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Research Background

Prevalence of using social media for investment decisions
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Research Background
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Positive effects on stock 
returns?



Research Background
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Deep learning has achieved excellent performance in various
text-mining tasks in the past few years.

Many researchers have used deep learning methods on text
(news or social media articles) to predict stock returns and
achieved good results.

In this study, we propose a deep learning model for stock price
movement prediction.

We design a novel way to incorporate social media engagement
data as sample weights into the deep learning model.



Research Background
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Reflection of information in stock prices

Efficient Market Hypothesis (Fama 1970)

Weak form – reflects all past available info

Semi-strong form – reflects all publicly available info

Strong form – reflects all info (including private)

As information is costly, price cannot perfectly reflect the
information when it is available (Grossman and Stiglitz 1980)



Research Background

Influence of social media on stock prices

Sentiment from discussion forums can have a larger impact
on stock returns than views in news articles (Chen et al.
2011; Chen et al. 2014)

Sentiment in 24 tech-sector stocks can predict returns in
the aggregate stock level, but the effect is weak for individual
stock level (Das and Chen 2007)

Volume of messages has a significant positive effect on
volatility on 45 large-cap stocks. Its effect on stock returns
is negatively significant but economically small (Antweiler
and Frank 2004)
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Research Background

Deep learning

Deep learning models (e.g., LSTM, CNN, BERT)
have been shown to perform very well in text
mining tasks.

Applied on text (news or social media articles) to
predict stock returns and achieved good results
(e.g., Akita et al. 2016; Kraus and Feuerriegel 2017;
Fischer and Kraus 2018; Chen et al. 2020).
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Research Background

Social media engagement data

On social media, readers interact with the
contents.

More interactions may indicate that the contents
are considered more important.

User comments may also reflect the perceived
quality of the contents.
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Research Background

Main Research Question

How to incorporate social media engagement
data into a deep learning model for stock return
prediction?
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Proposed Deep Learning Model
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Social Media Engagement

We consider four measures of social media
engagement:

Whether the editor picks the article (EditorPick)

The number of followers of the author (FollowerCount)

The number of comments (CommentCount)

The sentiment of the comments (CommentSentiment)

As positive comments can be seen as a support to an
article, we assign a higher score to articles with more
positive comments. Articles with more negative
comments than positive comments will be assigned a
score of 0.
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Social Media Engagement

We incorporate a combination of these four measures as sample
weights in the training process of the model.

The role of sample weights is to scale the error delivered to
previous layers and further influence the weight update for each
sample.

Because there is great variability in the information content of
articles, these measures on social media engagement by other
users can be a good indicator of the quality importance of
articles.

We build a weight vector of samples, where the weight of a
sample si is wi, which is calculated as the average of the four social
media engagement measures.
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Data

Social media data

Collected from Seeking Alpha (SA) (e.g. contents of the
articles, stock tickers, dates of publication, stock sectors,
etc.)

Selected SA articles and comments posted from Dec 2004
to Jun 2014

Proprietary data obtained directly from SA (author’s and
article’s information)

Financial data

stock price related data (e.g. opening/closing prices, S&P 500
indices prices) from Compustat

analyst’s related data (e.g. analysts’ upgrade/downgrades,
ratings) from IBES
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Data

Why choose SA?

It has broad coverage of stocks

- includes more than 3,000 small and mid cap stocks
covered in the past year

Daily email alerts and SA apps are available for Android,
iPhone and iPad

Higher credibility as SA contributors can earn

- US$10 per 1,000 page views

- a guaranteed minimum of US$500 when the article is
classified as “Top Idea”

To ensure that stock opinions are related to a particular
company

Only single-ticker articles are chosen

16



17

Data



Data

There are in total 138,756 articles involving 8,202 individual
stocks.

We split the data set into 80% training set and 20% testing set
based on chronological order.
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Training Testing 
Total # Articles 111,004 27,752
Total # Articles for 
“positive direction” 
(Class 1)

49,588 12,369

Total # Articles for 
“negative direction” 
(Class 2)

61,416 15,383

Total # Ticker Symbols 6,786 5,167
Avg. # Words per article 519 671
Avg. # Comments per 
article

5 9

Avg. % Negative words 1.98% 1.77%
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Comparison Benchmarks

Standard neural network with three layers (NN)

Bidirectional LSTM

Bidirectional LSTM with attention layer

Proposed Model: Bidirectional LSTM with attention 
layer + sample weight adjusted by social media 
engagement data
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Main Results
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Day Model F-score Recall Precision 

t+7 NN 0.504 0.503 0.505

Bi-LSTM 0.514 0.563 0.473

Bi-LSTM + attention 0.602 0.623 0.582

Proposed Model 0.662 0.691 0.635

t+1 NN 0.507 0.511 0.503

Bi-LSTM 0.605 0.670 0.551

Bi-LSTM + attention 0.621 0.633 0.609

Proposed Model 0.691 0.712 0.671



Short-term Prediction

The power of using the information on social media to
predict stock price movement is most visible at short
horizons (e.g. 1 day in this study).

The performance difference in the time dimension have two
possible explanations:

Predictive ability of models

Timeliness of social media information
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Trading Simulation

We calculate the average profits over the 8,202 individual
stocks that are presented in our dataset.

Assume an investment of $10,000 for every stock

Long when the prediction is positive

No action when the prediction is negative
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Trading Simulation
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Model Average Profit on 
Day t+1

Average Profit 
on Day t+7

NN -$10.40 -$20.32

Bi-LSTM $49.11 -$20.46

Bi-LSTM + attention $100.85 $73.52

Proposed Model $175.69 $143.91



Contributions

We are among the first to investigate the how social
media engagement data can be incorporated in deep
learning models

Propose a method that uses social media engagement
data as sample weights to improve prediction results

Trading strategies can be developed based on the
findings
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Ongoing Work

Improve the proposed model using other advanced text
mining methods (e.g., BERT)

Evaluate the impact of the different social media
engagement data
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