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Abstract. Financial markets, such as the stock exchange, are known to be ex-
tremely volatile and sensitive to news published in the media. Using sentiment
analysis, as opposed to using time series alone, should provide a better indication
for the prospects of a given financial asset. In this work, the main goal is to quan-
tify the benefit that can be obtained by adding sentiment analysis to predict the
up or down movement of stock returns. The approach makes use of several dif-
ferent deep learning models, from vanilla models that rely on market indicators
only, to recurrent networks that incorporate news sentiment as well. Surprisingly,
the results suggest that the added benefit of sentiment analysis is diminute, and
a more significant improvement can be obtained by using sophisticated models
with advanced learning mechanisms such as attention.
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1 Introduction

Financial markets are part of the core structure of modern society, since the stability
and prosperity of these markets have a great impact on economic development. Stock
prediction, i.e. the prediction of the future value of a company stock, is an extremely
difficult task because the extent to which the future price of a stock can be predicted
from its past history has always been the source of much debate [1].

In essence, there are three major theories about stock behavior: the Random Walk
Theory [1] endorsing that markets are completely arbitrary and stock prices are not
predictable; the Elliott Wave Theory (EWT) [2] defending that trends follow repeating
patterns and those patterns can be used to predict future movements; and the Efficient-
Market Hypothesis (EMH) [3] advocating that stock prices are by themselves the result
of all available information and it is impossible to derive sustained gains.

Financial data plays a key role in all of the above theories, and its analysis is divided
in two categories. Technical Analysis (TA), supporting EWT, is frequently employed in
short-term approaches, as it tries to find the correct timing to enter and exit the market;
however, it is somewhat subjective in nature, since it depends of the interpretation of
technical charts and data. The other category is Fundamental Analysis (FA), supporting
EMH, an approach that focuses more on the long-term by analyzing the intrinsic value
of information, but is also hard to formalize into rules, with the challenge being how to
handle unstructured data in a systematic manner.
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It is interesting to observe how the two approaches above can be mapped to two
fundamentally different data sources. On one hand, there are market indicators that re-
flect the day-to-day evolution of stock prices and can be used for TA. On the other hand,
there are media news and sentiments that ultimately contribute to shape the evolution
of those stocks, and are important for FA. While TA can be addressed, for example,
with Time Series Prediction (TSP), FA may require the use of additional data sources
and techniques, e.g. Sentiment Analysis (SA), to fully understand how the current stock
price synthesizes all the information available about a company.

But how much can one gain by incorporating SA over a pure technical analysis such
as TSP? In principle, SA should be able to provide some explanation for the seemingly
random evolution of a time series, so it should be possible to achieve an increase in
the accuracy of any stock prediction model. The question that we address in this paper
is how much of an improvement can one actually obtain by incorporating SA. Since
recently there has been an increasing focus on addressing both TSP and SA with Deep
Learning (DL) models, we also use DL to facilitate the development of prediction mod-
els that combine both components.

In particular, and contrary to our initial intuition, we find that the choice of model
and learning mechnisms, namely recurrence and attention, play a far greater role in im-
proving the prediction accuracy than the inclusion of SA, which provides only a minor
improvement. Although this might be somewhat unexpected, it does provide some con-
fidence that the continued development and increasing sophistication of DL models will
be able to extract useful predictions from market and news data.

In the following, Section 2 provides an overview of related work, Section 3 presents
and discusses our implemented models and results, and Section 4 concludes the paper.

2 Related Work

Numerous attempts have been made to predict the movement of stock prices. Since
stocks are in a continuous shaping process due to new information [4], their associated
data is usually complex, uncertain, incomplete, and vague [5], with neither stationary
(mean, variance, and frequency change over time) nor linear properties [6]. Stock pre-
diction is acknowledged to be one of the most challenging time series tasks [7], with
the hardest part being to select relevant features and learning mechanisms.

In this section, we have a look at how other authors have approached stock predic-
tion from two different perspectives, namely from the perspective of TSP and from the
perspective of SA, which are the most relevant components for our purpose. We also
briefly discuss how Deep Learning can be used to address both components.

2.1 Time Series Prediction

Stock prediction has been often approached with statistical techniques, using models
such as AR, MA, ARMA and ARIMA [8]. Typically, these models make predictions
about a single stock and generally assume that it has linear properties. The main point
here is that these models lack the capability to perceive non-linear behavior and dynam-
ics between stocks [9].
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Machine Learning (ML) has brought substantial advances in forecasting multiple
stocks and understanding the hidden relationships between them. The most commonly
used methods used are Support Vector Machines (SVM) [10], Random Forests [11],
Bayesian Networks [12] and, more recently, Deep Learning (DL) [13].

The frequent use of DL and Neural Networks (NN) for stock prediction is justified
by their ability to generalize the prediction to other assets and the relative ease when
dealing with complex and noisy data. These models outperform statistical techniques
[14, 15] and other ML models as well [11, 16].

Another alternative is Reinforcement Learning (RL), where an agent automates
trades and reduces costs by systematizing TA as a set of rules to anticipate future price
shifts [17]. This has been shown to achieve satisfactory results [18]. However, due to
high volatility and noise, there might be significant differences between the patterns
observed during training and testing, causing the agent to under-perform.

Table 1 presents a summary of the methods employed, the stock indexes and the
data sources used by different authors. This survey leads us to conclude that Yahoo
Finance and Thomson Reuters have been the most popular data sources; other sources
used are Bloomberg, Google Finance and public datasets. On the other hand, the most
common indexes and markets are the American (S&P, NASDAQ, DJIA and NYSE) and
the Asian (NSE, Nikkei, KOSPI and CSI); others include EuroStoxx50 and Ibovespa.

Table 1. Techniques and data sources for stock prediction based on time series.

Technique Index Yahoo Finance Thomson Reuters Other Unidentified

Stats American [19–22] [23, 24] [25]
Asian [24, 26] [13, 27–29]

ML American [12, 22, 30–34] [11, 23, 24] [16, 35, 36] [25, 37, 38]
Asian [12, 39] [24, 26] [40] [28, 38, 41–43]
Other [12] [44]

NN American [22, 31, 32, 34, 45–47] [11, 23, 48, 49] [16, 50, 51] [25, 37, 38]
Asian [46] [49] [40] [13, 27–29, 38, 41, 42, 52]

RL American [18, 53, 54] [54]
Asian [54] [54]
Other [54] [54]

Regarding the time frame for training and evaluation, the shortest period found in
these works was one month [30] and the longest was 66 years [37]. It is worth noting
that statistical techniques tend to use shorter time frames to avoid noise and dimension-
ality issues [19–22], while ML techniques tend to use longer time frames to properly
train the models [11,23,37,49]. Also, the directional movement of stocks (up or down)
is the most common prediction goal, and arguably the most important one [35]. Only
two articles tried to predict the actual stock price [36, 47].

2.2 Sentiment Analysis

While SA can be regarded as a subfield of Natural Language Processing (NLP), its fast
growth in recent years [55] has been propelled by numerous applications that transform



4 Frederico G. Monteiro, Diogo R. Ferreira

human-generated information (news, tweets, etc.) about any topic (companies, prod-
ucts, politics, etc.) into a sentiment signal (usually positive or negative).

In stock markets, participants take actions (to buy, hold or sell stocks) that are de-
fined and affected by what they read and by what those surrounding them read and
share, including the opinions of sources they trust, which are also influenced by mar-
ket news. From this point of view, the emotional sentiment upon a particular stock or
company has become a fundamental part of stock prediction [56,57], and many authors
have included this additional component in their prediction models.

Table 2 provides an overview of the related works using SA. The data sources are
quite diversified, with the most popular being News and Twitter, which can be explained
by the fact that they provide a simple way to access and collect data. In addition, News
have the advantage of being created by accredited authors and newspapers [58], while
Twitter can be used to more easily perceive sentiment, even though tweets are not suited
for longer pieces or fully justified opinions on a topic [59].

Table 2. Techniques and data sources for stock prediction based on sentiment analysis.

Model
Source News Social

Media Twitter Blog &
Forums

Financial
Reports None

Stats [30, 42, 60] [26, 61] [19, 20, 22] [13, 25, 27, 62–67],
[14, 15, 24, 28, 29]

KNN [60, 68] [68] [68] [66]
Naı̈ve Bayes [68] [68] [69] [68] [58] [12]
MLP [42, 70] [70] [25, 37, 38, 41]
Random Forest [34] [71] [35, 69] [58] [16, 23, 24, 43, 66]

SVM [31, 36, 39, 72],
[32, 34, 68, 73] [26, 68, 71] [22, 69, 72] [40, 68] [33] [10, 16, 66, 67, 74, 75],

[24, 28, 40, 44, 76, 77]

NN [31, 34, 60] [71] [22, 47]
[13, 16, 23, 49, 52, 63, 78, 79],

[25, 27, 64–67, 74, 75],
[11, 14, 15, 28, 46, 48]

CNN [32, 45, 50, 70, 80–82] [70, 80, 81] [28, 29, 37, 38, 41, 65]
RNN [32, 42] [28, 29, 37, 38, 49]
LSTM [42, 50, 51, 72, 80, 83] [61] [72, 80] [40] [23, 27–29, 38, 40, 41, 49, 84]
RL [18, 53, 54, 85, 86]

Regarding sentiment polarity, in its simplest form it involves just two classes: posi-
tive and negative. A simple extension is ternary polarity by adding a neutral class [87].
More fined-grained SA can be achieved by categorizing flavors of feelings (such as fear,
joy, interest) and emotions (such as pleasantness, attention, sensitivity, aptitude) [88],
as well as their level of intensity [56]. Some authors [89] have also used a continuous
value in a certain range, e.g. [−1,+1].

An interesting conclusion from our survey is that private information causes small
or insignificant changes in stock price [90]; in contrast, public information can cause
major changes [91]. Therefore, it can be concluded that prediction accuracy is primarily
influenced by public information. However, with private information it is still possible
to improve the accuracy a bit further.

Another important conclusion is that markets tend to overreact when presented with
negative news [92], and it is easier to predict downward trends than upward trends [93].
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In general, pessimism tends to increase the trading volume and lead to predictions of
negative returns [94], but it tends to disappear within one week.

Since each work in Table 2 uses a different dataset, the prediction models cannot be
compared directly, even if their evaluation results are available. However, it is fair to say
that prediction accuracy tends to increase from the top row to the bottom rows. In gen-
eral, it is not easy to integrate SA features into statistical models, KNN, Naı̈ve Bayes,
MLP, Random Forests and SVM due to sparsity issues. Hence, they achieve lower accu-
racy than DL models. On the other hand, a Long Short-Term Memory (LSTM) incorpo-
rating SA registered the highest directional accuracy [40]. For us, this is not surprising
since RNNs are especially appropriate for NLP and SA tasks.

2.3 Deep Learning

In recent years, as computer hardware allowed for training larger, deeper and more
sophisticated neural networks, Deep Learning has become the state-of-the art approach
in many fields, including stock prediction.

A Neural Network (NN) is composed of nodes and activation functions. The sim-
plest architecture is the Feed-Forward Neural Network (FNN), which is based on the
Multi-Layer Perceptron (MLP), and its name derives from the fact that information
flows one-way, from input to output, across a set of densely-connected layers. A differ-
ent model is the Convolutional Neural Network (CNN), where each layer performs a
computation in the form of a sliding window over its input. CNNs are very popular in
image processing where the input is 2D, but they are also very successful at processing
1D input such as text sentences [95] and time series [96].

For sequence processing, Recurrent Neural Networks (RNNs) [97] are very appro-
priate, since they keep an internal state and have a feedback loop to use that internal
state as an additional input at each time step. For stock prediction, this means that it is
possible to reuse information from the past to predict the future. However, simple RNNs
are unable to perform well when a long-term context is required [98]. The LSTM ar-
chitecture [99] improves on long-term dependencies by keeping a cell state with the
possibility of carrying it across multiple time steps. More recently, slightly different
versions have been proposed, such as the Gated Recurrent Unit (GRU) [100]. However,
the LSTM can still provide state-of-the-art results [41].

Although significant improvements have been obtained with LSTM models, there
are still limitations such as the vanishing gradient problem [101]. The use of attention
mechanisms mitigates this constraint [102] by selectively retrieving the most relevant
information from hidden states [103]. The underlying rationale is to increase the focus
on important parts of the input instead of just trying to remember it afterwards [104].
Results suggest that the use of attention can capture long-term dependencies and out-
perform stand-alone LTSMs [51].

One way to use attention is to attach this mechanism to an LSTM or, alternatively, to
develop a model similar to the Transformer [105] which relies exclusively on attention,
without recurrence. However, for sequential data it is useful to keep track of the order
between time steps, and the Transformer achieves this by means of positional encoding.
In our context, the Transformer architecture can be simplified: for example, for time
series data, the embedding layers that are typically used for NLP tasks can be removed;
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also, the decoder part of the Transformer can be removed to keep only the encoder as a
prediction model. Another possibility is to use Multi-Head Attention, which essentially
consists in combining multiple layers of attention in parallel to enhance the extraction
of long-dependencies from the input sequence.

3 Stock Prediction with Sentiment Analysis

In this section, we report on a series of experiments that we performed during the Kag-
gle competition Two Sigma: Using News to Predict Stock Movements.1 One of the key
aspects of this competition is that it provided two different data sources: (1) market
data, with typical indicators about stock prices, trading volumes and calculated returns;
and (2) news data, with pre-calculated sentiment, novelty and volume counts for each
news item. This made it possible to test several different models for stock prediction,
both with and without sentiment analysis.

3.1 Data Description

The original dataset contained market and news data from the beginning of 2007 to the
end of 2016. The market data included information on ∼3000 US-listed companies,
containing over 4 million samples with features such as date, asset code, asset name,
daily open and close prices, daily trading volume, and open-to-open and close-to-close
returns. These returns were calculated both daily and for a 10-day period, and also both
in raw and market-residualized form (i.e. by removing the movement of the market as
a whole and leaving only the movement inherent to the asset).

On the other hand, the news data contained about 9 million samples (daily news
items) regarding the same companies or related ones. For each news item, the sentiment
was given as a probability distribution over 3 classes: positive, neutral and negative.
Measures for the novelty and volume counts of each news item were also available,
where novelty was calculated by comparing the asset-specific content of a news item
against a cache of previous news items, and the volume was calculated by counting
how many news items mentioned the asset within a certain time frame. However, for
this work we used only the sentiment features of each news item.

As for the target variable, the competition used the open-to-open market-residualized
return over a 10-day period into the future. In our experiments, and following common
practice in the literature, we used only the directional movement (up or down) of this
target variable. The problem then becomes a binary classification, which makes it es-
pecially easy to evaluate accuracy as the percentage of correct predictions, while also
enabling the use of a standard loss function for training, i.e. binary cross-entropy.

3.2 Data Preprocessing

When joining the market data with the news data, it may be the case that there are
several news items for a given asset on a given date. In this case, we group those news
items together and compute their average sentiment.

1 https://www.kaggle.com/c/two-sigma-financial-news
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On the other hand, it may be the case that there are actually no news items for a
given asset on a particular date. In this case, we have tried three different approaches to
fill in the sentiment for the asset, namely:

– propagation, where we use the sentiment of the previous date as the current senti-
ment, hence propagating the sentiment across multiple days;

– balancing, where we use a uniform probability distribution over the three classes
(positive, neutral and negative, with 1

3 probability for each);
– neutralizing, where we assign zero probability to the positive and negative classes,

and 1.0 to the neutral class.

After joining both data sources according to one of the strategies above, the dataset
was split into 2007–2014 for training, 2015 for validation, and 2016 for testing.

3.3 Prediction Models

In our models, we used 2 categorical features and 15 numerical features as input. The 2
categorical features were asset code and asset name, because each asset name (i.e. com-
pany) may have several asset codes, but each asset code belongs to a single company.
As for the numerical features, 12 of those features come from the market data, and the
remaining ones correspond to the 3 sentiment classes from news data.

The way these categorical and numerical features have been combined is illustrated
in Fig. 1. In essence, the categorical features go through an embedding layer before
being concatenated together with the numerical features. This initial block provides the
input for all subsequent models, except for the Feed-Forward Neural Network (FNN)
which uses a single time-step rather than 10 time-steps as the other models.

assetCode_input:	InputLayer

input: output:

[(?,	1)] [(?,	1)]

assetName_input:	InputLayer

input: output:

[(?,	1)] [(?,	1)]

Embedding

input: output:

(?,	1) (?,	1,	3)

Embedding

input: output:

(?,	1) (?,	1,	3)

Concatenate

input: output:

[(?,	1,	3),	(?,	1,	3)] (?,	1,	6)

Flatten

input: output:

(?,	1,	6) (?,	6)

RepeatVector

input: output:

(?,	6) (?,	10,	6)

numerical_input:	InputLayer

input: output:

[(?,	10,	15)] [(?,	10,	15)]

Concatenate

input: output:

[(?,	10,	6),	(?,	10,	15)] (?,	10,	21)

Fig. 1. Input block.
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The first experiment, with a simple FNN (Fig. 2), already provides an interesting
conclusion: when using this model, the sentiment features do not have any influence
in the output predictions. In our view, this is due to the fact that the FNN does not
incorporate any information on past behavior. Both with and without the sentiment
features, this model scored a test accuracy of 53.3%.

Dense

input: output:

(?,	18) (?,	100)

Dropout

input: output:

(?,	100) (?,	100)

Dense

input: output:

(?,	100) (?,	100)

Dropout

input: output:

(?,	100) (?,	100)

Dense

input: output:

(?,	100) (?,	100)

Dropout

input: output:

(?,	100) (?,	100)

Dense

input: output:

(?,	100) (?,	100)

Dense

input: output:

(?,	100) (?,1)

Fig. 2. FNN model.

Using a Convolutional Neural Network (CNN) (Fig. 3) with a 10 time-step window
into the past improved the prediction accuracy. However, the test accuracy was higher
without the sentiment features (55.1%) than with those features included (54.8%). We
attribute this fact to overfitting, and dropout did not help in this case.

Conv1D

input: output:

(?,	10,	18) (?,	9,	100)

Conv1D

input: output:

(?,	9,	100) (?,	8,	100)

MaxPooling1D

input: output:

(?,	8,	100) (?,	4,	100)

Conv1D

input: output:

(?,	4,	100) (?,	3,	100)

Conv1D

input: output:

(?,	3,	100) (?,	2,	100)

MaxPooling1D

input: output:

(?,	2,	100) (?,	1,	100)

Dense

input: output:

(?,	100) (?,	14)

Dense

input: output:

(?,	14) (?,	1)

Flatten

input: output:

(?,	1,	100) (?,	100)

Fig. 3. CNN model.

As soon as we moved on to recurrent networks (Fig. 4), we began to observe more
consistent results. A simple Recurrent Neural Network (RNN) provided the same ac-
curacy (55.2%) with and without sentiment features, but a Long Short-Term Memory
(LSTM) improved from 55.2% to 55.3% when the sentiment features were included.
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We conclude that recurrence mechanisms are essential in order to leverage information
from the past. However, a bi-directional LSTM did not improve the results, which is
understandable, since the most recent history is probably more relevant for prediction
than the distant past, so only the forward direction is useful.

LSTM

input: output:

(?,	10,	21) (?,	10,	100)

Dropout

input: output:

(?,	10,	100) (?,	10,	100)

LSTM

input: output:

(?,	10,	100) (?,	10,	100)

Dropout

input: output:

(?,	10,	100) (?,	10,	100)

LSTM

input: output:

(?,	10,	100) (?,	10,	100)

Dropout

input: output:

(?,	10,	100) (?,	10,	100)

LSTM

input: output:

(?,	10,	100) (?,	100)

Dense

input: output:

(?,	100) (?,1)

Dropout

input: output:

(?,	100) (?,	100)

Fig. 4. LSTM model.

The accuracy improves even further when attention mechanisms are employed. An
LSTM model with additive attention achieves 59.8% accuracy without sentiment fea-
tures, and reaches 60.0% when those features are included. Moreover, a bidirectional
LSTM with attention (Fig. 5) improves that result even further to 60.4%. Here, bidirec-
tionality is definitely beneficial because it helps the attention mechanism learn which
time-steps are the most relevant for prediction.

Dropout

input: output:

(?,	10,	42) (?,	10,	42)

Bidirectional(LSTM)

input: output:

(?,	10,	42) [(?,42),	(?,21),	(?,21),	(?,21),	(?,21)]

Dropout

input: output:

(?,	42) (?,	42)

Concatenate

input: output:

[(?,21),	(?,21)] (?,	42)

Dense

input: output:

(?,	42) (?,1)

AdditiveAttention

input: output:

[(?,	42),	(?,	42)] (?,	42)

Bidirectional(LSTM)

input: output:

(?,	10,	21) (?,	10,	42)

Fig. 5. Bidirectional LSTM with attention, the best performing model.
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We have also experimented with a Transformer-like architecture, which relies on
attention but not recurrence. Here the results were inferior, with 55.6% accuracy without
sentiment features, and an increase to 55.7% when those features were included.

Table 3 provides an overview of the results, where it becomes apparent that the
inclusion of sentiment features can account for an improvement of at most 0.6% in
test accuracy, while the use of recurrence and attention mechanisms can provide an
improvement of 5.6% over a baseline CNN that uses the same input data. Other metrics,
such as area under the ROC curve (AUC) and Matthews correlation coefficient (MCC)
have commensurate improvements with accuracy.

Table 3. Comparison of accuracy.

Model Market only Market+News propagated Market+News balanced Market+News neutralized

FNN 0.533 0.532 0.533 0.533
CNN 0.551 0.543 0.543 0.548
RNN 0.552 0.547 0.552 0.550
LSTM 0.552 0.551 0.553 0.551
Bi-LSTM 0.543 0.548 0.547 0.549
LSTM + Att 0.598 0.599 0.600 0.600
Bi-LSTM + Att 0.600 0.603 0.602 0.604
Transformer 0.556 0.552 0.557 0.550

All models have been implemented with TensorFlow and have been tested with
different hyper-parameters (number of layers, number of filters, kernel sizes, dropout
rates, etc.). Here we reported the results achieved with the best-performing version.

4 Conclusion

From the literature review that we presented in Section 2, we expected that sentiment
analysis would improve stock prediction, but our experiments and results in Section 3
suggest that the improvement is rather modest compared to our initial expectation.

On the other hand, our findings point to a possible avenue for the continued im-
provement of prediction models and their accuracy. By making use of learning mech-
anisms such as recurrence and attention, and others that may appear along the way,
it is possible to keep improving the results. It is also apparent that such mechanisms
will work better in combination rather than in isolation; specifically, recurrence with
attention works better than either of those mechanisms alone.

In addition, we found that propagating sentiment by keeping past sentiment when
there are no news is not the best approach. In this respect, the market seems to forget
past sentiment in a matter of days, to the point that it is no longer possible to clearly
determine the current sentiment as being positive, negative, or neutral.

In this work, our prediction target was binary, in the form of a directional movement.
In future work, we plan to apply similar models for regression tasks such as predicting
price and volatility. In addition, the kind of evaluation that we provide here is by no
means the end of the story; to derive actual benefits in the real-world, other components,
such as a trading strategy to enter and exit the market, are necessary.
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