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Market Prediction
One of the most challenging areas of 
economics- and �nance-related ana-
lytical research is in predicting stock 
performances. In the popular press 
and stock advisory columns, “beat-
ing the market” has often been con-
sidered the elusive Holy Grail for 
practitioners and the general public 
alike. American TV personality (on 
CNBC’s Mad Money), former hedge 
fund manager, and bestselling author 
Jim Cramer is one such example. Ac-
cording to an article on CNBC’s web-
site titled “Mad Money Manifesto,” 
Cramer claims that the show’s mis-
sion and his job

is not to tell you what to think, but to 

teach you how to think about the market 

like a pro. This show is not about picking 

stocks. It’s not about giving you tips that 

will make you money overnight—tips are 

for waiters. Our mission is educational, 

to teach you how to analyze stocks and 

the market through the prism of events.

Can you really beat the market? 
Theoretical perspectives on stock be-
havior hold pessimistic assessments of 
the predictability of stock behavior. 
The famous Ef�cient Market Hypoth-
esis argues that the price of a stock 
re�ects all available information and 
the market reacts instantaneously, 
making it impossible to outperform 
the market. The Random Walk The-
ory states that the price of a stock var-
ies randomly over time, so future pre-
diction of the market is impossible.

Despite these theories, industry �-
nancial analysts have adopted two ap-
proaches to stock prediction. Funda-
mentalists utilize fundamental and 
�nancial measures of the economy, in-
dustrial sector, and �rms to predict 
market and �rm performances. For  
example, the Fama-French three-factor 
model considers market return, mar-
ket capitalization, and book-to-market 

ratio in its analysis.1 On the other 
hand, technicians use historical time-
series information of the stock and 
market behavior, such as historical 
price, volatility, and trading volume, 
to predict the market. In addition to 
standard regression-based analytical 
techniques, various machine learn-
ing methods have been adopted for 
�nancial analysis, including arti�cial 
neural networks, Bayesian classi�ers, 
and support vector machines.

Recently researchers have incorpo-
rated �rm-related news article mea-
sures. Computer scientists have devel-
oped trend-based language models, 
press release categorization (for ex-
ample, good, bad, or neutral), and 
textual representation of news ar-
ticles.4 For example, using proper 
nouns and past stock price as repre-
sentations and support vector regres-
sion (SVR) for analysis, the AZFin-
Text system was able to outperform 
major quantitative (quant) funds 
during a �ve-week testbed period in 
2005 based on 2,809 news articles 
and 10 million stock quotes.4 Several 
studies have also attempted to corre-
late Web forums with stock behav-
ior. Early studies focused on activity, 
without content analysis, and identi-
�ed concurrent relationships. Subse-
quent research measured opinions in 
forum discussions and identi�ed pre-
dictive relationships between forum 
discussion sentiment and subsequent 
stock returns, volatility, and trading 
volume.5,6 With the widespread avail-
ability of Business Big Data and the 
recent advancement in text and Web 
mining, tremendous opportunities 
exist for computational and �nance 
researchers to advance research relat-
ing to smart market and money.

In This Issue
This T&C Department includes 
three article on smart market and 
money from distinguished experts in  

information systems and business. 
Each article presents unique per-
spectives, advanced computational 
methods, and selected results and 
examples.

In “AZ SmartStock: Stock Predic-
tion with Targeted Sentiment and 
Life Support,” Hsinchun Chen, Ed-
ward Chun-Neng Huang, Hsinmin 
Lu, and Shu-Hsing Li report on the 
design and testing of the AZ Smart-
Stock system, which incorporates 
target sentiment and life support in 
a prototype stock-trading engine. 
We considered transaction costs and 
simulated trading performed using 
data collected for 129 trading days 
in 2008. The proposed trading model 
outperformed other benchmark mod-
els in the 10-day trading window. 
This article also suggests several di-
rections for future research in pre-
dicting market movements.

In “A Stakeholder Approach to 
Stock Prediction Using Finance So-
cial Media,” my colleague David 
Zimbra and I describe research that 
utilizes �rm-related �nance Web fo-
rum discussions to predict stock re-
turns and trading of �rm stock. Rec-
ognizing the diversity among forum 
participants, we segmented them into 
distinct stakeholder groups based 
on their interactions (posting activi-
ties) in the forums. By analyzing �ne-
grained stockholder groups, this sys-
tem reported improved stock-return 
prediction versus a baseline system 
and aggregated forum model.

In the �nal article, “Computational 
Intelligence for Smart Markets: In-
dividual Behavior and Preferences,” 
Paulo B. Goes argues that in today’s 
Web-enabled marketplaces, the eco-
nomic environment is much more 
complex than the preference model-
ing used by experimental economists. 
The monitoring opportunities avail-
able with the Internet provide am-
ple opportunities to build analytics 
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each news source. Speci�cally, the 
energy score of a term k on day t is 
given by summing the chi-square sta-
tistics of different news sources:
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Table 1 gives values of as, bs, cs, 
and ds.

Then, we transform the energy 
scores of terms into life-support  
values using a sigmoid function. The 
life support score LSg,t of a com-
pany g on day t are the aggregation 
of life supports of all terms in the 
news articles where g has been men-
tioned. LSg,t will decay over time by 
a constant decay function, LS�eg,t = 
Max(L Sg,t – b,0), where b is the de-
cay nutrition factor, an empirical 
constant.

We further propose adjusted life 
support, which combines life sup-
port and sentiment scores that rep-
resent the joint effect of topic nov-
elty and opinion directions of news 
events. The adjusted life support score 
of a company g on day t, AdjLSg,t, is 
de�ned as LSg,t * Sg. The total ad-
justed life support of company g on 
day t is the accumulative adjusted life 
support (TotalAdjLS g,t), which is cal-
culated as AdjLSg,t + AdjLS�eg,t–1, + ... + 
AdjLS�eg,0.

Stock Price Prediction
Although there are many predictive 
approaches available, we adopted  
support vector regression (SVR) in 
this research, similar to a prior study.1 
SVR are an extension of support vec-
tor machines, which are known to de-
liver excellent prediction performance 
in classifying discrete outcomes. Our 
firm-level stock-prediction models  

considered past stock returns and 
text data in past news articles when 
making predictions for future stocks. 
To study the effect of different text 
representations, we adopted several 
model speci�cations. The �rst model, 
a baseline (M-Reg), predicts future 
returns using past returns:

Rt+n,t = <�F, Rt> + b 

where <�z, �z> denotes the dot product, 
Rt = (Pricet – Pricet–1)/ Pricet–1 denotes 
the stock return on day t, and Rt+n,t = 
(Pricet+n – Pricet)/ Pricet denotes the 
stock return on the following n days.

The second model, sentiment model 
(M-Senti), includes additional sentiment- 
related information as input. We cap-
ture two aspects of news sentiment 
in the model. The �rst aspect is the 
absolute sentiment on day t: Senti-
mentt = POSt – NEGt, where POSt is 
the number of positive words appear-
ing on day t and NEGt is the num-
ber of negative words appearing on 
day t. The second aspect of sentiment 
is the volume of sentiment words: 
SentiWordst = POSt + NEGt. Com-
bining the two sentiment variables, 
our second model can be written as  
follows:

Rt+n,t = <�F, (Sentimentt, 
            SentiWordst, Rt)> + b 

The third model, life-support 
model (M-LS), was included to in-
vestigate the effect of life-support 
scores. Instead of including senti-
ment scores, here we added life-sup-
port scores to the baseline regression  
model:

Rt+n,t = <�F, (TotalAdjLS t, 
            SentiWordst, Rt)> + b

All models were trained using 60 
days of historical data with a linear 
kernel for SVR.

Simulated Trading
We aggregated news articles by day 
and conducted prediction at the clos-
ing time (16:00) of a trading day. We 
experimented with the holding peri-
ods of �ve, 10, 20, and 40 days. This 
study considered transparent trans-
action costs and a bid-ask spread. 
The transparent transaction cost 
was set to $4.95 per order ($9.90 for 
a roundtrip) according to the online 
broker TradeKing. In addition, we 
also considered two regulatory fees 
that occur during transactions: a Se-
curities and Exchange Commission 
fee, which is the principal amount 
times 0.0000169 and applied to 
the sale transactions of all equities, 
and a trading activity fee, which is 
0.000075 per share for equity sells 
with a maximum charge of $3.75 per 
sale transaction. We also considered 
the bid-ask spread by matching the 
quote records with the trade records 
(which we don’t discuss in detail here 
due to space limitations).

Our study incorporates two sim-
ple trading strategies: buy and short. 
The buy strategy is to purchase and 
hold stocks for a period of time. The 
short strategy short-sells stocks �rst 
and buys them back later. Therefore, 
the buy strategy gets a positive re-
turn when the stock price increases, 
while the short strategy gains posi-
tive returns for stocks with decreas-
ing prices.

At the end of each trading day, 
trading decisions of different hold-
ing periods were made independently. 
For each holding period, the top �ve 
stocks with the highest predicted pos-
itive and negative returns are traded 
with a $1,000 investment for each 
stock. Positions were held for a pre-
speci�ed trading window and closed 
on the last day of the trading window. 
We used three measures to evaluate the 
performance of our prediction engine: 
mean square error (MSE), directional 

Table 1. Variables for determining  
the energy score of a term k.

Day
In news 
sources

In other news 
sources

t as bs

t – 1 cs ds
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researchers have developed “bullish-
ness” classi�ers to perform sentiment 
analysis and classify messages repre-
senting investors’ buy, hold, and sell 
positions. Bullishness classi�ers typi-
cally performed modestly, with 60 to 
70 percent accuracy attributed to a 
noisy forum environment.2 Although 
investors and shareholders are specif-
ically targeted by these classi�cation 
schemes, forums hosted on major 
Web platforms can attract a diverse 
collection of the �rm’s stakeholders. 
Thus, the diversity of the forum pop-
ulation might be responsible for the 
unimpressive performance in classify-
ing investment positions.

Departing from the prior literature, 
we adopt a stakeholder, rather than 
shareholder, perspective of forum 
participants and segment them into 
stakeholder groups to be assessed in-
dividually. According to the stake-
holder theory of the �rm, satisfying 
the interests of a diverse collection 
of stakeholders, beyond those of the 
shareholders, is essential to success. 
Following that theory, a stakeholder 
approach to forum analysis recog-
nizes that various stakeholder groups 
might have distinctive information 
in explaining �rm stock return. Al-
though few studies have leveraged 
firm-related finance Web forums 
in a true predictive context, this re-
search performs simulated trading of 
�rm stock based on the measures ex-
tracted from online discussions.

Web Forum Analysis  
and Stock-Return Modeling
Figure 3 shows the analytic frame-
work we applied in this research. 
The framework’s four stages include 
stakeholder social network extrac-
tion, stakeholder clustering, senti-
ment analysis, and stock modeling.

Web forum participants form a so-
cial network through their interac-
tions in discussions. Subgroups are a 

nontrivial structural feature of social 
networks, and identifying such sub-
groups in the forum social network 
might reveal distinctive stakeholder 
perspectives within the population. 
To perform the stakeholder segmen-
tation through clustering, we �rst ex-
tract the forum social network and 
represent it using by an interaction 
matrix. In this research, posting mes-
sages in the same discussion thread 
constitutes a relationship between 
participants. Each time participants 
interact in a discussion thread, their 
relationship is strengthened.

Because stakeholders often be-
long to more than one stakeholder 
group, we apply a probabilistic clus-
tering approach to group-related fo-
rum participants. Speci�cally, a �nite 
mixture model is utilized, with the 
expectation-maximization algorithm 
for estimating parameter values. We 
determine the number of clusters to 
represent the stakeholder groups in 
the forum using maximum likeli-
hood estimation and cross validation. 
To ensure the independence of attri-
butes included in the mixture model, 
we extract principle components 
from the interaction matrix prior to 
the clustering. Principle-component  
analysis also serves to reduce the 
highly dimensional feature space.  

After clustering, stakeholders are rep-
resented by their probabilistic assign-
ments to each of the identi�ed clusters 
throughout the stock modeling.

Similar to prior studies on firm-
related finance Web forums and 
stock behavior,2 we perform senti-
ment analysis on the forum messages. 
However, unlike the bullishness clas-
si�ers devised to interpret investor 
communications, we apply a more 
general approach to evaluate the sen-
timents expressed by various stake-
holder groups. Speci�cally, we use the 
Opinion Finder (OF) system for sub-
jectivity analysis4 and Senti Word-
Net (SWN) lexicon5 in a combined 
fashion for sentiment analysis. Lexi-
cal approaches to sentiment analysis 
are general, but they lack contextual 
knowledge of the speci�c usage of 
terms, which might result in errone-
ous application. To incorporate con-
textual information and ensure the 
correct SWN entry is applied based 
on the speci�c usage of the term in 
a subjective statement, we apply OF 
prior to assigning an SWN score. OF 
enables targeted application of SWN 
and provides measures of subjectivity 
to enrich the analysis.

To evaluate the application of �rm-
related �nance Web forums in the 
prediction of daily stock return, we  

Figure 3. Analytic framework. The framework consists of four stages: stakeholder 
social network extraction, stakeholder clustering, sentiment analysis, and stock 
modeling.
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compare the performance of a 
baseline model consisting of well- 
established fundamental and techni-
cian explanatory variables to mod-
els that incorporate forum measures. 
The dependent variable in all models 
is the log-difference in the daily close 
price of stock. The independent vari-
ables included in the baseline model 
are the Fama-French factors: market 
return; book-to-market ratio; mar-
ket capitalization; two lagged terms 
of prior daily stock return, volatil-
ity, and trading volume; and dummy 
variables for the day of the week. In 
addition to the baseline variables, the 
forum-level model includes six fo-
rum measures characterizing the fo-
rum discussions during the prior day 
(using the trading day de�nition of 
16:00 to 16:00): the number of mes-
sages posted, average message length, 

and average and variance in senti-
ment and subjectivity.

Instead of forum-level measures, 
the stakeholder-level model incor-
porates six measures for each of the 
stakeholder groups identi�ed in the 
clustering. All stock-return mod-
els utilize support vector regression, 
calibrated with �ve months of daily 
historical information and applied 
for the prediction of daily return 
for one month of trading days. For 
each month during the year of trad-
ing, we perform stakeholder clus-
tering to assess the current state of 
the forum and estimate new stock-
return models. To identify the most 
relevant variables and ensure parsi-
monious prediction models, feature 
selection is performed prior to model 
calibration using a correlation-based  
approach similar to step-wise regression;  

the algorithm seeks subsets of input 
variables with high correlation with 
the dependent variable, and low in-
ter-correlation. During the predic-
tion period, participants in the fo-
rum are classi�ed according to the 
stakeholder groups established in 
the clustering. In the simulated trad-
ing, �rm stock is bought or shorted 
and sold on a trading day based 
on each model’s daily stock-return 
predictions.

Experimentation  
and Results
For our experiment, we selected Wal-
Mart for stock-return modeling due 
to its prominence in the market and 
diverse and active collection of stake-
holder groups. Prior studies have ex-
amined Yahoo Finance �rm-related 
Web forums, which we use in this 
research. We performed Wal-Mart 
stock trading based on our models’ 
stock-return predictions for one year 
(250 trading days) from 1 March 
2006 to 28 February 2007. In total, 
we used 17 months of data, including 
the 5 months required to calibrate the 
�rst prediction models prior to trad-
ing. Table 4 summarizes the Yahoo 
Finance forum data in the study.

To construct the stakeholder-level 
stock-return prediction models, we 
performed clustering each month dur-
ing the year of trading to identify the 
current stakeholder groups in the fo-
rum and assign participants to their 
appropriate mixture of groups. For 
example, to develop the �rst predic-
tion model for March 2006, the stake-
holder clustering was based on the 
previous �ve months of forum data 
(from 1 October 2005 to 28 February 
2006). Eight stakeholder groups were 
identi�ed, three of which were consid-
ered major with more than 10 percent 
of forum participants.

Table 5 gives the top word bigrams 
and trigrams representing the three 

Table 4. Summary of the Yahoo Finance Forum data.

Forum Messages
Discussion 

threads Stakeholders
Messages 
per thread

Messages per 
stakeholder

Yahoo Finance 
(finance.yahoo.
com), Wal-Mart 
(WMT)

134,201 40,633 5,533 3.3 24.25

Table 5. Major stakeholder groups in the March 2006 prediction model.

Stakeholder 
group

Forum 
participants (%) Top word bigrams Top word trigrams

1 53 wall street http news yahoo

long term http finance messages

bottom line moneycentral msn com

holiday season long-term sentiment strong

wmt stock quote profile research

2 11 sales growth higher gas prices

middle class wal-mart super center

small town www nlpc org

shop wal-mart ap wal mart

people want pay labor costs

4 23 million people pay health care

mom pop choose spend money

work wal-mart wal-mart distribution center

united states employee health care

past years everyday low prices

IS-26-06-TandC.indd   90 11/10/11   3:02 PM



november/december 2011	 www.computer.org/intelligent	 91

major stakeholder groups (ranked by 
their term frequency). Stakeholder 
group 1 seemed to consist of techni-
cal investors, heavily engaged in the 
exchange of news. Group 2 primarily 
discussed Wal-Mart’s growth and its 
impact on consumers and communi-
ties. Stakeholder group 4 seemed to be 
made up of employees conversing on 
work and healthcare related issues.

In the simulated trading of Wal-
Mart stock, each model began with 
an initial investment of $10,000. Ac-
cording to each model’s daily predic-
tions, if the anticipated daily stock 
return was greater than 0.1 percent 
(or less than –0.1 percent), the Wal-
Mart stock was bought (shorted). 
Unchanged positions on consecutive 
trading days were held; otherwise, the 
stock was sold. Although prior stud-
ies typically disregard trading costs, 
for additional realism, we incorpo-
rated an $8 charge per transaction.

Table 6 presents the results of the ex-
periment. For each of the prediction 
models, we report the �nal value of the 

investment after completion of trading 
during the year as well as directional 
accuracy, the performance in correctly 
predicting the direction of the daily 
stock return, positive or negative.

As an additional point of reference, 
holding the Wal-Mart stock for the 
year would have resulted in an ending 
investment value of $10,096, providing 
an annual return of less than 1 percent. 
Results from the experimentation and 
simulated trading revealed each predic-
tion model performed well, with bet-
ter than 50 percent directional accu-
racy, and earned substantial pro�t in 
simulated trading of Wal-Mart stock.  
Forum-level variables incorporated 
into the model, however, provided little 

improvement over the baseline. Only 
after stakeholder segmentation and ex-
traction of group-level measures from 
the forum was the improvement in di-
rectional accuracy over the baseline  
statistically signi�cant. The stake-
holder model also produced a 44 per-
cent annual return in simulated trad-
ing, an impressive 27 percent increase 
over the baseline. Figure 4 depicts 
the investment values for each model 
over the year of trading.

This research shows that recogniz-
ing the true diversity among forum 
participants, segmenting them into 
stakeholder groups based on their in-
teractions in the forum social network, 
and assessing them independently  

Table 6. Results of stock-return prediction models and simulated trading.

Model
Directional 

accuracy (%)
Ending investment  

value (%)
Annual  

return (%) 

Baseline 56.8 $11,767 17

Forum 58.0 $11,643 16

Stakeholder 61.2* $14,413 44

*Pair-wise t-test; improvement over baseline model at p < 0.10.

Figure 4. Investment values during one year of simulated trading. The stakeholder model produced a 27 percent increase over 
the baseline annual return in simulated trading.
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devices are limitless. Monitoring plat-
forms can be built that lead to compu-
tational intelligence of the underlying 
economic environment with accurate 
modeling of participants’ behaviors 
and intentions. Designers of smart 
marketplaces and their participants 
should carefully consider the existence 
of these capabilities.
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