 6% - 16% in out-of-sample tests. These linguistic
models perform statistically as well as or better than accounting models that rely on
discretionary accruals and other accounting variables. Deceptive CEOs and CFOs
exhibit linguistic patterns distinct from truthful executives, including more references
to general knowledge, fewer non-extreme positive emotion words, and fewer
references to shareholder value. Deceptive CEOs use more extreme positive emotion
words and fewer anxiety words and use more negation and extremely negative emotion
words.

Given that companies’ disclosures are receiving more scrutiny from algorithms, we
expect management to react and create disclosures that are more machine-friendly. In
this context, (Cao et al., 2023) explore how companies adapt their corporate disclosures
in response to the growing presence of machine readers and artificial intelligence (AI)
equipped investors. They find that post-2011 (the publication year of a specialized
finance dictionaty), firms expecting high machine downloads tend to avoid using
negative words from the finance dictionary, suggesting a shift towards more positive
sentiment in their disclosures.

Not only firms’ financial disclosures but also analysts' reports can have an impact on
stock returns. (van Binsbergen et al., 2022b) focus on the textual analysis of short-seller
research reports and their impact on targeted firms. They analyze the content of these
repotts, with a specific emphasis on allegations of accounting fraud and earnings
mismanagement. The study reveals that a significant portion of short-seller research
reports deals with allegations of accounting fraud and earnings mismanagement.
Approximately 95% of these reports mention fraud-related words, and around 80% of
the report text is dedicated to these allegations. The study suggests that investors tend
to underreact to the information contained in short-seller repozts, particulatly regarding
long-term cash flows and real investment implications. On average, targeted firms
expetience abnormal returns of -4.9% on the publication day, and prices continue to
decline over 12 months, resulting in an average cumulative negative effect of -15%.
Such reports are found to have significant real economic consequences, including
reduced corporate investment and stock issuances for targeted companies.
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The research also explores how GPT models can identifv macroeconomic shocks using
the narrative approach (Romer and Romer, 1989; Romer and Romer, 2022). This
approach involves reading and inferring causal reladgonships from relevant texts, and
GPT models show promise in this area as well after being given the definition of a
policy shock (Figure 10.15). This is a significant benefit as this work was done manually
by researchers and, therefore, was time-consuming and not scalable.

As a monetary policy expert, your task is to determine whether a given text contains
a monetary policy shock. A monetary policy shock refets to movements in monetary
policy that are unrelated to current or prospective real economic activity. These
shocks occur when policy makers change money growth and interest rates due to
concerns about prevailing inflation levels, even when the economy is stable. Policy
makers, in these instances, are willing to accept potential negative consequences for
aggregate output and unemployment.

Analyzing the provided text, determine whether it meets the criteria for a monetary
policy shock based on the following factors:

* The policy makers believed the economy was at potential output.
* Policy makers changed money growth and interest rates due to high inflation.

* Policy makers understood and accepted the potential adverse consequences for
output and unemployment.

provided text:
Participants' Views on Current Conditions and the Economic Outlook

In their discussion of current economic conditions, participants noted that economic
activity had been expanding at a moderate pace. Job gains had been robust in recent
months, and the unemployment rate remained low. Inflation temained elevated.
Participants agreed that the U.S. banking system was sound and resilient. They
commented that tighter credit conditions for households and businesses were likely
to weigh on economic activity, hiring, and inflation. However, participants agreed
that the-extent of these effects remained uncertain. Against this background, the
Committee remained highly attentive to inflation risks.

In assessing the economic outlook, participants noted that real GDP growth had
continued to exhibit resilience in the first half of the vear and that the economy had
been showing considerable momentum. A gradual slowdown in economic activity
nevertheless appeared to be in progress, consistent with the restraint placed on
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