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A Penny Is Worth a Thousand? Investigating the

Relationship Between Social Media and Penny Stocks

KAR KEI LO and MICHAEL CHAU, The University of Hong Kong

Increasingly more investors are seeking information from social media to help make investment decisions.

Considering that information on penny stocks is often less reported in traditional media, investors may rely

more on social media to obtain such information for investment advice. Although previous research has

shown that stock opinions in traditional media is a possible predictor of stock returns, no previous research

has considered the effect of the stock opinions in social media on these stocks in terms of future stock perfor-

mance and the moderation effect of penny stocks. In this research, we studied the relationship between social

media and the financial performance of penny stocks. We used the net proportion of positive words in stock

articles in social media to help predict the future stock performance for penny stocks. The moderation effect

of penny stocks on the net fraction of positive words was found to be significant in short terms, revealing a

stronger relationship between social media and stock performance at lower price and market capitalization

(MC) levels. Based on the findings, we proposed simple strategies utilizing social media and our measure.

The results of our applications will be of interest to individual and institutional investors, shareholders, and

regulators.
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1 INTRODUCTION

The use of social media in expressing stock opinions is becoming more prevalent. In contrast
to traditional financial news articles that may occur in a sporadic manner for a particular stock,
online stock forums serve as a convenient way to exchange ideas and news in real time on potential
stocks. In addition to using traditional methods, such as technical and fundamental analyses, more
and more investors rely on stock opinions in social media for investment advice. Cogent Research
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showed that 70% of the affluent investors in the United States referenced the social media to make
investment decision,1 reflecting the importance of obtaining financial views through this means.

There is no universal definition of penny stocks; however, penny stock generally refers to a
security issued by a very small company that trades at less than $5 per share according to the
U.S. Securities and Exchange Commission (SEC).2 Although there is relatively higher risk, penny
stocks may be very profitable and some investors often advocate trading such stocks for potential
gains. For instance, financial analyst Leeds (2011) mentioned,

Penny stocks are big business, even though they sound small. Tens of millions of people

trade them, and while some win and some lose, none can argue the place of small

stocks on the markets.

This shows that penny stocks may have potential value despite their small share prices. As pointed
out by Kumar (2009), some individual investors may prefer stocks with lottery features involving
low-priced stocks. To seek for potential gains, investors may search for more information in social
media that offers them investment advice. In the event that relevant information is obtained, the
future returns from penny stocks can be very profitable. As a result, penny stocks can be especially
interesting in social media research.

Although previous literature has shown that stock opinions in social media may affect future
share prices (Antweiler and Frank 2004; Chen et al. 2014; Das and Chen 2007), no literature has
investigated such impacts specifically on penny stocks in the social media context. In addition, no
previous research has investigated the moderation effect of penny stocks at different price and MC
levels on such impacts or developed a potential trading strategy on such stocks by making use of
the information from social media. Penny stocks can be profitable, yet the opportunity cannot be
easily explored without applying appropriate analytics techniques on the social media data.

In this article, we investigate the effects of online stock opinions on the returns of penny stocks.
It is also interesting to study how the moderation effect varies at different price levels of penny
stocks. We use a measure based on the net fraction of positive words to help predict the future
performance of penny stocks in the short term. The moderation effect of penny stocks on the net
fraction of positive words was found to be significant, revealing a stronger relationship between
social media and stock performance at lower price and MC levels. Penny stocks also had a reverse
moderation effect in longer periods. Penny stocks with smaller MC levels could also have higher
returns compared to those with higher MC levels in short terms. The results of our applications
will be of interest to individual and institutional investors, shareholders, and regulators.

The rest of the article is organized as follows. We first discuss the relevant literature and some
background of our study in Sections 2 and 3. We then explain the methodology of our study and
the details of our data in Section 4. The main results and analyses involving our findings and pre-
dictions are then presented in Section 5. Next, further discussions on the findings and limitations
of our study will be given in Section 6. We then conclude the article and provide some suggestions
on future research work in Section 7.

2 LITERATURE REVIEW

2.1 Social Media and the Stock Market

According to the strong form of market efficiency hypothesis proposed by Malkiel and Fama
(1970), stock prices should reflect all information, including public and private data. Li et al. (2015)

1https://www.businesswire.com/news/home/20130222005037/en/Cogent-Research-Trending---Social-Media-Fuels;

accessed February 18, 2019.
2https://www.sec.gov/fast-answers/answerspennyhtm.html; accessed February 18, 2019.
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showed that leveraging market information in the market surveillance task can be important.
Nevertheless, given that information is costly, price cannot reflect the information immediately
when it is available (Grossman and Stiglitz 1980). This can also be the reason brokerage analysts’
recommendations and unofficial forecasts of earnings per share among traders and investors can
have investment values given the market’s inefficiency (Bagnoli et al. 1999; Womack 1996). Some
studies also showed that the market does not follow a random walk and that stock prices can be
predicted to some extent (Butler and Malaikah 1992; Kavussanos and Dockery 2001). As the finan-
cial market is often not strongly efficient, using appropriate information from social media to help
make investment decisions is becoming more common.

Social media can have an influential role in information dissemination. Capturing the “wisdom
of the crowd,” social media content is updated at an unprecedented speed and provides first-hand
information to investors ahead of other sources (Luo et al. 2013). Luo et al. (2013) showed that social
media–based metrics can be a significant leading indicator of firm value, whereas Chen et al. (2014)
found that stock opinions in social media can help predict stock returns at an aggregate level.

Social media can also reveal useful information for business (Chau and Xu 2012). In the mar-
keting context, Chen and Xie (2008) found that users’ opinions in online consumer reviews can
help consumers identify their desirable products. In searching for the desirable social media, both
posting volume and quality of the online opinions are important factors for potential investors in
investing-related communities (Gu et al. 2007). Another study by Aggarwal et al. (2012) showed
that electronic word-of-mouth (WOM) from popular blogs can help ventures get higher financing
amounts. Consumer WOM and web visits could also contribute to firm value, and external WOM
sources can have a significant impact on retailer’s sales (Gu et al. 2012; Luo and Zhang 2013). On-
line WOM can also develop trust in the consumer, and reviewers who disclose identity-descriptive
information can be more helpful (Awad and Ragowsky 2008; Forman et al. 2008). These studies
suggested that the WOM effect in social media can be significant and have real impact.

Several studies have investigated the effects of traditional/social media and related Internet re-
sources on the stock market. Table 1 summarizes some of these studies.

From Table 1, it can be seen that future stock returns can be predicted at an aggregate level for the
tech-sector and large-cap firms by applying text analytics techniques on stock discussion forums
(Antweiler and Frank 2004; Chen et al. 2011; 2014; Das and Chen 2007). Price directions can also
be predicted via news articles or news sections (Schumaker and Chen 2009; Schumaker et al. 2012;
Tetlock 2007; Tetlock et al. 2008). However, some studies showed that media coverage of company
news can affect stock prices that would eventually reflect information gradually (Engelberg and
Parsons 2011; Gurun and Butler 2012; Solomon 2012).

Making use of the stock opinions on a social media website called Seeking Alpha (SA), Chen et al.
(2014) used the proportion of negative words in articles and comments and suggested that such a
fraction can predict future abnormal returns. Similarly, Tetlock et al. (2008) made use of negative
words in news articles to forecast firm earnings. Proportions of optimistic and pessimistic words
in earnings press releases could also signal future firm performance or could reflect the tone of
accounting reports (Davis et al. 2012; Li 2008). Text classifier scores were used in some studies
to help predict future stock returns (Antweiler and Frank 2004; Sabherwal et al. 2011; Zhang and
Swanson 2010). Using Twitter feeds, Bollen et al. (2011) found that changes in public mood state
could be tracked using simple text processing techniques. Li et al. (2018) showed out that senti-
ment of messages was positively affected with contemporaneous daily abnormal stock returns,
whereas Stieglitz and Dang-Xuan (2013) discovered that emotionally charged Twitter messages
were retweeted more often compared to neutral ones. Hill and Ready-Campbell (2011) also found
that the online crowd could, on average, perform better than the S&P 500 in terms of both over-
all return and risk-adjusted returns. However, Ho et al. (2017) found that models with only social
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Table 1. Some Related Literature on Financial Data Analytics on Traditional/Social

Media and Related Internet Resources

Type of Media Media Used Stocks Involved Related Findings Reference

Stock
discussion
forums

• Yahoo! message
board
• Raging Bull

45 large-cap firms that
together made up the

DJIA and XLK3 in
2000

• The volume of messages has a significant positive effect on
volatility of stocks. Its effect on stock returns is negatively
significant but economically small.

• Larger disagreement on one day results in fewer trades on the
next day.

Antweiler and
Frank (2004)

News section

• Wall Street
Journal’s
“Abreast of the
Market”

From 1984 to 1999

• Downward pressure on market prices is induced for high values
of media pessimism.

• Unusually high or low pessimism results in a high market trading
volume.

Tetlock (2007)

Stock
discussion
forums

• Yahoo! message
board

24 tech-sector stocks
in MSH4 from July to
August 2001

• Sentiment in 24 tech-sector stocks can predict returns in the
aggregate stock level, but the effect is weak for the individual
stock level.

• In an aggregate stock level, changes in volume of messages have
significant effects on changes in volatility and stock level. In
contrast, disagreement in stock messages does not explain
volatility.

Das and Chen
(2007)

News articles

• Wall Street
Journal
• Dow Jones News

Service

>350,000 articles for
980 S&P 500 firms
from 1980 to 2004

• Low firm earnings can be forecast using negative words in the
financial press.

• There is a slight delay in the incorporation of the information
embedded in negative words in the stock market.

• For stories focused on fundamentals, the earnings and return
predictability from negative words is largest.

Tetlock et al.
(2008)

News articles • Yahoo! Finance
2,809 articles from
October 26, 2005 to
November 28, 2005

• Applying a textual-based processing system, financial news
articles partitioned by similar sector groupings are most
predictable in measures of closeness, predicted directional
accuracy, and simulated trading return.

Schumaker
and Chen
(2009)

Online social
media

• Twitter publics

A time series of daily
DJIA closing values
from Yahoo! Finance
from February 28, 2008
to December 20, 2008

• The accuracy of DJIA predictions can be significantly improved by
the inclusion of a specific public mood dimension but not others.

Bollen et al.
(2011)

Stock
discussion
forums and
news articles

• Seeking Alpha
• Wall Street

Journal

>7,000 companies
from 2005 to 2012

• Opinions from social media can predict future stock returns and
earnings surprises.

• Sentiment from discussion forums can have a larger impact on
stock returns than views in news articles.

Chen et al.
(2011, 2014)

News articles
• Various local and

national
newspapers

Large discount
brokerage database
from 1991 to 1996

• Local media coverage strongly predicts local trading after
controlling for earnings, investor, and newspaper characteristics.

• Local trading is strongly related to the timing of local reporting,
which is a challenge to nonmedia explanations.

Engelberg and
Parsons (2011)

Chat
room–like
Message
Board

• TheLion.com
64 stocks from July 18,
2005 to July 18, 2006

• Message board sentiment can help predict trading-related
activities.

Sabherwal
et al. (2011)

News articles • Yahoo! Finance
2,802 articles from
October 26, 2005 to
November 28, 2005

• Prediction of price direction is easier for subjective news articles
compared to objective news articles.

• Subjective articles have a 3.3% return using a simple trading engine.

Schumaker
et al. (2012)

News articles
and Website

• Lexis-Nexis and
Wikipedia

375 Wikipedia entries
of public companies

• Information aggregation on Wikipedia about public firms could
moderate the timing of management disclosure of earnings
disappointments and investors’ negative reaction to bad news.

Xu and Zhang
(2013)

News articles • Yahoo! Finance
6 firms from October
30, 2012 to January 31,
2013

• The relationships between measures extracted from the forums
and subsequent daily firm stock returns are examined to be
statistically significant.

• Measures at the stockholder group level better explain and predict
daily stock returns than aggregate forum-level information.

Zimbra et al.
(2015)

(Continued)

3DJIA and XLK refer to Dow Jones Industrial Average and Dow Jones Internet Commerce Index, respectively.
4MSH refers to the Morgan Stanley High-Tech index.
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Table 1. Continued

Type of Media Media Used Stocks Involved Related Findings Reference

Searching
website

• Yahoo! Finance
1,619 firms from
September 15, 2011 to
December 31, 2013

• Cosearch intensity across supply chain partners could help
determine cross-return predictability.
• Using returns of supply chain partners with low coattention, the

simulated trading strategy could generate a significant and
positive return above the market returns.

Agarwal et al.
(2017)

Searching
website

• Yahoo! Finance
2,900 firms from
September 15, 2011 to
January 14, 2013

• Search cluster–based habitats could reveal aggregate investment
preferences and were more granular than fundamental-based
habitats.
• Search-based habitats could improve the predictability of return of

related stocks.

Leung et al.
(2017)

Online social
media

• Weibo.com
40 Chinese stocks
from October 8, 2013
to March 31, 2014

• There was significant evidence to support the intercorrelated
relationship between the social attention and future abnormal
return.
• There was a higher explaining ability from the social attention to

price shocks than the impact of historical abnormal returns on
social attention.

Xiao et al.
(2017)

News articles • Yahoo! Finance

45 stocks drawn from
two stock indices,
namely DJIA and XLK
from January 2009 to
June 2009 and from
June 2011 to June 2012

• The relationship between social media sentiments and stock
returns is time varying.
• Models with only social media sentiments and market returns

perform at least as well as models that include Fama-French and
Momentum factors.
• There are significant correlations between stocks.

Ho et al.
(2017)

Stock
microblog
messages

• Twitter publics
S&P 100 firms over a
period of 7 months

• The sentiment of messages is positively affected with
contemporaneous daily abnormal stock returns.
• Message volume predicts 15-minute follow-up returns, trading

volume, and volatility.
• Disagreement in microblog messages positively influences stock

features, both in interday and intraday analysis.

Li et al. (2018)

media sentiments and market returns performed as least as well as models that included momen-
tum factors. By performing stakeholder analyses of firm-related web forums, Zimbra et al. (2015)
identified distinctive groups of forum participants with shared characteristics expressed in dis-
cussion and evaluated their specific opinions and interests in the firm. Using English and Arabic
forum postings, Abbasi et al. (2008) applied sentiment classification methodologies and developed
an entropy-weighted genetic algorithm for efficient feature selection.

In addition, Xu and Zhang (2013) made use of news articles and Wikipedia and found that infor-
mation aggregation on Wikipedia about public firms could moderate the timing of management
disclosure of earnings disappointments and investors’ negative reaction to bad news. Using Yahoo!
Finance, Agarwal et al. (2017) showed that cosearch intensity across supply chain partners could
help determine cross-return predictability, whereas Leung et al. (2017) pointed out that search
cluster–based habitats could reveal aggregate investment preferences and that search-based habi-
tats could improve the predictability of return of related stocks. However, Xiao et al. (2017) found
that there was significant evidence to support the intercorrelated relationship between social at-
tention and future abnormal return. Zimbra et al. (2018) conducted a benchmark evaluation of
28 top academic and commercial systems in tweet sentiment classification across five distinctive
datasets, and the results revealed that the performances of the systems were lackluster overall.

Although the preceding reviewed studies used some measures of sentiment to predict future
returns, the use of sentiment might not always succeed in the prediction. By analyzing the text
in investment newsletters, Metrick (1999) found that there was no abnormal short-run perfor-
mance persistence. Tumarkin and Whitelaw (2001) pointed out that message board activities did
not predict industry-adjusted returns or abnormal trading volume for stocks in the Internet service
sector. A study by Dewally (2003) showed that there was no evidence that new information was
exchanged in forums. In addition, Das et al. (2005) found that sentiment from message boards did
not predict returns apparently, but instead the returns drove sentiment.

ACM Transactions on Management Information Systems, Vol. 9, No. 4, Article 14. Publication date: February 2019.
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2.2 Penny Stocks and Social Media

As discussed earlier, some investors may prefer low-priced stocks with lottery features (Kumar
2009). Nofsinger and Varma (2014) found that trading penny stocks was positively related to
investor preference for lottery-like stocks. Penny stocks may yield considerable profits given their
small prices. In an initial public offering (IPO) context, penny stocks seem more profitable in the
short run compared to ordinary stocks (Bradley et al. 2006). Penny stocks can also be targeted by
manipulators (Bouraoui et al. 2013; Hanke and Hauser 2008; Hu et al. 2010), implying that such
stocks may have a higher risk given their small prices. They can be easily be manipulated, and
stock prices were found to rise throughout the manipulation period (Aggarwal and Wu 2006).

Penny stocks can be speculative investments (Beatty and Kadiyala 2003). Urbański et al. (2014)
showed that speculative stocks are mostly penny stocks, whereas Konku et al. (2012) showed that
penny stocks generally are profitable investments in the short term but very poor investments be-
yond 1 year. Keasler and McNeil (2010) documented that there were significant market reactions
to the stock recommendations particularly for the small capitalization stocks. Koulakiotis et al.
(2016) pointed out that available information was first incorporated into large stocks and then ab-
sorbed by small-sized stocks, whereas Harris and Pisedtasalasai (2006) showed that the returns and
volatilities of smaller stocks have less impact on the future dynamics of large stocks. In addition,
Ap Gwilym et al. (2014) found that contemporaneous returns increase with the Google search vol-
ume of penny stocks, showing that individual investors’ speculative demands can be referenced
from penny stocks’ searching demand. This finding is consistent with the claim that individual
investors are net buyers of attention-grabbing stocks (Barber and Odean 2008). Investors there-
fore may look for profitable opportunity in penny stocks that have drawn attention in the media.
Some investors may even treat certain stocks as a kind of lottery, implying that they may take
advantage of a small loss for a small chance of higher gains (Barberis and Huang 2008; Kumar
2009; Markowitz 1952; Shefrin and Statman 2000; Statman 2002).

As information on penny stocks is often less reported in traditional media, investors may search
for more information on penny stocks in social media to explore potential investment returns. Be-
cause of market inefficiency, obtaining relevant information in social media could be very impor-
tant for predicting the future price movements of penny stocks. As a result, penny stocks can be a
particularly interesting topic in social media research. The effect of stock opinions in the context
of social media on the performance of penny stocks is a research gap in the literature. To the best
of our knowledge, our study is the first to investigate the relationship between social media and
penny stocks.

3 OUR STUDY

In this article, we study the impact of sentiment derived from social media on stock returns of
penny stocks. Different from previous research works, such as Chen et al. (2014), our work specifi-
cally investigated both positive and negative opinions on penny stocks that are of potential interest
to individual investors, institutional investors, shareholders, and regulators. The moderation ef-
fect on the net fraction of positive words at different price and MC levels was studied, which to
the best of our knowledge had not been performed in any previous research. Considering that
most penny stocks involve small companies containing relatively less information on its business
outlook and financial situation, social media serve as important data sources for investors to seek
investment advice. Social media are also good means for investors to discuss with each other on
the future financial performance of penny stocks. Given their low prices, penny stocks may have
greater fluctuations in prices. Despite that prices of penny stocks may be manipulated, WOM in

ACM Transactions on Management Information Systems, Vol. 9, No. 4, Article 14. Publication date: February 2019.
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the forum can be a useful reference for potential investors, and short-term potential gains may be
explored through analyzing the sentiment levels of stock-related information in the forum.

As discussed in our review, negative sentiment has been shown to have an impact on stock
performance. As our study specifically investigates penny stocks, potential investors may be in-
terested in both the positive and negative sentiments in the online articles. Unlike institutional
investors, individual investors normally buy stocks instead of short-sell. Investors may buy and
hold the low-priced stocks and be relatively more interested in the positive content of the articles.
It therefore is important to consider both the positive and negative words by seeing whether penny
stocks will be affected by the net fraction of positive words in stock discussion forums. Despite
being a simple measure, the use of the net fraction of positive words can cater to articles with
both positive and negative comments, which are particularly essential to predict future returns of
penny stocks.

The major research questions are as follows:

(1) How does the measure of sentiment level in social media help predict returns on penny
stocks?

(2) How would the moderation effect differ for penny stocks at different price and MC levels?
(3) Can some simple strategies using our constructed measure be formulated to gain potential

profits?

4 METHODOLOGY AND DATA

4.1 Methodology

Our research method involves four steps: developing programs, consolidating the data, running
regressions, and making predictions. Our method is similar to those reported in previous studies
(e.g., Chen et al. 2014). These steps facilitate both the data collection and data analyses process. In
case some additional data or analyses are needed, the relevant step can be repeated. The details
are discussed as follows.

Step 1: Develop Programs to Collect Articles and Financial Data

Considering that a large amount of data are involved in both social media (e.g., SA) and financial
data (e.g., Compustat), we first selected the potential required fields and data in the first step. Java
programs were written to extract the necessary data and store them in the server to facilitate
further processing.

Step 2: Consolidate the Data and Perform Calculations

Textual analyses. In the second step, the data extracted were consolidated and textual analyses
were conducted. Using the positive and negative word list by Loughran and McDonald (2011)
for financial markets, textual analyses were performed to compute the proportions of positive
and negative words in the articles and comments. Attention was also paid to the negation cases
involving words such as not, aren’t, and isn’t. In such cases, the opposite sentiment would be used
when calculating the proportions.

Let Posi ,t (Negi ,t) be the average fraction of positive (negative) words across all articles published
on the selected social media about company i on day t; we construct a measure

NPosi ,t ≡ Posi ,t − Neдi ,t ,

which we call the net fraction of positive words5 across all articles published on social media about
company i on day t. We will investigate how it affects the returns of penny stocks in the regression
analyses.

5For a robustness check, alternative definitions were considered and will be discussed in Section 5.2.

ACM Transactions on Management Information Systems, Vol. 9, No. 4, Article 14. Publication date: February 2019.
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Defining penny stocks. We define a penny stock as one with price $P prior to the publication
of the social media article being less than $x (cut-off price, where x = 5 according to the SEC).
It should be noted that as the social media platform we use (SA) has an extra scrutiny on stocks
trading at less than $1, there is a limitation on the coverage for such stocks. However, there are
higher credentials on investors’ confidence in the presence of such scrutiny. Because stock prices
may fluctuate around $x (i.e., P may be larger than or less than x at different time points), we first
use the following method to define whether a stock is a penny stock:

(I) Method to define penny stock (Definition 1):

Let an article’s posting time = s, current date = t, OPt = opening price on date t, CPt = closing
price on date t, P = chosen price, and Pen1(x) = indicator variable for penny stock with a cut-off
price of $x based on this definition.

Case 1: s is on a trading day t

(1) If s is before opening of the stock market, set P = CPt′ , where t′ is the closest prior trading
date.

(2) If s is on or after opening of the stock market but before closing, set P = OPt.
(3) If s is on or after closing of the stock market, set P = CPt.

Case 2: s is not on a trading day t

Set P = CPt′ , where t′ is the closest prior trading date.
If P in the preceding Cases 1 or 2 is < x, set Pen1(x) = 1 (penny stock).
Else, set Pen1(x) = 0 (non-penny stock).

The reason for using the price before the publication of social media articles is to ensure that
all penny stocks are defined based on the information prior to the release of the articles. This
facilitates our analyses to see if there are price changes of the penny stocks after the expression of
views in the articles.

For a robustness check, we also considered an alternative definition of penny stocks using the
average of the previous 30 trading days’ closing prices.

(II) Method to define penny stock (Definition 2):

Let the article’s posting time = s, current date = t, P = chosen price, and Pen2(x) = indicator
variable for penny stock with a cut-off price of $x based on this definition.

Case 1: s is on a trading day t

(1) If s is before closing of the stock market, set P = average of past 30 trading days’ closing
prices (excluding day t).

(2) If s is on or after closing of the stock market, set P = average of past 30 trading days’
closing prices (including day t).

Case 2: s is not on a trading day t

Set P = average of past 30 trading days’ closing prices.
If P in Cases 1 or 2 is < x, set Pen2(x) = 1 (penny stock).
Else, set Pen2(x) = 0 (non-penny stock).

As in Chen et al. (2014), we grouped the articles on a firm-day level based on the articles’ pub-
lication date. In other words, the observations are grouped by both the firm and day. For instance,
if there are three articles commenting on the company Google on the same date, we will treat
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these articles as one observation and the proportion of positive/negative words will be averaged
across the same firm on the same firm day. As the observations are grouped in a firm-day level,
the definitions of penny stocks for the articles on the same day may differ depending on whether
the article was posted before or after closing of the stock market (although we also checked that
the number of such cases is very small). In a firm-day level, we constructed the variables IPen1(x)
and IPen2(x) as follows:

IPen1(x ) = 1(penny stock) if Pen1(x ) = 1 ∀ articles on the same publication date
= 0(non-penny stock) otherwise.

IPen2(x ) = 1(penny stock) if Pen2(x ) = 1 ∀ articles on the same publication date
= 0(non-penny stock) otherwise.

In this way, the definition of penny stocks used in the regressions in the firm-day level would be
consistent. Both methods of defining the penny stocks have their own merits. The first definition
considers the stock price of the penny stocks on a single day and thus reflects the latest status of
the stock. The second definition considers the average of 30 prior closing prices. This will avoid
the penny stock status of a stock changing too quickly even when its price fluctuates around $5.
As will be discussed in Section 5, including both methods can serve as a robustness check and they
show similar results.

Formation of matching portfolios. A value-weighted matching portfolio consisting of simi-
lar size, book-to-market ratio, and past 1-year return was formed for each stock in our study as
a comparison benchmark, in a way similar to the work by Daniel et al. (1997). Specifically, the
stocks listed in NYSE, AMEX, and NASDAQ were placed into 125 portfolios. Abnormal returns,
defined as raw returns of the stock minus the returns of its matching portfolios (Chen et al. 2014),
were calculated. The idea is to see whether the stock mentioned in the articles can outperform
its matching portfolio with similar characteristics. The abnormal return is used as a dependent
variable in the regression analyses.

Calculations and derivations of variables for regression analyses. Calculations of variables
and other controls (e.g., S&P 500 returns, volatility of stocks, and analysts’ upgrades/downgrades)
needed for running regression analyses were also performed.

Step 3: Run Regressions and Related Analyses

We investigated how the effects of stock opinions affect raw and abnormal returns on penny
stocks using regressions in the third step. Fixed year/month effects together with fixed sector
effects were included in the regressions as controls. As will be discussed in detail in Section 5,
related regressions were run and graphs were plotted to study the direct and moderation effects.
The graphs would then serve to investigate whether there are any strengthening effects when
price levels of penny stocks vary.

Robustness checks were performed to check whether our results remained valid using the two
definitions of penny stocks discussed earlier. Noting the results from regressions was an important
step: Special attention was paid to choose the desired dependent variables for regressions and to
see if more variables were needed as controls. If additional data were required to investigate the
particular effects, the first and second steps were repeated to produce the required input data for
regressions.

Step 4

In the final step, we tested whether we can make use of our findings to perform some predictions.
Specifically, can penny stocks be really profitable and earn abnormal returns based on social media
information? We used the values of our measure NPos to perform some simple predictions. Using
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Table 2. List of Major Variables Used in the Analyses

Variable Descriptions
Posi ,t Average fraction of positive words across all articles published on SA about

company i on day t

Negi ,t Average fraction of negative words across all articles published on SA about
company i on day t

NPosi ,t Average net fraction of positive words across all articles published on SA about
company i on day t

PosComi ,t Average fraction of positive words across all SA comments to the SA article about
company i from days t to t+1

NegComi ,t Average fraction of negative words across all SA comments to the SA article about
company i from days t to t+1

NPosComi ,t Average net fraction of positive words across all SA comments to the SA article
about company i from days t to t+1

IPen1(x) Indicator variable for penny stock using a threshold of $x according to
Definition 1 (i.e., treated as penny stock if Pen1(x) = 1 ∀ SA articles on the same
publication date); IPen1(x) = 1 for penny stock. and IPen1(x) = 0 if otherwise

IPen2(x) Indicator variable for penny stock using a threshold of $x according to
Definition 2 (i.e., treated as penny stock if Pen2(x) = 1 ∀ SA articles on the same
publication date); IPen2(x) = 1 for penny stock, and IPen2(x) = 0 if otherwise

Reti,t ,t+x Holding period return of company i from days t to t+x

AReti ,t ,t+x Abnormal return of company i from days t to t+x

SP5Rett ,t+x Holding period return of S&P 500 index from days t to t+x

UpAnalysti ,t Number of analysts upgrading company i on day t

DnAnalysti ,t Number of analysts downgrading company i on day t

L_MCi ,t Indicator for large value of MC of company i on day t; MC (in millions) is defined
as price multiplied by the number of shares of company i on day t; L_MCi ,t = 1 for
companies with MC above the median, and L_MCi ,t = 0 if otherwise

Btmi ,t Book-to-market value ratio of company i at day t

Volt,t+x Volatility (standard deviation) of the returns of company i from days t to t+x

simple strategies, the returns for buying penny versus non-penny stocks in both the short and
long term would be investigated. The performance of penny stocks using the measure NPos would
also be compared to that using only negative words, Neg.

4.2 Data

The sources for the data used in our study consist of two categories:

(1) Social media data from SA (involving contents of the articles and comments, stock tickers,
dates of publication, stock sectors, article information, author information, etc.)

(2) Financial data (including opening and closing prices of stocks, MC and book-to-market
ratios of firms, S&P 500 indices prices, analysts’ upgrade and downgrade information, etc.).

The list of major variables used in the analyses is shown in Table 2.

Social media data. To study the effect of stock opinions in social media, particularly on penny
stocks, we need to choose an appropriate data source with stock-related views that can possibly
affect stock performance. We chose SA as our data source for stock opinions because it has broad
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Fig. 1. An SA article on a penny stock (SIRI) and its stock price chart from Yahoo! Finance.

coverage of stocks, including more than 3,000 small and medium capitalization stocks. It has higher
credibility because the editor’s picks and the numbers of followers for the authors is included.
The articles that the authors submit must interest the readers (e.g., whether the article helps a
fundamentally oriented investor decide whether to buy or sell the stock in question, whether the
article provides meaningful information about the company) and conform to a standard of rigor
and clarity. The author must agree in writing to a disclosure standard. SA is also used in some
previous studies to analyze the effect of stock opinions (Chen et al. 2011, 2014; Fotak 2008).

In addition, SA contributors can earn $10 per 1,000 page views and a guaranteed minimum of
$500 when an article is classified as “Top Idea”. Flexible bonuses are also provided to authors for
outstanding contributions. As a result, authors have the incentive to produce high-quality articles
to build their reputation. It is also convenient for investors because daily email alerts and SA apps
are available for Android, iPhone, and iPad. SA therefore is a suitable platform for our research,
which demands credible stock information, particularly for penny stocks.

In SA, stock tickers relevant to an article are listed under the article title. In the example shown
in Figure 1, only the stock SIRI is included; we refer to this as a single-ticker article. As seen in the
“Tagged” section at the bottom of the passage, SA also provides us a convenient way to classify the
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Fig. 2. An SA article excluded from our analyses.

sector of the stock as “Services.” In this article, we have double-underlined the positive words and
boxed the negative words. According to the textual analysis result of this article, the proportion of
positive words far exceeds that of negative ones, reflecting an overall positive view of the penny
stock. Comments on the article can also be posted by the readers if they wish.

By looking at the stock price chart, the price prior to publication of the SA article was $0.50 on
August 11, 2009. Over just a few weeks after the release of the SA article, the stock price went up to
more than $0.70, although it dropped in price later in longer duration. It seems that penny stocks
may be profitable given an optimistic view in stock prices as reflected in the article. Nevertheless,
this is only one particular sample and cannot be conclusive. More rigid analyses are needed, as
detailed in Section 5.

Articles posted on SA from January 2005 to February 2014 were included in our study. We con-
sidered stocks listed in NASDAQ, NYSE, and AMEX and excluded funds and indices. To avoid very
short, uninteresting, and “advertisement” articles, we only included articles with at least one com-
ment from users posted on the same or next day. This ensured that articles with no comments or
no attention from investors, which in other words did not constitute in the price reflection pro-
cess, were excluded in our analyses. An example of such an excluded article is shown in Figure 2.
In addition, Figure 1 shows an SA article on a penny stock together with its stock price chart in
Yahoo! Finance.

As shown in Figure 2, the article did not have any comments and possibly did not draw much
attention from the readers.6 The article itself was also quite short and did not involve any personal
views. It simply quoted from “Dealing Floor” and acted like an “advertisement” post. This article
was deleted from our observations.

Articles in SA are tagged with one or more stock tickers. We only considered single-ticker arti-
cles, as textual analyses would be difficult to perform if two or more stocks are mentioned in the
same article. In addition, we required that the stocks selected must have data for all the control
variables needed in the regressions (excluding analysts’ upgrades and downgrades, which will be
treated as 0 if missing). In total, we have 51,561 firm-day observations covering 2,872 tickers. The
summary statistics on sentiment in SA articles are shown in Table 3.

SA categorizes the stocks into 9 sectors: Basic Materials, Technology, Consumer, Financial,
Healthcare, Industrial, Services, Utilities, and Conglomerates. The proportions of each sector in
the observations are listed in Table 4.

From Table 4, most of the articles are in technology (e.g., Apple, Yahoo) and services (e.g., Ama-
zon, eBay) sectors with proportions of 23.7% and 20.2%, respectively. To cater to the differential

6One may believe that there might exist some articles that could draw attention from readers, yet they were difficult to

be commented. We have checked that for popular articles, there were often at least several comments, such as “I agree,”

and “Well-written,” even though it might not be easy to comment on them. We therefore assume that such articles with

no comments were possibly those that did not draw much attention from readers.
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Table 3. Summary Statistics of Sentiment Level in SA

Articles on a Firm-Day Level

Variable Mean Median Standard Deviation
Posi ,t 0.013 0.012 0.007
Negi ,t 0.013 0.012 0.009
NPosi ,t –0.001 0.000 0.012

PosComi ,t 0.015 0.011 0.018
NegComi ,t 0.014 0.012 0.015
NPosComi ,t 0.000 0.000 0.025

Table 4. Proportion of Sectors

of the Observations on a

Firm-Day Level

Basic Materials 16.1%
Technology 23.7%
Consumer 9.4%
Financial 12.1%

Healthcare 11.1%
Industrial 4.4%
Services 20.2%
Utilities 1.5%

Conglomerates 1.3%

effect of various sectors on stock returns, fixed effects on sectors were included in the regression
analyses.

Financial data. Stock price–related data (e.g., opening and closing prices of stocks, MC and
book-to-market ratios of firms, S&P 500 indices prices) were obtained from Compustat, whereas
analysts’ related data (e.g., dates for analysts’ upgrades and downgrades, ratings given by analysts)
were retrieved from the Institutional Brokers’ Estimate System. Using a cut-off price of $2.50, $5
(the SEC’s definition), and $7.50, the number of observations treated as penny and non-penny
stocks in a firm-day level is listed in Table 5.

Penny stocks constitute about 12% of our observations using a cut-off price of $5. The proportion
remains robust using either Definition 1 or Definition 2. With the cut-off price defined as $2.50
and $7.50, the proportions of penny stocks change to around 5% and 17%, respectively. Although
penny stocks constitute around 12% in the SEC’s definition, we are interested in investigating
whether these stocks can in fact earn abnormal profits compared to non-penny ones. As described
earlier in Table 2, several financial variables are used in our study. The dependent variables for
the regressions are abnormal returns and raw returns of the stocks. A raw return for a stock i

(i.e., Reti, t, t+x) is the holding period return from trading days t to t+x, whereas an abnormal return
(i.e., AReti, t, t+x) is the difference between a raw return and the corresponding return of the stock’s
matching portfolio.

5 MAIN RESULTS AND ANALYSES

5.1 Summary Statistics

The summary statistics of major stock-related variables on a firm-day level are listed in Table 6.
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Table 5. Number and Proportions of Penny and Non-Penny Stocks on a Firm-Day Level

Definition 1 Definition 2
Stocks No. of Observations Proportion No. of Observations Proportion

Cut-off price = $2.50

Penny stocks 2,737 5.3% 2,752 5.3%
Non-penny stocks 48,824 94.7% 48,809 94.7%

Cut-off price = $5 (the SEC’s definition)

Penny stocks 6,343 12.3% 6,307 12.2%
Non-penny stocks 45,218 87.7% 45,254 87.8%

Cut-off price = $7.50

Penny stocks 8,830 17.1% 8,790 17.0%
Non-penny stocks 42,731 82.9% 42,771 83.0%

Total 51,561 100% 51,561 100%

Table 6. Summary Statistics of Major Stock-Related

Variables on a Firm-Day Level

Variable Mean Median Standard Deviation
Dependent variables

Reti,t,t+1 0.001 0.000 0.038
Reti,t,t+2 0.002 0.001 0.053
Reti,t,t+3 0.002 0.001 0.065
Reti,t,t+5 0.003 0.002 0.082
Reti,t,t+10 0.006 0.004 0.114
Reti,t,t+15 0.009 0.006 0.138
Reti,t,t+21 0.012 0.008 0.162
Reti,t,t+42 0.025 0.017 0.232
Reti,t,t+63 0.035 0.024 0.279
AReti,t,t+1 0.000 0.000 0.034
AReti,t,t+2 0.000 0.000 0.047
AReti,t,t+3 0.001 0.000 0.057
AReti,t,t+5 0.001 –0.001 0.071
AReti,t,t+10 0.001 0.000 0.097
AReti,t,t+15 0.002 –0.001 0.120
AReti,t,t+21 0.002 –0.001 0.140
AReti,t,t+42 0.004 –0.002 0.198
AReti,t,t+63 0.005 –0.006 0.239

Control variables

L_MCi ,t 0.499 0.000 0.500
Btmi ,t 0.654 0.382 2.429

Reti,t-252,t 0.180 0.059 0.794
IPen1(5) 0.123 0.000 0.328
Volt-21,t 0.052 0.036 0.067

UpAnalysti ,t 0.007 0.000 0.096
DnAnalysti ,t 0.008 0.000 0.110
SP5Reti,t,t+1 0.001 0.001 0.012
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Table 7. Correlation Matrix of Major Stock-Related Variables on a Firm-Day Level

AReti , t , t+1 NPosi , t IPen1(5) NPosComi , t UpAnalysti , t DnAnalysti , t SP5Rett , t+x AReti , t−1, t Volt−21, t

AReti , t , t+1 1.000

NPosi , t 0.024 1.000

IPen1(5) 0.033 –0.042 1.000

NPosComi , t 0.009 0.170 –0.001 1.000

UpAnalysti , t –0.000 0.001 0.005 0.002 1.000

DnAnalysti , t –0.000 –0.005 0.006 –0.001 0.124 1.000

SP5Rett , t+x 0.010 0.012 0.007 –0.002 –0.009 –0.002 1.000

AReti , t−1, t 0.032 0.067 0.037 0.021 0.008 –0.008 0.003 1.000

Volt−21, t 0.001 –0.115 0.227 –0.045 –0.002 –0.004 0.009 0.116 1.000

The correlation matrix for the dependent variable AReti, t, t+1 and other independent variables
on a firm-day level is listed in Table 7.

It seems difficult to earn profits in the stock market because average raw returns are less than
4%, whereas the abnormal returns are even near to 0% for holding periods ranging from 1 to 63
trading days. If stock opinions in forums serve as useful clues in predicting future returns, they can
be informative particularly to penny stocks given their small investing prices. Our main results
and analyses are discussed in the following.

5.2 Effects of Stock Opinions on Stock Returns for Penny Stocks

We first investigated how stock opinions affect the returns on penny stocks. We ran regressions
using abnormal returns as follows:

AReti ,t,t+x = β0 + β1NPosi ,t + β2NPosi ,t × IPen1(5) + β3IPen1(5) + β4NPosComi ,t + γC + εi ,t ,

where C is a vector of control variables including the analysts’ upgrades/downgrades, lagged ab-
normal returns, volatility of stock returns, and S&P 500 index returns. Year and month fixed effects,
as well as sector fixed effects, were also included as controls. In our analyses on holding period
returns, we considered only trading days and assumed that each month has 21 trading days. Both
the holding period abnormal returns for shorter periods from 1 to 15 days (x = 1, 2, 3, 5, 10, and
15) and longer periods from 1 to 3 months (x = 21, 42, and 63) were studied. Heteroskedasticity
robust standard errors were used in the regressions. The results are shown in Table 8.

From Table 8, it can be seen that the coefficient of NPosi ,t is highly significant for nearly all
regressions, although the significance becomes relatively smaller in longer periods. This shows
that our measure NPosi ,t can help predict future abnormal returns after controlling for various
factors such as analysts’ upgrades, volatility of stock returns, and S&P 500 index returns. The use
of both negative and positive words is important because although negative voices may draw more
attention than positive ones in general (Luo 2007), some investors may buy stocks with low prices
to gamble for potential gains (Kumar 2009). As a result, such investors will be interested in both
the positive and negative news for gaining considerable profits with a small amount of investment.
Considering that information on penny stocks is relatively less available in traditional media, both
positive and negative stock opinions can be influential in affecting future stock prices in the short
period.

It is important to note that the coefficient of IPen1(5) remains significant for all regressions.
This is an interesting finding. One possible explanation is that since the trading volume of penny
stocks is low, some reactions on an SA article by a few investors may already make an impact on
the stock price, whereas such reactions would be less prominent or even negligible for non-penny
stocks since the trading volume is high. As a result, this implies that stock forums do have a role
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Table 8. Regression of Abnormal Returns (Using IPen1(5))

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Variables AReti ,t ,t+1 AReti ,t ,t+2 AReti ,t ,t+3 AReti ,t ,t+5 AReti ,t ,t+10 AReti ,t ,t+15 AReti ,t ,t+21 AReti ,t ,t+42 AReti ,t ,t+63

NPosi ,t 0.0652*** 0.0861*** 0.0971*** 0.120*** 0.136*** 0.158*** 0.175*** 0.175** 0.145*

(4.856) (4.692) (4.363) (4.458) (3.712) (3.545) (3.498) (2.498) (1.673)

NPosi ,t×IPen1(5) 0.121* 0.0938 0.0162 –0.144 –0.139 –0.723** –0.975*** –1.850*** –1.185*

(1.648) (0.899) (0.129) (–0.745) (–0.567) (–2.281) (–2.617) (–3.408) (–1.944)

IPen1(5) 0.00355*** 0.00553*** 0.00525*** 0.00647*** 0.00996*** 0.0137*** 0.0152*** 0.0250*** 0.0402***

(4.902) (5.265) (4.235) (4.105) (4.518) (4.873) (4.833) (5.911) (7.797)

NPosComi ,t 0.00667 0.00493 0.00297 0.00319 –0.00220 –0.00578 –0.00331 0.0120 –0.0170

(1.185) (0.650) (0.316) (0.276) (–0.145) (–0.283) (–0.153) (0.396) (–0.475)

UpAnalysti ,t 0.000243 0.00106 –0.000585 –0.00115 0.00120 0.00503 0.00505 0.000211 0.00392

(0.156) (0.548) (–0.259) (–0.320) (0.199) (0.672) (0.670) (0.0212) (0.357)

DnAnalysti ,t 8.91e-05 4.60e-06 0.000870 –0.00156 –0.00312 –0.00598* –0.00435 –0.00925 –0.00687

(0.0862) (0.00353) (0.502) (–0.783) (–1.069) (–1.668) (–1.022) (–1.537) (–0.863)

UpAnalysti ,t−1 –0.00135 –0.00277 –0.00247 –0.000698 –0.00348 –0.000982 0.000735 0.00387 0.00434

(-0.861) (–1.256) (–1.016) (–0.206) (–0.710) (–0.185) (0.117) (0.427) (0.406)

DnAnalysti ,t−1 –0.000412 –0.000433 –0.00193 –0.00248 –0.00288 –0.00136 –0.000550 –0.000620 0.0139*

(-0.335) (–0.222) (–0.815) (–0.973) (–0.815) (–0.344) (–0.123) (–0.0982) (1.655)

UpAnalysti ,t−2 –0.00236* –0.000743 0.00134 0.00462 0.00234 0.00210 0.00709 0.0138 0.0136

(-1.699) (–0.392) (0.486) (1.142) (0.384) (0.317) (0.951) (1.452) (1.180)

DnAnalysti ,t−2 –0.000148 –0.00242 –0.00465** –0.00595** –0.00501 –0.00791* –0.00857* –0.00956 –0.00662

(-0.124) (–1.347) (–2.351) (–2.457) (–1.565) (–1.906) (–1.684) (–1.575) (–0.667)

SP5Rett ,t+x 0.0292 0.0315 0.0562*** 0.0554*** 0.0896*** 0.0728*** 0.0667*** 0.104*** 0.103***

(1.261) (1.473) (2.838) (2.810) (3.798) (3.825) (3.564) (4.477) (3.839)

AReti ,t−1,t 0.0165 0.0115 0.0122 0.0113 –0.0260 –0.0476 –0.0236 –0.0458 –0.0422

(1.534) (1.011) (0.830) (0.658) (–1.121) (–1.478) (–0.925) (–1.180) (–0.946)

AReti ,t−2,t−1 –0.0199** –0.0425*** –0.0492*** –0.0528*** –0.0932*** –0.122*** –0.0833*** –0.101** –0.116***

(-2.425) (–3.698) (–3.886) (–3.222) (–3.932) (–3.368) (–2.627) (–2.378) (–2.578)

AReti ,t−3,t−2 0.00465 –0.00193 –0.00928 –0.0252 –0.0254 –0.0428 –0.0281 –0.0319 –0.0302

(0.567) (–0.140) (–0.572) (–1.614) (–1.073) (–1.454) (–0.786) (–0.656) (–0.535)

AReti ,t−63,t−3 –0.00269*** –0.00280** –0.00298 –0.00592*** –0.0103*** –0.0119*** –0.00751** –0.0187*** –0.0196***

(–2.759) (–2.085) (–1.623) (–2.914) (–3.904) (–3.780) (–2.051) (–3.785) (–3.387)

Volt−21,t 0.00157 –0.00653 –0.00330 –0.00624 0.00684 0.0197 –0.0123 0.0168 0.0164

(0.261) (–0.801) (–0.319) (–0.548) (0.422) (0.885) (–0.537) (0.625) (0.466)

Year & month fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes

Sector fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes

Constant 0.00616 0.0142 0.0193 0.0118 0.0306* 0.0239 0.0254 0.0704** 0.00596

(0.763) (0.568) (0.594) (0.660) (1.879) (1.310) (0.661) (2.059) (0.125)

Observations 51,561 51,561 51,561 51,561 51,561 51,561 51,561 51,561 51,561

Adjusted R2 0.004 0.005 0.004 0.005 0.009 0.011 0.010 0.017 0.020

Robust t-statistics are shown in parentheses.

***p < .01, **p < .05, *p < .1.

not only in reflecting views on the stock market but also in helping investors select penny stocks
for potential investments.

Nevertheless, we also need to consider the moderation effect of penny stocks on the net
fraction of positive words as reflected in the coefficient of NPosi ,t × IPen1(5). Interestingly, penny
stocks have a positive moderation effect for shorter terms of 1 to 3 days but a significant negative
moderation effect in longer terms. Considering that investors can rely on social media to explore
profits for penny stocks, low-priced stocks with more positive views may be preferred by more
investors and their prices may consequently rise in a short term. Nevertheless, as pointed out by
Zhang et al. (2012), potential gains may only last for a short term and price reversions can exist
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later after the stocks have been heavily discussed on a stock message board. Price reversions may
also happen because the price momentum effect can eventually reverse (Jegadeesh and Titman
1993; Lee and Swaminathan 2000). With the aim of exploring potential gains, investors for penny
stocks rationally prefer to acquire such gains in a short term if an opportunity arises. Such an
opportunity may last for only short period considering that the potential investor may capture
this valuable time in a short duration (e.g., one trading day only). Stock forums therefore can
provide instructive guidelines for penny stocks yielding more profitable returns in a short term
compared to non-penny ones.

It is interesting to note that although the positive moderation effect only lasts for one trading
day, the negative moderation effect lasts for a relatively long period (from t+15 to t+63) with high
coefficient values. One possible explanation is that when the stock is mentioned on social media
or when there is a news event with the company, investors may overreact and the stock price
overshoots. After the potential investment opportunity of the attention-seeking penny stocks has
been captured by the investors, it may become “ignored” or even “dumped” and their price may
reverse due to the reversion of the price momentum effect. Another possible explanation is that
other noises were captured by the abnormal return, as different events might happen over the
longer period.

Robustness check: Definition of NPos. Instead of solely using one definition of NPos, we also
performed regressions using three other definitions of NPos (denoted as NPosA, NPosB, and NPosC)
as follows:

NPosA ≡ 2Posi,t − Neдi,t

NPosB ≡ Posi,t − 2Neдi,t

NPosC ≡ (Posi,t − Neдi,t )/(Posi,t + Neдi,t )

with the corresponding

NPosComA ≡ 2PosComi,t − NeдComi,t

NPosComB ≡ PosComi,t − 2NeдComi,t

NPosComC ≡ (PosComi,t − NeдComi,t )/(PosComi,t + NeдComi,t ).

As our study specifically investigates penny stocks, potential investors may be interested in both
the positive and negative sentiments in the online articles. Nevertheless, it would be interesting
to investigate whether there are any difference in results if the positive or negative sentiments are
given higher weighting. As a demonstration, either the positive or negative sentiment is given a
double-weighting of 2 and alternative definitions for NPos and NPosCom are used. The results were
found to be similar, and for the sake of brevity, the results are included in Tables A.1 through A.3
in the Appendix.

Robustness check: Definition of penny stocks. For a robustness check, we also performed
regressions using Definition 2 of penny stocks as follows:

AReti ,t,t+x = β0 + β1NPosi ,t + β2NPosi ,t × IPen2(5) + β3IPen2(5) + β4NPosComi ,t + γC + εi ,t ,

where C is a vector of control variables including the analysts’ upgrades/downgrades, lagged ab-
normal returns, volatility of stock returns, and S&P 500 index returns. Year and month fixed effects,
as well as sector fixed effects, were also included as controls. The results are shown in Table 9,
which are very similar to those in Table 8.

Robustness check: Different cut-off prices as definition. We have been using $5 as the cut-off
in our definition of penny stocks. For a robustness check, we compared the coefficients of NPosi, t ×

ACM Transactions on Management Information Systems, Vol. 9, No. 4, Article 14. Publication date: February 2019.



14:18 K. K. Lo and M. Chau

Table 9. Regression of Abnormal Returns (Using IPen2(5))

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Variables AReti ,t ,t+1 AReti ,t ,t+2 AReti ,t ,t+3 AReti ,t ,t+5 AReti ,t ,t+10 AReti ,t ,t+15 AReti ,t ,t+21 AReti ,t ,t+42 AReti ,t ,t+63

NPosi ,t 0.0614*** 0.0828*** 0.0945*** 0.124*** 0.149*** 0.171*** 0.199*** 0.194*** 0.171*

(4.609) (4.544) (4.296) (4.601) (4.108) (3.786) (3.946) (2.743) (1.946)

NPosi ,t×IPen2(5) 0.152** 0.115 0.0295 –0.196 –0.285 –0.876*** –1.231*** –2.094*** –1.512**

(2.028) (1.094) (0.234) (–0.992) (–1.125) (–2.685) (–3.201) (–3.734) (–2.411)

IPen2(5) 0.00308*** 0.00466*** 0.00409*** 0.00567*** 0.00844*** 0.0127*** 0.0150*** 0.0246*** 0.0375***

(4.221) (4.455) (3.337) (3.584) (3.788) (4.298) (4.648) (5.698) (7.159)

NPosComi ,t 0.00669 0.00500 0.00311 0.00326 –0.00203 –0.00570 –0.00338 0.0119 –0.0170

(1.188) (0.659) (0.330) (0.283) (–0.134) (–0.279) (–0.157) (0.393) (–0.473)

UpAnalysti ,t 0.000165 0.000958 –0.000645 –0.00123 0.00106 0.00490 0.00488 –2.20e-07 0.00334

(0.107) (0.503) (–0.287) (–0.346) (0.178) (0.661) (0.655) (–2.26e-05) (0.312)

DnAnalysti ,t 0.000146 8.17e-05 0.000941 –0.00151 –0.00304 –0.00595* –0.00438 –0.00929 –0.00667

(0.141) (0.0629) (0.544) (–0.762) (–1.045) (–1.662) (–1.027) (–1.546) (–0.844)

UpAnalysti ,t−1 –0.00143 –0.00287 –0.00255 –0.000803 –0.00361 –0.00122 0.000467 0.00338 0.00361

(–0.915) (–1.309) (–1.058) (–0.238) (–0.746) (–0.233) (0.0748) (0.379) (0.344)

DnAnalysti ,t−1 –0.000401 –0.000413 –0.00190 –0.00246 –0.00284 –0.00132 –0.000515 –0.000568 0.0140*

(–0.327) (–0.212) (–0.807) (–0.964) (–0.804) (–0.334) (–0.116) (–0.0906) (1.689)

UpAnalysti ,t−2 –0.00241* –0.000808 0.00130 0.00452 0.00219 0.00182 0.00671 0.0132 0.0128

(–1.763) (–0.435) (0.476) (1.131) (0.364) (0.279) (0.914) (1.418) (1.137)

DnAnalysti ,t−2 –0.000148 –0.00240 –0.00462** –0.00589** –0.00491 –0.00773* –0.00835* –0.00916 –0.00622

(–0.124) (–1.343) (–2.344) (–2.448) (–1.543) (–1.877) (–1.648) (–1.535) (–0.636)

SP5Rett ,t+x 0.0291 0.0316 0.0564*** 0.0555*** 0.0896*** 0.0724*** 0.0660*** 0.104*** 0.103***

(1.260) (1.480) (2.847) (2.817) (3.799) (3.811) (3.539) (4.496) (3.847)

AReti ,t−1,t 0.0160 0.0108 0.0115 0.0105 –0.0270 –0.0495 –0.0256 –0.0497 –0.0475

(1.482) (0.949) (0.789) (0.615) (–1.165) (–1.533) (–1.004) (–1.280) (–1.068)

AReti ,t−2,t−1 –0.0204** –0.0434*** –0.0501*** –0.0542*** –0.0951*** –0.125*** –0.0878*** –0.109** –0.125***

(–2.486) (–3.776) (–3.958) (–3.295) (–3.996) (–3.450) (–2.764) (–2.556) (–2.784)

AReti ,t−3,t−2 0.00408 –0.00289 –0.0102 –0.0266* –0.0274 –0.0461 –0.0320 –0.0387 –0.0391

(0.498) (–0.209) (–0.629) (–1.701) (–1.154) (–1.562) (–0.899) (–0.800) (–0.693)

AReti ,t−63,t−3 –0.00283*** –0.00302** –0.00321* –0.00617*** –0.0107*** –0.0124*** –0.00802** –0.0197*** –0.0211***

(–2.880) (–2.241) (–1.748) (–3.044) (–4.027) (–3.936) (–2.196) (–3.996) (–3.650)

Volt−21,t 0.00204 –0.00562 –0.00196 –0.00540 0.00807 0.0212 –0.0119 0.0186 0.0195

(0.338) (–0.685) (–0.189) (–0.474) (0.497) (0.954) (–0.520) (0.690) (0.551)

Year & month fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes

Sector fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes

Constant 0.00611 0.0142 0.0192 0.0118 0.0306* 0.0241 0.0258 0.0710** 0.00644

(0.756) (0.565) (0.590) (0.660) (1.877) (1.320) (0.674) (2.079) (0.134)

Observations 51,561 51,561 51,561 51,561 51,561 51,561 51,561 51,561 51,561

Adjusted R2 0.004 0.004 0.004 0.005 0.008 0.011 0.010 0.017 0.020

Robust t-statistics are shown in parentheses.

***p < .01, **p < .05, *p < .1.

IPen1(x) and ran the abnormal return regressions for x = 2.5, 3, 3.5, . . . , 7, 7.5. The results of the
coefficients are shown in Table 10 and Figure 3.

Table 10 and Figure 3 give consistent results as expected. We also repeat the analyses using Def-
inition 2 of penny stock. Results are shown in Table A.4 and Figure A.1 in the Appendix, revealing
that our findings are robust.

Robustness check: Raw returns. As a comparison, we also ran regressions using raw returns
as follows:

Reti ,t,t+x = β0 + β1NPosi ,t + β2NPosi ,t × IPen1(5) + β3IPen1(5) + β4NPosComi ,t + γC
′ + εi ,t ,
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Table 10. Regression Coefficients of NPosi ,t × IPen1(x) in Abnormal Return Regression

for x = 2.5, 3, 3.5, . . . , 7, 7.5

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Variables AReti , t , t+1 AReti , t , t+2 AReti , t , t+3 AReti , t , t+5 AReti , t , t+10 AReti , t , t+15 AReti , t , t+21 AReti , t , t+42 AReti , t , t+63

NPosi , t×IPen1(2.5) 0.195* 0.147 –0.0427 –0.521 –0.881** –2.024*** –2.577*** –4.082*** –3.407***

(1.804) (0.871) (–0.213) (–1.488) (–1.985) (–3.520) (–3.739) (–3.987) (–2.996)

NPosi , t×IPen1(3) 0.155 0.135 0.00241 –0.408 –0.627* –1.537*** –2.022*** –3.246*** –2.482***

(1.410) (0.883) (0.0134) (–1.340) (–1.651) (–3.130) (–3.455) (–3.752) (–2.588)

NPosi , t×IPen1(3.5) 0.169* 0.146 –0.00683 –0.334 –0.513 –1.370*** –1.747*** –2.937*** –2.045**

(1.755) (1.097) (–0.0434) (–1.274) (–1.552) (–3.220) (–3.460) (–3.944) (–2.468)

NPosi , t×IPen1(4) 0.101 0.101 –0.0239 –0.272 –0.364 –1.084*** –1.397*** –2.400*** –1.472**

(1.165) (0.841) (–0.167) (–1.171) (–1.236) (–2.837) (–3.108) (–3.629) (–1.998)

NPosi , t×IPen1(4.5) 0.0903 0.0903 –0.00431 –0.216 –0.289 –0.936*** –1.223*** –2.204*** –1.491**

(1.156) (0.829) (–0.0330) (–1.051) (–1.109) (–2.745) (–3.043) (–3.739) (–2.267)

NPosi , t×IPen1(5) 0.121* 0.0938 0.0162 –0.144 –0.139 –0.723** –0.975*** –1.850*** –1.185*

(1.648) (0.899) (0.129) (–0.745) (–0.567) (–2.281) (–2.617) (–3.408) (–1.944)

NPosi , t×IPen1(5.5) 0.146** 0.138 0.0714 –0.0687 –0.108 –0.660** –0.852** –1.636*** –1.033*

(2.095) (1.395) (0.602) (–0.382) (–0.473) (–2.231) (–2.461) (–3.259) (–1.827)

NPosi , t×IPen1(6) 0.153** 0.185* 0.112 –0.0213 –0.0333 –0.531* –0.758** –1.532*** –0.981*

(2.274) (1.954) (0.973) (–0.125) (–0.154) (–1.909) (–2.325) (–3.255) (–1.844)

NPosi , t×IPen1(6.5) 0.171*** 0.209** 0.138 0.0284 0.0135 –0.415 –0.601** –1.364*** –0.863*

(2.675) (2.337) (1.274) (0.177) (0.0666) (–1.590) (–1.963) (–3.085) (–1.716)

NPosi , t×IPen1(7) 0.166*** 0.191** 0.111 0.0309 0.000820 –0.366 –0.568* –1.232*** –0.799*

(2.715) (2.231) (1.060) (0.201) (0.00421) (–1.466) (–1.943) (–2.931) (–1.672)

NPosi , t×IPen1(7.5) 0.157*** 0.194** 0.125 0.0620 0.0851 –0.270 –0.455* –1.094*** –0.774*

(2.725) (2.406) (1.267) (0.429) (0.464) (–1.152) (–1.653) (–2.759) (–1.719)

Robust t-statistics are shown in parentheses.

***p < .01, **p < .05, *p < .1.

Fig. 3. Moderation effect of penny stocks for different cut-off prices (Definition 1).
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Table 11. Regression of Raw Returns (Using IPen1(5))

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Variables Reti ,t ,t+1 Reti ,t ,t+2 Reti ,t ,t+3 Reti ,t ,t+5 Reti ,t ,t+10 Reti ,t ,t+15 Reti ,t ,t+21 Reti ,t ,t+42 Reti ,t ,t+63

NPosi ,t 0.0668*** 0.0937*** 0.108*** 0.136*** 0.170*** 0.197*** 0.201*** 0.227*** 0.175*

(4.683) (4.737) (4.507) (4.760) (4.289) (4.153) (3.786) (2.993) (1.870)

NPosi ,t×IPen1(5) 0.116 0.0968 0.00233 –0.151 –0.253 –1.055*** –1.357*** –2.405*** –1.888***

(1.478) (0.876) (0.0175) (–0.740) (–0.930) (–3.006) (–3.260) (–3.903) (–2.736)

IPen1(5) 0.00365*** 0.00617*** 0.00610*** 0.00741*** 0.0123*** 0.0182*** 0.0209*** 0.0372*** 0.0572***

(4.773) (5.578) (4.678) (4.508) (5.155) (5.676) (6.083) (7.851) (10.07)

NPosComi ,t 0.00785 0.00353 0.000577 –0.00357 –0.00269 –0.000125 –0.00558 0.0174 –0.00470

(1.323) (0.441) (0.0584) (–0.295) (–0.168) (–0.00575) (–0.244) (0.542) (–0.123)

L_MCi ,t –0.000185 –0.000316 –0.000445 –0.000235 0.00151* 0.00254** 0.00245* 0.00457*** 0.00661***

(–0.568) (–0.718) (–0.813) (–0.351) (1.670) (2.410) (1.950) (2.582) (3.015)

Btmi ,t 0.000399** 0.000724** 0.000903** 0.00182** 0.00464** 0.00496** 0.00572*** 0.0103*** 0.0109***

(2.258) (2.013) (2.033) (2.020) (2.250) (2.312) (2.710) (2.717) (2.886)

Reti ,t−252,t –8.36e-06 0.000380 0.000874* 0.000993 0.00331*** 0.00468*** 0.00500*** 0.00961*** 0.0110***

(–0.0280) (0.919) (1.713) (1.532) (3.360) (4.181) (3.858) (5.170) (5.085)

UpAnalysti ,t 0.000163 0.000685 –0.000943 –0.00250 –0.000729 0.00172 0.00126 –0.00271 –0.00151

(0.106) (0.351) (–0.403) (–0.644) (–0.115) (0.208) (0.148) (–0.248) (–0.127)

DnAnalysti ,t –1.50e-05 0.000467 0.00114 –0.00147 –0.00474 –0.00962** –0.00932* –0.0171** –0.0174*

(–0.0135) (0.323) (0.618) (–0.677) (–1.428) (–2.315) (–1.891) (–2.422) (–1.913)

UpAnalysti ,t−1 –0.00101 –0.00221 –0.00251 –3.92e-05 –0.00230 –0.000201 –0.000391 0.00246 0.00650

(–0.558) (–0.926) (–0.935) (–0.0105) (–0.434) (–0.0336) (–0.0555) (0.252) (0.585)

DnAnalysti ,t−1 –0.000177 –0.000681 –0.000840 –0.00153 –0.00287 –0.00220 –0.00264 –0.00384 0.00849

(–0.132) (–0.320) (–0.328) (–0.571) (–0.774) (–0.535) (–0.506) (–0.533) (0.910)

UpAnalysti ,t−2 –0.00223 0.000163 0.00296 0.00651 0.00343 0.00356 0.00720 0.0130 0.0165

(–1.583) (0.0812) (1.054) (1.544) (0.526) (0.478) (0.844) (1.243) (1.398)

DnAnalysti ,t−2 0.000562 –0.00128 –0.00254 –0.00408 –0.00555 –0.0111** –0.0128** –0.0129* –0.0111

(0.415) (–0.600) (–1.073) (–1.447) (–1.581) (–2.433) (–2.108) (–1.809) (–1.087)

SP5Rett ,t+x 1.209*** 1.246*** 1.295*** 1.313*** 1.355*** 1.320*** 1.333*** 1.399*** 1.391***

(47.58) (53.52) (59.18) (59.06) (51.26) (62.95) (64.03) (52.68) (47.84)

Reti ,t−1,t 0.0229** 0.0245** 0.0253* 0.0286* –0.0149 –0.0350 0.00441 –0.0170 –0.0252

(2.341) (2.286) (1.834) (1.941) (–0.606) (–0.958) (0.160) (–0.473) (–0.556)

Reti ,t−2,t−1 –0.0126 –0.0345*** –0.0433*** –0.0440*** –0.0905*** –0.119*** –0.0764** –0.0923** –0.121***

(–1.535) (–2.934) (–3.415) (–2.752) (–3.905) (–3.429) (–2.483) (–2.229) (–2.741)

Reti ,t−3,t−2 –0.000248 –0.00742 –0.0156 –0.0324** –0.0398* –0.0491* –0.0274 –0.0495 –0.0665

(–0.0304) (–0.572) (–1.005) (–2.025) (–1.699) (–1.748) (–0.844) (–1.038) (–1.186)

Reti ,t−63,t−3 –0.00263*** –0.00340** –0.00448** –0.00689*** –0.0142*** –0.0188*** –0.0156*** –0.0339*** –0.0361***

(–2.776) (–2.494) (–2.371) (–3.224) (–4.822) (–5.068) (–3.840) (–5.985) (–5.604)

Volt−21,t 0.00295 –0.00339 0.00395 0.00525 0.0319* 0.0566** 0.0305 0.0839** 0.0910**

(0.454) (–0.375) (0.346) (0.407) (1.697) (2.128) (1.115) (2.512) (2.155)

Year & month fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes

Sector fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes

Constant 0.00462 0.0151 0.0214 0.0109 0.0371* 0.0334 0.0330 0.0712* 0.0123

(0.522) (0.550) (0.616) (0.493) (1.864) (1.565) (0.830) (1.945) (0.224)

Observations 51,561 51,561 51,561 51,561 51,561 51,561 51,561 51,561 51,561

Adjusted R2 0.147 0.143 0.152 0.154 0.166 0.164 0.163 0.184 0.189

Robust t-statistics are shown in parentheses.

***p < .01, **p < .05, *p < .1.

where C′ is a vector of control variables including the analysts’ upgrades/downgrades, lagged
returns, volatility of stock returns, and S&P 500 index returns. Considering that the dependent
variable is now the raw return, additional controls on the large MC indicator, book-to-market
ratio, and past 1-year return are added. Year and month fixed effects, as well as sector fixed effects,
were also included as controls. As before, we considered the holding period returns for both shorter
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periods from 1 to 15 days (x = 1, 2, 3, 5, 10, and 15) and longer periods from 1 to 3 months (x = 21,
42, and 63). The results are shown in Table 11.

Comparing the results to those using the abnormal returns, our findings remain robust. One ob-
servation is that the values of adjusted R2 using raw returns are higher than those using abnormal
ones, which is expected because raw returns are relatively much easier to predict and result in a
better fitting.

For a robustness check, we performed the analysis on raw returns using Definition 2 of penny
stocks:

Reti ,t,t+x = β0 + β1NPosi ,t + β2NPosi ,t × IPen2(5) + β3IPen2(5) + β4NPosComi ,t + γC
′ + εi ,t ,

where C′ is a vector of control variables including the analysts’ upgrades/downgrades, lagged
returns, volatility of stock returns, S&P 500 index returns, large MC indicator, book-to-market
ratio, and past 1-year return. Year and month fixed effects as well as sector fixed effects are also
included as controls. Results are shown in Table A.5 in the Appendix and are similar to those in
Table 11.

5.3 Moderation Effect of Penny Stocks Using Different MC Levels as Definition

In addition to trading prices, another way to identify “small stocks” is to look at the MC of the
company. A smaller MC means that the stock’s overall equity and liquidity on the market are
smaller and trading the stocks of the company is a riskier investment. It therefore is worth investi-
gating the following: Would the effects observed for penny stocks be higher for penny stocks with
a smaller MC—that is, stocks with both a low trading price and low MC?

To investigate the effect of penny stocks with low MC levels, we generalize the definition of
penny stocks as follows:

IPen1(x ,y) = 1 (penny stock with low MC)
if Pen1(x ) = 1 and MC < y ∀ SA articles on the same publication date

= 0 otherwise.

Specifically, we analyze the moderation effect by looking at the coefficient of NPosi ,t × IPen1(x,

y) for x = 5 and y = 50, 100,. . . , 250, 300 (in millions).7 The range from $50 million to $300 million is
chosen because these stocks are referred to as microcap stocks.8 The regression results are listed
in Table 12.

From the results, we found that the magnitudes for the coefficients on the interaction term are
generally higher when the MC level is reduced. This shows that penny stocks with smaller MC
levels generally have a higher moderation effect compared to those with higher levels.

5.4 Prediction of Stock Price Using NPos Values

We found that stock opinions in social media have impacts on penny stock prices in the short term
and a reverse effect in the long term. It is interesting to investigate the following: Can we make
use of this to perform some predictions? Would investors making use of stock opinions from social
media to buy penny stock earn a profit on average?

In the final analyses, we attempted to apply our findings and make use of our measure NPos to
perform some predictions. We also tried to benchmark our measure NPos against the Neg measure.

7We have also considered the effect using Definition 2—that is, IPen2(x, y), and for x with a value other than 5. The results

were found to be similar. The reason we focused on microcap stocks (but not those with MC levels lower than $50 million)

was that stocks with very low MC levels were relatively less available in the SA forum.
8http://www.investopedia.com/terms/m/microcapstock.asp?layout=infini&v=3A; accessed January 2, 2016.
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Table 12. Regression Coefficients of NPosi ,t × IPen1(5, y) in Abnormal Return Regression

for y = 50, 100, 150, . . . , 250, 300 (in Millions)

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Variables AReti ,t , t+1 AReti ,t ,t+2 AReti ,t ,t+3 AReti ,t ,t+5 AReti ,t ,t+10 AReti ,t ,t+15 AReti ,t ,t+21 AReti ,t ,t+42 AReti ,t ,t+63

NPosi ,t×IPen1(5, 50) 0.786** 1.206** 0.817 –0.640 –0.393 –0.910 –2.979 –4.166 –1.531

(2.423) (2.511) (1.551) (–0.457) (–0.296) (–0.672) (–1.163) (–1.151) (–0.459)

NPosi ,t×IPen1(5, 100) 0.583*** 1.023*** 0.726** 0.217 0.677 –0.123 –0.951 –2.323 –1.822

(3.076) (3.759) (2.326) (0.304) (0.941) (–0.144) (–0.713) (–1.174) (–0.919)

NPosi ,t×IPen1(5, 150) 0.459*** 0.724*** 0.468* 0.152 0.555 –0.122 –0.641 –1.383 –0.653

(2.895) (3.217) (1.836) (0.273) (0.972) (–0.180) (–0.615) (–0.908) (–0.422)

NPosi ,t×IPen1(5, 200) 0.475*** 0.686*** 0.485** 0.278 0.526 –0.0546 –0.362 –1.510 –1.655

(3.384) (3.431) (2.164) (0.617) (1.086) (–0.0948) (–0.422) (–1.180) (–1.228)

NPosi ,t×IPen1(5, 250) 0.350** 0.492** 0.344 0.159 0.417 0.0320 –0.362 –1.779 –1.626

(2.287) (2.493) (1.556) (0.380) (0.928) (0.0603) (–0.466) (–1.526) (–1.331)

NPosi ,t×IPen1(5, 300) 0.329** 0.466** 0.337 0.124 0.158 –0.262 –0.612 –1.861* –1.876*

(2.342) (2.535) (1.631) (0.328) (0.380) (–0.525) (–0.843) (–1.755) (–1.670)

Robust t-statistics are shown in parentheses.

***p < .01, **p < .05, *p < .1.

Considering that our samples range from January 2005 to February 2014, we used the data from
2005 to 2012 to find the 99th percentile of the NPos values for penny stocks. Given the large number
of financial prices available in penny stocks, the choice of a high 99th percentile value is to avoid
a large amount of investment capital (because the wealth of most individual investors is limited).
Such a high percentile of net fraction of positive words also increases the confidence of the investor
for expecting a positive return in the future.

The 99th percentile of NPos is applied to the data from January 2013 to February 2014, as the
testing data, using simple strategies.

Simple strategies.

Using the NPos measure (Strategy 1)

—Let k be the 99th percentile of the daily NPos values in a firm-day level for penny stocks
from January 2005 to December 2012 on all trading days.

—Buy a penny stock i on date t (or the earliest future trading day if t is not a trading date) if
NPos (average across all SA articles) for penny stock i on date t > k, where t ∈ {January 1,
2013 to February 28, 2014}.

We then check whether there are any positive returns in the short versus long period and com-
pare the results for both penny and non-penny stocks using the threshold proportion k in the
period from January 2013 to February 2014. The results using the SEC’s cut-off price of $5 and
Definitions 1 and 2 to define penny stocks are shown in Table 13.

Using both definitions, our measure NPos is able to predict positive returns for penny stocks in
the short term. By using stock opinion information in NPos, penny stocks, on average, yield higher
returns compared to non-penny stocks for a 1- or 2-day return. Price fluctuations and reversions
also happen in which positive or negative returns may result in a longer term.

It may be interesting to look at individual penny stocks to see how sentiments on social media
influence their return. For example, among the portfolio of penny stocks in the long position, the
penny stock with the highest positive sentiment yielded an abnormal return of 3.6% on the first
trading day after publication of the article. It then had an abnormal return of 4.1% on the second
day but then only had a 0% return on the third day. Although this is only a particular example for
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Table 13. Average Stock Returns Using Strategy 1 by NPos

Definition 1 Definition 2

Penny Stock Non-Penny Stock Penny Stock Non-Penny Stock

(for comparison) (for comparison)

Variable Mean Mean Difference Mean Mean Difference

Reti,t,t+1 0.016 0.001 0.015 0.014 0.001 0.012

Reti,t,t+2 0.014 0.004 0.010 0.011 0.004 0.007

Reti,t,t+3 0.002 0.004 –0.002 0.000 0.004 –0.004

Reti,t,t+5 –0.003 0.006 –0.009 0.000 0.005 –0.005

Reti,t,t+10 0.007 0.013 –0.005 0.016 0.012 0.003

Reti,t,t+15 0.027 0.013 0.014 0.031 0.012 0.019

Reti,t,t+21 0.044 0.015 0.029 0.047 0.015 0.032

Reti,t,t+42 0.052 0.039 0.013 0.055 0.039 0.016

Reti,t,t+63 –0.003 0.052 –0.055 0.016 0.051 –0.036

a simple illustration, this observation is consistent with our findings that penny stocks could yield
profitable results in a short term.

Using the Neg measure (Strategy 2)

We have found that our measure NPos can predict positive returns for penny stocks in the short
term. It is interesting to investigate the following: Would the performance of penny stocks in the
strategy using the measure NPos (Strategy 1) be better than that using only negative words, Neg

(Strategy 2)?
Strategy 2 is similar to Strategy 1, but this time we anticipate a drop in stock price if the fraction

of negative words in the SA article is sufficiently low and we therefore should short such stocks.
The strategy using Neg only is as follows:

—Let k′ be the 99th percentile of the daily Neg values in a firm-day level for penny stocks
from January 2005 to December 2012 on all trading days.

—Short a penny stock i on date t (or the earliest future trading day if t is not a trading date)
if Neg (average across all SA articles) for penny stock i on date t > k′, where t ∈ {January 1,
2013 to February 28, 2014}.

We then compare the results for penny stocks for Strategies 1 and 2 in the period from January
2013 to February 2014. The results using the SEC’s cut-off price of $5 and Definitions 1 and 2 to
define penny stocks are shown in Table 14.

From the results, strategies using NPos mostly result in positive returns, whereas that using Neg

mainly results in negative returns. This shows that both NPos and Neg are able to capture stocks
with strong and weak performances, respectively. In other words, our methodology of predict-
ing stock returns using positive and negative sentiments can be effective. We proxy the relative
performance of the measure NPos against that of Neg by the difference between the return using
NPos and the return using Neg. Consistent with our previous findings, penny stocks can yield, on
average, positive returns in the short term, and our measure NPos is able to perform better in the
short run. Similarly, price fluctuations and reversions can happen in the longer term.

Using the NPos measure to long and short penny stocks (Strategy 3)

We have found that our measure NPos can be useful in predicting future stock performance. In
this section, we attempt to use only the NPos measure to long and short penny stocks and explore
if there are potential gains as follows:
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Table 14. Average Stock Returns for Penny Stocks Using Strategy 2 by Neg

Definition 1 Definition 2

NPos Neg Comparison NPos Neg Comparison
Mean Mean Mean Mean

Variable (1) (2) (3)=(1)–[–(2)] (4) (5) (6)=(4)–[–(5)]
Reti,t,t+1 0.016 –0.006 0.010 0.014 –0.006 0.008
Reti,t,t+2 0.014 0.004 0.018 0.011 0.004 0.015
Reti,t,t+3 0.002 –0.012 –0.010 0.000 –0.012 –0.012
Reti,t,t+5 –0.003 0.009 0.006 0.000 0.009 0.009
Reti,t,t+10 0.007 –0.052 –0.045 0.016 –0.052 –0.037
Reti,t,t+15 0.027 –0.064 –0.037 0.031 –0.064 –0.032
Reti,t,t+21 0.044 –0.068 –0.023 0.047 –0.068 –0.021
Reti,t,t+42 0.052 –0.160 –0.108 0.055 –0.160 –0.105
Reti,t,t+63 –0.003 –0.093 –0.096 0.016 –0.093 –0.078

Table 15. Average Stock Returns for Penny Stocks Using Strategy 3 by the 99th and 1st Percentiles of NPos

Definition 1 Definition 2

99th Overall 99th Overall
Percentile 1st Percentile Performance Percentile 1st Percentile Performance

Mean Mean Mean Mean

Variable (1) (2) (3)=(1)+[–(2)] (4) (5) (6)=(4)+[–(5)]

Reti,t,t+1 0.016 –0.006 0.022 0.014 –0.006 0.020

Reti,t,t+2 0.014 0.004 0.010 0.011 0.004 0.008

Reti,t,t+3 0.002 –0.012 0.013 0.000 –0.012 0.012

Reti,t,t+5 –0.003 0.009 –0.012 0.000 0.009 –0.009

Reti,t,t+10 0.007 –0.052 0.060 0.016 –0.052 0.068

Reti,t,t+15 0.027 –0.064 0.090 0.031 –0.064 0.095

Reti,t,t+21 0.044 –0.068 0.112 0.047 –0.068 0.114

Reti,t,t+42 0.052 –0.160 0.212 0.055 –0.160 0.214

Reti,t,t+63 –0.003 –0.093 0.090 0.016 –0.093 0.109

—Let k be the 99th percentile (representing a relatively strong sentiment) of the daily NPos

values in a firm-day level for penny stocks from January 2005 to December 2012 on all
trading days.

—Let k′′ be the 1st percentile (representing a relatively weak performance) of the daily NPos

values in a firm-day level for penny stocks from January 2005 to December 2012 on all
trading days.

—Long a penny stock i on date t (or the earliest future trading day if t is not a trading date) if
NPos (average across all SA articles) for penny stock i on date t > k.

—Short a penny stock i on date t (or the earliest future trading day if t is not a trading date)
if NPos (average across all SA articles) for penny stock i on date t < k′′, where t ∈ {January
1, 2013 to February 28, 2014}.

The results using the SEC’s cut-off price of $5 and Definitions 1 and 2 to define penny stocks
are shown in Table 15.
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Table 16. Average Stock Returns for Penny Stocks Using Strategy 4 by

the 99th and 1st Percentiles of NPos

Definition 1 (Using Penny Stocks With MC Smaller

Definition 1 (Using All Penny Stocks) Than 300 Million)

99th
Percentile

1st Percentile Overall
Performance

99th
Percentile

1st Percentile Overall
Performance

Mean Mean Mean Mean

Variable (1) (2) (3)=(1)+[–(2)] (4) (5) (6)=(4)+[–(5)]

Reti,t,t+1 0.016 –0.006 0.022 0.057 0.009 0.048

Reti,t,t+2 0.014 0.004 0.010 0.044 0.022 0.022

Reti,t,t+3 0.002 –0.012 0.013 –0.015 0.032 –0.046

Reti,t,t+5 –0.003 0.009 –0.012 –0.089 0.023 –0.113

Reti,t,t+10 0.007 –0.052 0.060 –0.152 –0.070 –0.082

Reti,t,t+15 0.027 –0.064 0.090 –0.152 –0.055 –0.096

Reti,t,t+21 0.044 –0.068 0.112 –0.078 –0.057 –0.021

Reti,t,t+42 0.052 –0.160 0.212 –0.091 –0.139 0.048

Reti,t,t+63 –0.003 –0.093 0.090 –0.192 –0.123 –0.068

From the results, returns using the 99th percentile of NPos mostly result in positive returns,
whereas that using the 1st percentile mainly results in negative returns.9 As comparisons, we
proxy the overall performance by taking the sum of returns (i.e., returns from long position of
stocks plus those from short position of stocks). It is found that the overall performance is mostly
positive but with some price reversions. The results are robust using two definitions of penny
stocks.

Using the NPos measure to long and short penny stocks with MC levels less than $300 million
(Strategy 4)

As discussed, penny stocks with lower MC levels can have a higher moderation effect. The
process is similar to Strategy 3, but this time we consider only penny stocks with MC levels less
than $300 million in Strategy 4.10 The results for such penny stocks with low MC levels using the
SEC’s cut-off price of $5 and Definition 1 are shown in Table 16. The original results from Strategy
3 using all penny stocks are also listed for comparisons.

From Table 16, it can be seen that penny stocks with a smaller MC have higher returns in short
terms of 1 to 2 days. It should be noted that these effects can appear in a very short term. This is
rational because such information on small-sized companies is not readily available in traditional
media. Consequently, the related information in the social media for such stocks may be reflected
in the stock price quickly. Price reversions can also happen in the longer term that are consistent
with our previous results.

Owing to the dataset’s constraint, we did not conduct further out-of-sample analyses for the
proposed strategies. Readers should be alerted that the four strategies are presented here for illus-
tration purpose, and cautions need to be taken when interpreting the results.

9Interestingly, given our low percentile at the 1% level for the NPos measure, the stocks involved are mostly those with

mainly bad sentiment with extremely weak positive content. Consequently, the returns using a very low level for the NPos

measures could be highly similar to those using a very high level for the Neg measure.
10We have also considered other low MC levels (e.g., lower than $50 million), and the results were found to be similar.
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6 DISCUSSIONS ON FINDINGS AND CONTRIBUTIONS

Social media and financial data constitute valuable data sources for investors. Our data analytics
give us insight that the efficient market hypothesis (Malkiel and Fama 1970) may not hold and stock
price may not fully incorporate all available information instantly. Our results have addressed our
three major questions stated in Section 3.

6.1 Sentiment Level in Social Media and Returns on Penny Stocks

Our measure on NPos and findings based on the analytics offer a new perspective to understand
the relationship between information in social media and financial implications, particularly to the
effects in penny stocks. Our study has demonstrated that data analytics can be applied on stock
opinions in the social media and financial dataset to make predictions about the presumably risky
penny stocks. Social media can generate a massive amount of useful information in real time, and
financial data appear in a variety of forms. By applying textual analyses, we have used the net
proportion of positive words in stock articles that can cater to both positive and negative views
on stocks. Our findings suggested that social media information can predict the general future
performance of penny stocks particularly in shorter terms.

6.2 Moderation Effect for Penny Stocks at Different Price and MC Levels

To the best of our knowledge, we are the first to investigate the relationship between social media
and the financial impact on penny stocks. We also analyzed the moderation effect of penny stocks
at different price and MC levels, and our results showed that penny stocks with lower levels can
have stronger effects. Penny stocks have shown a reverse moderation effect in a longer period,
and such an effect is consistent with a price reversion of stock prices in finance.

6.3 Simple Strategies Using Our Constructed Measure

Our simple strategies also showed that penny stocks can earn positive returns and with higher
profits relative to non-penny ones in the short term. Our findings are consistent with Konku et al.
(2012) stating that penny stocks generally are profitable investments in the short term but very
poor investments beyond 1 year. Our findings are also consistent with another finding in the IPO
context that penny stocks seem more profitable in the short run compared to ordinary stocks
(Bradley et al. 2006). All of our findings remained robust when different definitions of penny stocks
were used.

6.4 Contributions in Terms of Theoretical and Practical Implications

Our results are important in terms of both theoretical and practical implications in the information
systems discipline. In terms of theoretical implications, our findings showed that penny stocks
with smaller price and MC levels can constitute to a potential gain in a short term by utilizing
the information in social media. Such a gain can reverse in the longer term and is consistent with
price reversions. We therefore found that information diffusion occurs rapidly in social media
among penny stocks. This could probably be due to the lack of relevant information on penny
stocks reported in traditional media, making investors rely more on social media to obtain such
information for investment advice. Considering that the opportunity may need to be captured
quickly for potential profits, the effect of social media sentiment on the price of penny stocks
may be reflected only in a short term. We also showed that both positive and negative opinions
in social media can be essential in affecting future stock performance. Based on the results, we
benchmarked the strategy using NPos against that using only the Neg measure on social media
and found that the former measure could perform better for penny stocks in the short run.
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In terms of practical implications, our study can be of valuable reference to individual investors,
institutional investors, shareholders, and regulators. First, individual investors may hope to have
a large capital gain given a small investment. Our study showed that social media can be a use-
ful information source for investment opinions for penny stocks, as such information is difficult
to obtain in traditional media. Second, given that institutional investors may trade securities in
relatively large shares and they are concerned in the potential larger risks faced in the securities
concerned, they may consider trading strategies on options by making use of both the positive and
negative sentiment in the social media. Third, considering that shareholders are concerned with
the firm value, they may be interested to know how the information in social media can affect the
stock price and, in turn, the MC of the firm. However, given that information in social media can be
important for penny stocks and that such stocks can be subject to manipulations, regulators may
pay attention to the information in social media to see if any manipulated article pertaining to a
penny stock is found. In the event that there are articles suspected to cause a manipulation in stock
markets, regulators may decide on some appropriate regulations to ensure the proper function of
the stock market.

7 LIMITATIONS AND FUTURE RESEARCH

7.1 Limitations of the Study

There are several limitations to our research. First, textual analyses are difficult to handle when
multiple stocks are mentioned in the same article. We therefore choose to focus only on single-
ticker articles. Even when single-ticker articles are chosen and our measure has already considered
both positive and negative views, sometimes sentiment is not easy to analyze accurately when the
sentence structure is complicated.

Second, SA has an extra scrutiny on stocks trading at less than $1 or with an MC below $100
million. Considering that SA authors will be cautious in posting about stocks that are less than
$1, our sample size for very cheap types of penny stocks is inevitably affected. Nevertheless, from
another point of view, this extra scrutiny gives higher credentials on investors’ confidence on the
view of SA’s articles.

In addition, the stock behavior of penny stocks in our findings is a general phenomenon, and
care should be taken in the simple strategy because stock prices can fluctuate when the market
condition is unstable. In an extreme case of a financial turmoil, extra care is needed because penny
stocks generally are riskier than non-penny ones.

7.2 Future Research

There are a few directions for our future research. One possible direction is to further seek a pro-
prietary dataset from stock forum websites and to investigate other potential moderators with
financial implications. Another avenue for research is to compare how the designs of different so-
cial media characteristics affect the prediction accuracy of future stock performance. For instance,
different features of websites and degrees of investors’ interaction can probably have different
effects on financial information dissemination, which may affect future stock returns.
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APPENDIX

Table A.1. Regression of Abnormal Returns (Using IPen1(5)) [Using NPosA ≡ 2 Posi ,t − Negi ,t and

NPosComA ≡ 2 PosComi ,t − NegComi ,t]

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Variables AReti , t , t+1 AReti , t , t+2 AReti , t , t+3 AReti , t , t+5 AReti , t , t+10 AReti , t , t+15 AReti , t , t+21 AReti , t , t+42 AReti , t , t+63

NPosAi , t 0.0411*** 0.0557*** 0.0634*** 0.0785*** 0.0893*** 0.109*** 0.121*** 0.126*** 0.121**

(4.587) (4.574) (4.299) (4.383) (3.664) (3.696) (3.614) (2.642) (2.053)

NPosAi , t × IPen1(5) 0.0972* 0.0874 0.0318 –0.0143 –9.61e-05 –0.374* –0.553** –1.123*** –0.739*

(1.931) (1.221) (0.372) (–0.104) (-0.000582) (–1.776) (–2.159) (–3.096) (–1.795)

IPen1(5) 0.00232** 0.00446*** 0.00490*** 0.00687*** 0.0102*** 0.0189*** 0.0227*** 0.0400*** 0.0500***

(2.420) (3.229) (2.912) (2.717) (3.151) (4.579) (4.541) (5.691) (6.328)

NPosComAi , t 0.00202 –0.000448 –0.00344 –0.00352 –0.00493 –0.00783 –0.00615 –0.00324 –0.0209

(0.612) (–0.0989) (–0.602) (–0.508) (–0.551) (–0.668) (–0.476) (–0.176) (–0.970)

UpAnalysti , t 0.000213 0.00103 –0.000608 –0.00115 0.00119 0.00508 0.00513 0.000402 0.00402

(0.136) (0.531) (–0.268) (–0.320) (0.198) (0.678) (0.679) (0.0403) (0.366)

DnAnalysti , t 8.39e-05 –2.35e-06 0.000862 –0.00157 –0.00312 –0.00598* –0.00435 –0.00924 –0.00687

(0.0811) (–0.00180) (0.498) (–0.787) (–1.073) (–1.669) (–1.022) (–1.535) (–0.862)

UpAnalysti , t−1 –0.00137 –0.00279 –0.00250 –0.000737 –0.00352 –0.00105 0.000661 0.00375 0.00430

(–0.868) (–1.262) (–1.026) (–0.217) (–0.718) (–0.198) (0.105) (0.415) (0.402)

DnAnalysti , t−1 –0.000454 –0.000487 –0.00199 –0.00255 –0.00296 –0.00142 –0.000605 –0.000626 0.0138*

(–0.369) (–0.250) (–0.840) (–0.998) (–0.836) (–0.360) (–0.136) (–0.0993) (1.652)

UpAnalysti , t−2 –0.00239* –0.000772 0.00132 0.00462 0.00233 0.00215 0.00717 0.0140 0.0138

(–1.718) (–0.408) (0.478) (1.140) (0.382) (0.324) (0.956) (1.464) (1.189)

DnAnalysti , t−2 –0.000134 –0.00240 –0.00463** –0.00594** –0.00500 –0.00794* –0.00861* –0.00963 –0.00668

(–0.112) (–1.339) (–2.343) (–2.456) (–1.566) (–1.913) (–1.691) (–1.587) (–0.674)

SP5Rett , t+x 0.0292 0.0314 0.0562*** 0.0552*** 0.0897*** 0.0729*** 0.0670*** 0.104*** 0.103***

(1.261) (1.472) (2.836) (2.804) (3.803) (3.827) (3.570) (4.480) (3.845)

AReti , t−1, t 0.0168 0.0118 0.0124 0.0111 –0.0263 –0.0487 –0.0249 –0.0481 –0.0439

(1.565) (1.038) (0.850) (0.645) (–1.132) (–1.507) (–0.970) (–1.230) (–0.978)

AReti , t−2, t−1 –0.0197** –0.0423*** –0.0490*** –0.0529*** –0.0933*** –0.122*** –0.0839*** –0.103** –0.117***

(–2.402) (–3.686) (–3.871) (–3.230) (–3.939) (–3.387) (–2.647) (–2.404) (–2.598)

AReti , t−3, t−2 0.00491 –0.00167 –0.00902 –0.0252 –0.0255 –0.0432 –0.0286 –0.0330 –0.0311

(0.598) (–0.121) (–0.556) (–1.614) (–1.075) (–1.471) (–0.803) (–0.680) (–0.552)

AReti , t−63, t−3 –0.00261*** –0.00272** –0.00289 –0.00592*** –0.0103*** –0.0120*** –0.00767** –0.0191*** –0.0199***

(–2.686) (–2.027) (–1.581) (–2.927) (–3.915) (–3.829) (–2.100) (–3.856) (–3.442)

Volt−21, t 0.00104 –0.00708 –0.00385 –0.00621 0.00693 0.0208 –0.0110 0.0194 0.0183

(0.173) (–0.871) (–0.374) (–0.548) (0.429) (0.935) (–0.480) (0.719) (0.520)

Year & month fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes

Sector fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes

Constant 0.00570 0.0137 0.0187 0.0109 0.0297* 0.0228 0.0241 0.0691** 0.00490

(0.708) (0.545) (0.575) (0.616) (1.825) (1.245) (0.627) (2.017) (0.103)

Observations 51,561 51,561 51,561 51,561 51,561 51,561 51,561 51,561 51,561

Adjusted R2 0.004 0.005 0.004 0.005 0.009 0.011 0.010 0.017 0.020

Robust t-statistics are shown in parentheses.

***p < .01, **p < .05, *p < .1.
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Table A.2. Regression of Abnormal Returns (Using IPen1(5)) [Using NPosB ≡ Posi ,t − 2 Negi ,t

and NPosComB ≡ PosComi ,t − 2 NegComi ,t]

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Variables AReti , t , t+1 AReti , t , t+2 AReti , t , t+3 AReti , t , t+5 AReti , t , t+10 AReti , t , t+15 AReti , t , t+21 AReti , t , t+42 AReti , t , t+63

NPosBi , t 0.0381*** 0.0491*** 0.0547*** 0.0674*** 0.0765*** 0.0863*** 0.0953*** 0.0923** 0.0633

(4.698) (4.433) (4.078) (4.169) (3.487) (3.183) (3.176) (2.206) (1.219)

NPosBi , t × IPen1(5) 0.0586 0.0376 –0.00454 –0.138 –0.142 –0.490*** –0.628*** –1.141*** –0.718**

(1.348) (0.607) (–0.0608) (–1.262) (–0.978) (–2.577) (–2.885) (–3.518) (–1.963)

IPen1(5) 0.00424*** 0.00594*** 0.00513*** 0.00453** 0.00796*** 0.00729** 0.00701* 0.0103** 0.0310***

(4.584) (4.478) (3.317) (2.354) (2.972) (2.050) (1.853) (1.981) (4.673)

NPosComBi , t 0.00677* 0.00749 0.00848 0.00892 0.00348 0.00212 0.00340 0.0201 0.00268

(1.735) (1.444) (1.344) (1.128) (0.331) (0.146) (0.229) (0.981) (0.109)

UpAnalysti , t 0.000271 0.00108 –0.000560 –0.00115 0.00120 0.00498 0.00500 8.42e-05 0.00385

(0.174) (0.563) (–0.248) (–0.320) (0.200) (0.667) (0.663) (0.00845) (0.350)

DnAnalysti , t 8.97e-05 4.88e-06 0.000869 –0.00156 –0.00312 –0.00599* –0.00436 –0.00928 –0.00689

(0.0868) (0.00375) (0.502) (–0.784) (–1.070) (–1.672) (–1.026) (–1.542) (–0.865)

UpAnalysti , t−1 –0.00136 –0.00278 –0.00248 –0.000699 –0.00348 –0.000975 0.000744 0.00390 0.00432

(–0.868) (–1.262) (–1.021) (–0.206) (–0.710) (–0.184) (0.118) (0.430) (0.403)

DnAnalysti , t−1 –0.000384 –0.000401 –0.00190 –0.00245 –0.00285 –0.00135 –0.000543 –0.000673 0.0138*

(–0.312) (–0.205) (–0.802) (–0.961) (–0.803) (–0.340) (–0.121) (–0.107) (1.650)

UpAnalysti , t−2 –0.00235* –0.000735 0.00134 0.00460 0.00231 0.00202 0.00700 0.0137 0.0135

(–1.690) (–0.388) (0.486) (1.136) (0.381) (0.306) (0.942) (1.437) (1.169)

DnAnalysti , t−2 –0.000143 –0.00241 –0.00464** –0.00593** –0.00498 –0.00786* –0.00851* –0.00947 –0.00655

(–0.119) (–1.341) (–2.347) (–2.446) (–1.555) (–1.896) (–1.675) (–1.561) (–0.660)

SP5Rett , t+x 0.0293 0.0317 0.0563*** 0.0556*** 0.0896*** 0.0728*** 0.0667*** 0.103*** 0.103***

(1.268) (1.483) (2.846) (2.821) (3.799) (3.827) (3.565) (4.479) (3.839)

AReti , t−1, t 0.0165 0.0116 0.0122 0.0118 –0.0255 –0.0467 –0.0226 –0.0445 –0.0412

(1.534) (1.016) (0.832) (0.687) (–1.098) (–1.453) (–0.891) (–1.153) (–0.925)

AReti , t−2, t−1 –0.0199** –0.0425*** –0.0492*** –0.0525*** –0.0928*** –0.121*** –0.0828*** –0.101** –0.115**

(–2.421) (–3.691) (–3.885) (–3.202) (–3.915) (–3.355) (–2.615) (–2.371) (–2.567)

AReti , t−3, t−2 0.00461 –0.00195 –0.00934 –0.0250 –0.0252 –0.0423 –0.0276 –0.0313 –0.0296

(0.562) (–0.142) (–0.576) (–1.602) (–1.062) (–1.437) (–0.771) (–0.643) (–0.524)

AReti , t−63, t−3 –0.00271*** –0.00281** –0.00300 –0.00587*** –0.0102*** –0.0117*** –0.00738** –0.0186*** –0.0195***

(–2.769) (–2.088) (–1.630) (–2.885) (–3.874) (–3.738) (–2.015) (–3.756) (–3.351)

Volt−21, t 0.00165 –0.00650 –0.00321 –0.00669 0.00624 0.0186 –0.0134 0.0154 0.0152

(0.274) (–0.795) (–0.310) (–0.588) (0.386) (0.837) (–0.584) (0.572) (0.430)

Year & month fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes

Sector fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes

Constant 0.00658 0.0148 0.0199 0.0125 0.0314* 0.0248 0.0264 0.0716** 0.00659

(0.814) (0.589) (0.613) (0.701) (1.925) (1.359) (0.688) (2.093) (0.138)

Observations 51,561 51,561 51,561 51,561 51,561 51,561 51,561 51,561 51,561

Adjusted R2 0.004 0.005 0.004 0.005 0.009 0.012 0.010 0.017 0.020

Robust t-statistics are shown in parentheses.

***p < .01, **p < .05, *p < .1.
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Table A.3. Regression of Abnormal Returns (Using IPen1(5)) [Using NPosC ≡ (Posi ,t − Negi ,t)/(Posi ,t +

Negi ,t) and NPosComC ≡ (PosComi ,t − NegComi ,t)/(PosComi ,t + NegComi ,t)]

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Variables AReti , t , t+1 AReti , t , t+2 AReti , t , t+3 AReti , t , t+5 AReti , t , t+10 AReti , t , t+15 AReti , t , t+21 AReti , t , t+42 AReti , t , t+63

NPosCi , t 0.00184*** 0.00230*** 0.00247*** 0.00331*** 0.00351*** 0.00419*** 0.00519*** 0.00640*** 0.00572**

(4.998) (4.621) (4.138) (4.504) (3.461) (3.356) (3.684) (3.227) (2.356)

NPosCi , t × IPen1(5) 0.00245 0.00265 0.000519 –0.00316 –0.00216 –0.00872 –0.0159 –0.0350** –0.0162

(1.142) (0.874) (0.147) (–0.545) (–0.330) (–1.106) (–1.511) (–2.444) (–0.993)

IPen1(5) 0.00336*** 0.00553*** 0.00519*** 0.00661*** 0.0103*** 0.0150*** 0.0160*** 0.0261*** 0.0423***

(4.423) (5.101) (4.088) (3.946) (4.399) (5.008) (4.790) (5.810) (7.815)

NPosComCi , t 0.000427 0.000447 0.000550 0.000444 0.000327 8.25e-05 6.29e-05 –0.000619 –0.00131

(1.645) (1.258) (1.310) (0.810) (0.447) (0.0950) (0.0623) (–0.438) (–0.758)

UpAnalysti , t 2.13e-05 0.000799 –0.00101 –0.00188 0.00163 0.00553 0.00573 0.00127 0.00694

(0.0130) (0.397) (–0.424) (–0.498) (0.257) (0.705) (0.731) (0.124) (0.621)

DnAnalysti , t 8.41e-06 –9.50e-05 0.00106 –0.00173 –0.00354 –0.00623* –0.00397 –0.00535 –0.00282

(0.00784) (–0.0727) (0.604) (–0.844) (–1.153) (–1.649) (–0.893) (–0.904) (–0.358)

UpAnalysti , t−1 –0.00156 –0.00240 –0.00241 –0.00116 –0.00523 –0.00303 –0.000428 0.00266 0.00279

(–0.959) (–1.049) (–0.954) (–0.315) (–0.996) (–0.536) (–0.0642) (0.284) (0.252)

DnAnalysti , t−1 –0.000490 –0.000257 –0.00215 –0.00254 –0.00183 –0.000101 –0.000813 –0.00252 0.0111

(–0.395) (–0.132) (–0.886) (–0.949) (–0.495) (–0.0250) (–0.180) (–0.386) (1.231)

UpAnalysti , t−2 –0.00235 –0.000327 0.00165 0.00549 0.00391 0.00406 0.00930 0.0176* 0.0167

(–1.621) (–0.167) (0.572) (1.297) (0.614) (0.581) (1.184) (1.768) (1.373)

DnAnalysti , t−2 0.000363 –0.00215 –0.00438** –0.00583** –0.00509 –0.00816* –0.00938* –0.00904 –0.00672

(0.301) (–1.168) (–2.143) (–2.320) (–1.522) (–1.863) (–1.749) (–1.425) (–0.648)

SP5Rett , t+x 0.0257 0.0272 0.0582*** 0.0648*** 0.0981*** 0.0738*** 0.0684*** 0.101*** 0.106***

(1.024) (1.182) (2.743) (3.011) (3.776) (3.582) (3.373) (4.183) (3.592)

AReti , t−1, t 0.0230* 0.00808 0.00438 0.000550 –0.0438* –0.0661*** –0.0189 –0.0200 –0.0311

(1.697) (0.602) (0.294) (0.0326) (–1.929) (–2.748) (–0.681) (–0.497) (–0.770)

AReti , t−2, t−1 –0.0194** –0.0398*** –0.0450*** –0.0503*** –0.0906*** –0.120*** –0.0741** –0.0927** –0.106**

(–2.251) (–3.296) (–3.438) (–2.922) (–3.623) (–3.158) (–2.236) (–2.120) (–2.327)

AReti , t−3, t−2 –0.00126 –0.00478 –0.0106 –0.0339** –0.0259 –0.0399 –0.0136 –0.0131 –0.00287

(–0.128) (–0.332) (–0.634) (–2.152) (–0.949) (–1.170) (–0.345) (–0.241) (–0.0435)

AReti , t−63, t−3 –0.00243*** –0.00311** –0.00317* –0.00634*** –0.0110*** –0.0119*** –0.00799** –0.0197*** –0.0206***

(–2.598) (–2.381) (–1.726) (–3.057) (–4.011) (–3.687) (–2.141) (–3.896) (–3.463)

Volt−21, t 0.00139 –0.0109 –0.00897 –0.0114 0.00385 0.00746 –0.0200 0.0131 0.000841

(0.215) (–1.293) (–0.877) (–0.990) (0.227) (0.340) (–0.900) (0.471) (0.0235)

Year & month fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes

Sector fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes

Constant –0.00263 –0.0123** –0.0168** –0.00567 0.0235* 0.0378** 0.0747*** 0.0789* –0.00177

(–0.601) (–2.142) (–2.091) (–0.475) (1.761) (2.035) (2.800) (1.859) (–0.0485)

Observations 46,225 46,225 46,225 46,225 46,225 46,225 46,225 46,225 46,225

Adjusted R2 0.005 0.005 0.004 0.006 0.009 0.012 0.010 0.017 0.021

Robust t-statistics are shown in parentheses.

***p < .01, **p < .05, *p < .1.
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Table A.4. Regression Coefficients of NPosi ,t × IPen2(x) in Abnormal Return Regression

for x = 2.5, 3, 3.5, . . . , 7, 7.5

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Variables AReti ,t ,t+1 AReti ,t ,t+2 AReti ,t ,t+3 AReti ,t ,t+5 AReti ,t ,t+10 AReti ,t ,t+15 AReti ,t ,t+21 AReti ,t ,t+42 AReti ,t ,t+63

NPosi ,t × IPen2(2.5) 0.157 0.178 0.0359 –0.550 –0.724 –1.556*** –1.982*** –3.274*** –2.438**

(1.440) (1.060) (0.178) (–1.543) (–1.614) (–2.781) (–2.889) (–3.319) (–2.299)

NPosi ,t × IPen2(3) 0.188* 0.156 0.0241 –0.446 –0.530 –1.465*** –1.903*** –3.181*** –2.561***

(1.938) (1.060) (0.136) (–1.447) (–1.366) (–2.901) (–3.158) (–3.555) (–2.594)

NPosi ,t × IPen2(3.5) 0.135 0.0822 –0.0543 –0.435 –0.526 –1.311*** –1.714*** –2.865*** –2.020**

(1.397) (0.613) (–0.338) (–1.621) (–1.551) (–2.993) (–3.304) (–3.753) (–2.377)

NPosi ,t × IPen2(4) 0.132 0.0911 –0.0392 –0.362 –0.529* –1.202*** –1.588*** –2.574*** –1.835**

(1.514) (0.763) (–0.274) (–1.542) (–1.778) (–3.117) (–3.483) (–3.853) (–2.452)

NPosi ,t × IPen2(4.5) 0.159** 0.101 –0.00293 –0.266 –0.413 –0.995*** –1.359*** –2.186*** –1.528**

(1.988) (0.906) (–0.0218) (–1.251) (–1.520) (–2.849) (–3.298) (–3.638) (–2.273)

NPosi ,t × IPen2(5) 0.152** 0.115 0.0295 –0.196 –0.285 –0.876*** –1.231*** –2.094*** –1.512**

(2.028) (1.094) (0.234) (–0.992) (–1.125) (–2.685) (–3.201) (–3.734) (–2.411)

NPosi ,t × IPen2(5.5) 0.144** 0.117 0.0247 –0.181 –0.269 –0.832*** –1.117*** –1.876*** –1.201**

(2.073) (1.191) (0.208) (–0.983) (–1.141) (–2.740) (–3.116) (–3.612) (–2.057)

NPosi ,t × IPen2(6) 0.149** 0.112 0.0303 –0.153 –0.221 –0.729** –1.046*** –1.713*** –1.232**

(2.258) (1.201) (0.271) (–0.887) (–1.005) (–2.549) (–3.119) (–3.516) (–2.242)

NPosi ,t × IPen2(6.5) 0.168*** 0.156* 0.0862 –0.0602 –0.121 –0.573** –0.884*** –1.647*** –1.142**

(2.677) (1.755) (0.808) (–0.367) (–0.579) (–2.112) (–2.777) (–3.553) (–2.187)

NPosi ,t × IPen2(7) 0.165*** 0.176** 0.123 0.0143 –0.0359 –0.438* –0.721** –1.483*** –1.052**

(2.767) (2.075) (1.202) (0.0922) (–0.182) (–1.714) (–2.411) (–3.414) (–2.145)

NPosi ,t × IPen2(7.5) 0.180*** 0.206** 0.180* 0.117 0.0602 –0.308 –0.603** –1.415*** –1.056**

(3.167) (2.552) (1.851) (0.794) (0.322) (–1.274) (–2.132) (–3.442) (–2.269)

Robust t-statistics are shown in parentheses.

***p < .01, **p < .05, *p < .1.

Fig. A.1. Moderation effect of penny stocks for different cut-off prices (Definition 2).
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Table A.5. Regression of Raw Returns (Using IPen2(5))

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Variables Reti ,t ,t+1 Reti ,t ,t+2 Reti ,t ,t+3 Reti ,t ,t+5 Reti ,t ,t+10 Reti ,t ,t+15 Reti ,t ,t+21 Reti ,t ,t+42 Reti ,t ,t+63

NPosi ,t 0.0617*** 0.0882*** 0.102*** 0.136*** 0.178*** 0.204*** 0.223*** 0.235*** 0.193**

(4.371) (4.509) (4.312) (4.758) (4.488) (4.261) (4.164) (3.057) (2.030)

NPosi ,t × IPen2(5) 0.160** 0.140 0.0519 –0.168 –0.353 –1.164*** –1.611*** –2.571*** –2.170***

(2.020) (1.266) (0.391) (–0.811) (–1.258) (–3.186) (–3.759) (–4.086) (–3.085)

IPen2(5) 0.00301*** 0.00496*** 0.00454*** 0.00628*** 0.0109*** 0.0173*** 0.0211*** 0.0370*** 0.0543***

(3.934) (4.511) (3.522) (3.814) (4.496) (5.130) (5.986) (7.688) (9.451)

NPosComi ,t 0.00789 0.00363 0.000745 –0.00346 –0.00258 –6.77e-05 –0.00569 0.0173 –0.00468

(1.329) (0.453) (0.0754) (–0.287) (–0.161) (–0.00312) (–0.249) (0.539) (–0.122)

L_MCi ,t –0.000292 –0.000520 –0.000709 –0.000438 0.00125 0.00231** 0.00238* 0.00436** 0.00593***

(–0.910) (–1.194) (–1.299) (–0.653) (1.374) (2.190) (1.900) (2.468) (2.716)

Btmi ,t 0.000412** 0.000741** 0.000924** 0.00183** 0.00464** 0.00496** 0.00570*** 0.0103*** 0.0109***

(2.277) (2.030) (2.049) (2.026) (2.251) (2.313) (2.712) (2.722) (2.891)

Reti ,t−252,t –4.32e-05 0.000323 0.000808 0.000949 0.00326*** 0.00465*** 0.00502*** 0.00959*** 0.0109***

(–0.144) (0.782) (1.580) (1.459) (3.303) (4.137) (3.862) (5.141) (5.006)

UpAnalysti ,t 9.57e-05 0.000597 –0.000987 –0.00258 –0.000890 0.00155 0.00101 –0.00310 –0.00232

(0.0627) (0.310) (–0.425) (–0.669) (–0.142) (0.190) (0.121) (–0.292) (–0.202)

DnAnalysti ,t 5.26e-05 0.000569 0.00124 –0.00139 –0.00464 –0.00957** –0.00933* –0.0171** –0.0170*

(0.0474) (0.396) (0.676) (–0.645) (–1.404) (–2.312) (–1.896) (–2.430) (–1.902)

UpAnalysti ,t−1 –0.00108 –0.00231 –0.00260 –0.000159 –0.00250 –0.000551 –0.000808 0.00166 0.00539

(–0.601) (–0.976) (–0.976) (–0.0432) (–0.478) (–0.0937) (–0.116) (0.174) (0.497)

DnAnalysti ,t−1 –0.000160 –0.000649 –0.000801 –0.00150 –0.00282 –0.00216 –0.00261 –0.00379 0.00863

(–0.120) (–0.306) (–0.314) (–0.560) (–0.765) (–0.529) (–0.508) (–0.534) (0.944)

UpAnalysti ,t−2 –0.00226 0.000113 0.00294 0.00642 0.00323 0.00318 0.00666 0.0121 0.0153

(–1.636) (0.0576) (1.059) (1.541) (0.502) (0.434) (0.795) (1.190) (1.341)

DnAnalysti ,t−2 0.000570 –0.00125 –0.00249 –0.00400 –0.00543 –0.0109** –0.0125** –0.0124* –0.0105

(0.422) (–0.586) (–1.053) (–1.430) (–1.559) (–2.410) (–2.080) (–1.780) (–1.054)

SP5Rett ,t+x 1.209*** 1.245*** 1.294*** 1.312*** 1.354*** 1.319*** 1.332*** 1.399*** 1.390***

(47.60) (53.53) (59.18) (59.06) (51.25) (63.10) (64.31) (52.61) (47.78)

Reti ,t−1,t 0.0225** 0.0238** 0.0247* 0.0278* –0.0162 –0.0375 0.00143 –0.0228 –0.0327

(2.289) (2.233) (1.797) (1.894) (–0.660) (–1.025) (0.0520) (–0.633) (–0.722)

Reti ,t−2, t−1 –0.0130 –0.0353*** –0.0442*** –0.0455*** –0.0930*** –0.124*** –0.0824*** –0.103** –0.134***

(–1.585) (–3.005) (–3.486) (–2.835) (–3.983) (–3.529) (–2.674) (–2.481) (–3.032)

Reti ,t−3, t−2 –0.000709 –0.00829 –0.0165 –0.0338** –0.0422* –0.0536* –0.0329 –0.0592 –0.0790

(–0.0873) (–0.636) (–1.060) (–2.113) (–1.798) (–1.895) (–1.017) (–1.245) (–1.408)

Reti ,t−63, t−3 –0.00272*** –0.00355*** –0.00465** –0.00712*** –0.0146*** –0.0195*** –0.0164*** –0.0354*** –0.0380***

(–2.854) (–2.600) (–2.450) (–3.328) (–4.900) (–5.164) (–3.993) (–6.140) (–5.797)

Volt−21, t 0.00335 –0.00258 0.00518 0.00612 0.0328* 0.0581** 0.0311 0.0861** 0.0939**

(0.514) (–0.284) (0.451) (0.473) (1.735) (2.183) (1.135) (2.556) (2.209)

Year & month fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes

Sector fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes

Constant 0.00465 0.0152 0.0215 0.0110 0.0375* 0.0339 0.0338 0.0723** 0.0139

(0.525) (0.553) (0.618) (0.500) (1.878) (1.592) (0.852) (1.979) (0.253)

Observations 51,561 51,561 51,561 51,561 51,561 51,561 51,561 51,561 51,561

Adjusted R2 0.147 0.143 0.152 0.154 0.166 0.164 0.163 0.185 0.189

Robust t-statistics are shown in parentheses.

***p < .01, **p < .05, *p < .1.
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