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a b s t r a c t 

Investor based social networks, such as StockTwist, are gaining increasing popularity. These sites allow 

users to post their investment opinions in the form of microblogs. Given the growth of the posted data, 

a significant and challenging research problem is how to utilize the personal wisdom and different view- 

points in these opinions to help investment. A typical way is to aggregate sentiments related to stocks 

and generates buy or hold recommendations for stocks obtaining favorable votes while suggesting sell 

or short actions for stocks with negative votes. However, considering the fact that there always exist 

unreasonable or misleading posts, sentiment aggregation should be improved to be robust to noise. In 

our work, we study how to estimate qualities of investment opinions in investor based social networks. 

To predict the quality of an investment opinion, we use multiple categories of factors generated from 

the author information, opinion content and the characteristics of stocks to which the opinion refers. 

With predicted qualities of investment opinions, we perform two types of investment recommendation. 

The first is recommending high-quality opinions to users and the second is recommending portfolios 

generated by sentiment aggregation in a quality-sensitive manner. Experimental results on real datasets 

demonstrate the effectiveness of our work in recommending high-quality investment opinions and prof- 

itable portfolios. 

© 2018 Elsevier Ltd. All rights reserved. 
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. Introduction 

In recent years, social networks (e.g., Twitter) have become one

f prime places where web users present their ideas and opinions.

n addition, there have been lots of social networks attracting spe-

ial groups of users, who share specialized opinions. As an exam-

le, StockTwits 1 is an I nvestor B ased S ocial N etwork ( IBSN ) where

nvestors post their investment views and investment opinions. 

With the availability of IBSNs, we could collect a large volume

f investment opinions posted by real investors. A challenging task

s making use of opinions from massive investors to help users in-

est. Most of previous work [1–4] utilize the idea of “wisdom of

rowd” that aggregates the investment views of lots of users into

 single investing decision. Specifically, after extracting sentiment

bullish or bearish) in each investment opinion, previous work in-

egrates sentiments in all opinions about a stock into an invest-

ng decision (e.g., long or short) on it. For example, if the ratio of
∗ Corresponding author. 

E-mail address: minyang.ai@gmail.com (M. Yang). 
1 www.stocktwits.com . 
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306-4379/© 2018 Elsevier Ltd. All rights reserved. 
ullish votes compared to bearish votes are larger than a threshold

r in the top list, we will buy or sell the related stock. 

However, the effectiveness of sentiment aggregation is likely to

e influenced by the low-quality opinions. IBSNs are open to nearly

ll web users. Thus, there may be many low-quality opinions

osted by non-experts or by malicious users. Sentiments from low-

uality investment opinions will reduce the performance of sen-

iment aggregation. Unfortunately, there is limited previous work

hat explicitly considers this problem. 

For reducing the negative influence of noisy investment opin-

ons, our work models the qualities of investment opinions posted

n ISBNs. In previous work, only Bar-Haim et al. [5] has a similar

oal to ours. Bar-Haim et al. [5] noticed that different users post

pinions of different quality and propose a framework to iden-

ify experts by considering the performance of users’ past opin-

ons. Compared to Bar-Haim et al. [5] , our work infers the qual-

ty of specific opinions rather than users. For estimating qualities

f investment opinions, we not only consider author’s past per-

ormance but also explore other information (e.g., the social pop-

larity of opinion author, words the author used or which stock

he author talks about). Moreover, our work not only studies gen-

https://doi.org/10.1016/j.is.2018.02.011
http://www.ScienceDirect.com
http://www.elsevier.com/locate/is
http://crossmark.crossref.org/dialog/?doi=10.1016/j.is.2018.02.011&domain=pdf
mailto:minyang.ai@gmail.com
http://www.stocktwits.com
https://doi.org/10.1016/j.is.2018.02.011
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Fig. 1. Two investment opinions in the Stocktwits platform. 
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2 Or formula (2) , if people are not allowed to short stocks. 
erating portfolios from investment opinions in different qualities

but also discusses opinion recommendation, which aims to recom-

mend high-quality investment opinions to users. Compared with a

single trading strategy (e.g., a portfolio) generated by an algorithm,

investment opinions are more explainable since they include more

information (e.g., the reasons why opinion authors suggest to long

a stock) for users as references. 

In the rest of this paper, we define some notations and formu-

late the quality of an investment opinion in Section 3 . After that,

we describe our methodology for predicting qualities of investment

opinions and recommending investment advice in Section 4 . Ex-

periments are showed in Section 5 and related work is given in

Section 6 . Finally, we conclude and give directions for future work

in Section 7 . 

2. Summary of contributions 

In summary, the contributions of this paper are as follows: 

• We bring in the idea of predicting qualities of investment opin-

ions for improving investment recommendation. We formulate

the qualities of investment opinions, accordingly. 
• We study several factors (related to opinion author, words used

in the opinion and which stocks the opinion talks about) for

predicting opinion qualities. Hypotheses upon these factors are

also presented. 
• We build a prediction model for estimating qualities of invest-

ment opinions. With the prediction model, we are able to esti-

mate the qualities of new investment opinions. 
• We study how to perform investment recommendation (includ-

ing opinion recommendation and portfolio recommendation)

with predicted qualities of investment opinions. 
• We conduct an experimental evaluation based on real data that

evaluates our methodology in terms of the ability to recom-

mend high-quality investment opinions and profitable portfo-

lios. 

This article is a substantial extension of Tu et al. [6] , which was

presented at SIGIR’16 as a short paper. The differences between the

conference version and this manuscript are listed as follows. 

• In this paper, we explicitly present hypotheses upon the factors

used for predicting opinion qualities (in Section 4.1 ). 
• In [6] , we formulated estimating opinion qualities as a problem

of linear regression. In this article, we extend it into a problem

of non-negativity least squares. The comparison between these

two methods is conducted and the result demonstrates the im-

provement caused by our extension (see Section 5.5 for details).
• In the experiment, we use a larger Stocktwits dataset. More-

over, more details about the experimental setup and evaluation

metrics are given. Particularly, we add hypothesis testing (in

Section 5.4 ) for understanding the effectiveness of the factors

more comprehensively. 

3. Qualities of investing opinions 

Our work deals with the problem of estimating qualities of in-

vestment opinions. In this section, we formulate the quality of an

investment opinion. 

3.1. Notations 

We first define some notations. We use o to denote an in-

vestment opinion containing investment views of the opinion au-

thor. For each investment opinion o , we denote by a o the author

of o , and by E o the set of stocks a o talks about in o . Moreover,

we formulate a set V o of investment views in o , which consists
f ( e, l ) pairs, where e is a stock discussed in o (i.e., e ∈ E o ) and

 is the corresponding sentiment label: bullish (positive) or bear-

sh (negative). For example, Fig. 1 shows two investment opinions

osted in Stocktwits. The investment views of the first opinion

re {(GE, bearish)} and those of the second opinion are {(BBUX,

ullish)}. Note that some platforms allow users to express their

entiments in an explicit manner. For example, users in the stock-

wits platform could mark their opinions as bullish or bearish (as

ig. 1 shows). However, if investment opinions are extracted from

ther platforms such as twitter or sinaweibo, that are not specif-

cal for investors, we may need to employ sentiment analysis ap-

roaches to extract authors’ sentiments. 

.2. Ground truth of investment-opinion quality 

Next, we define the quality of an investment opinion o , denoted

s Q (o) . According to the purpose of bringing users high profits,

e formulate the quality of o (denoted by Q (o) ) as how much

rofit a user could earn by trading according to the investment

iews in o . Given V o of an investment opinion o , we denote E o 
bu 

 E o 
be 

) as the stocks corresponding to bullish (bearish) sentiment la-

els in V o . If the user trade according to V o , he/she should long

he stocks in E o 
bu 

(i.e., buy the stocks in E o 
bu 

and sell them in the

uture) and short the stocks in E o 
be 

(i.e., borrow the stocks in E be to

ell them and buy them back in the future). Then, for an invest-

ent opinion published on day d , the profit the user will earn by

rading according to o is 

1 

N (E o ) 

( ∑ 

e ∈E o 
bu 

p d � (e ) − p d (e ) 

p d (e ) 
+ 

∑ 

e ∈E o 
be 

p d (e ) − p d � (e ) 

p d (e ) 

) 

, (1)

here p d ( e ) and p d � 

(e ) are current price (i.e., price on day d ) and

uture price of stock e (i.e., price on day d + � ). In our work, we

et as the future price the price after a week (i.e., � = 7 ). Note

hat, in some stock markets (e.g., Chinese stock market), people are

ot allowed to short stocks. Under this circumstance, the profit is

alculated as: 

1 

N (E o 
bu 

) 

∑ 

e ∈E o 
bu 

p d � (e ) − p d (e ) 

p d (e ) 
. (2)

ccording to our definition of investment opinions’ qualities (i.e.,

ow much profit a user could earn by trading according to the in-

estment views in the opinion ), the formula (1) 2 can be used for

uantifying the real opinion quality Q (o) . 
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. Proposed methodology 

The main goal of our work is to correctly predict the qualities

f investment opinions and then use them for investment recom-

endation. We concentrate on two recommendation tasks. One is

uggesting a set of high-quality investment opinions to users (i.e.,

pinion recommendation ). The other is recommending a portfolio

onsisting of a set of stocks to long or short (i.e., portfolio rec-

mmendation ). In this section, we start by proposing several re-

ated factors and corresponding hypotheses. Then, we discuss how

o predict opinion qualities by combining the effectiveness of the

actors. Finally, details about performing opinion recommendation

nd portfolio recommendation with predicted opinion qualities are

iven. 

.1. Quality related hypotheses and factors 

This part explores how well different categories of factors cap-

ure the quality of investment opinions. We consider factors re-

ated to the expertise of opinion author (author level), words used

n the opinion (content level) and stocks the opinion talks about

stock level). Below we describe each of them in detail. 

.1.1. Author level 

One of the most noticeable factors determining the quality of an

pinion is the expertise of the author. An intuitive factor measur-

ng author expertise is whether the opinions he/she posted in the

ast are always correct. Here, an opinion o is seen as “correct” if

t can bring users positive profit (i.e., Q (o) > 0 ). Then, the percent-

ge of correct opinions in historical opinions posted by the opinion

uthor is used as our first factor (denoted by A_CP): 

 _ CP (o) = 

N (O 

c 
a o ) 

N (O a o ) 
, (3) 

here N (·) indicates the number of elements in a set, O a o contains

he past opinions (i.e., opinions published before the releasing time

f o ) posted by a o and O 

c 
a o 

includes the correct opinions (i.e., opin-

ons of which qualities are positive) in O 

c 
a o 

. The hypothesis about

he correlation between A _ CP (o) and Q (o) could be described as: 

H 

a 
cp : The quality of an opinion o is high if the opinion author

a o always posted correct opinions in the past (i.e., Q (o) ∝
A _ CP (o) ). 

The above factor A_CP actually uses the percentage of opinions

ith positive qualities to reflect author expertise. However, A_CP

gnores amplitude of qualities. Thus, we use the average quality of

pinions written by a o in the past as the another factor describing

uthor expertise. We denote this factor as A_AQ: 

 _ AQ (o) = 

1 

N (O a o ) 

∑ 

o ′ ∈O a o 
Q (o ′ ) . (4)

he hypothesis between A _ AQ (o) and Q (o) is: 

H 

a 
aq : The quality of an opinion o is high if a o always posted

high-quality opinions in the past (i.e., Q (o) ∝ A _ AQ (o) ). 

Besides measuring author expertise from his/her past opinions,

e also explore additional information. In an investor-based social

etwork, a user typically follows other users if he/she values their

pinions. Thus, we use the social popularity of authors (denoted

y A_SP) as a third author-level factor. We model A_SP as the nat-

ral logarithm of the number of the author’s followers (i.e., a com-

only used measurement for evaluating the social popularity of

sers) [7–9] : 

 _ SP (o) = ln (F(a o )) , (5)

here F(a o ) denotes as the number of the a o ’s followers. The hy-

othesis under factor A_SP is that: 
H 

a 
sp : The quality of an opinion o is high if a o is popular in the

investor based social networks (i.e., Q (o) ∝ A _ SP (o) ). 

The fourth factor we use for reflecting author expertise is how

uch energy the author puts in investment. To measure the in-

ected energy, we assume that if a user posts more investment

pinions, he/she puts more time and energy into investment. We

enote A_IE as this factor and the normalized number of a o ’s past

pinions as the factor value. Specifically, we have 

 _ IE (o) = 

N (O a o ) ∑ 

a ′ ∈A N (O a ′ ) 
, (6) 

here A contains all authors in the investor based social network,

nd a hypothesis: 

H 

a 
ie 

: The quality of an opinion o is high if a o injects a lot of

nergy (evaluated by the number of his/her past opinions) in

nvestment (i.e., Q (o) ∝ A _ IE (o) ). 

.1.2. Content level 

The words in opinion content are also potentially related to its

uality since it may explain why the authors post their particu-

ar view. Sentiment strength in an opinion can also be extracted

rom the content. Thus, we believe content factors may play an

mportant role in predicting opinion quality. In our work, we con-

ider content factors about words used by the author of the opin-

on. Similar to factors A_CP and A_AQ, for each word w , we calcu-

ate two scores corresponding to correctness percentage and aver-

ge quality of opinions containing w , respectively. Specifically, we

se the percentage of high-quality opinions in all opinions posted

ontaining w as correctness percentage score of w (denoted as

_CP(w)): 

 _ CP (w ) = 

N (O 

c 
w 

) 

N (O w 

) 
, (7) 

here O w 

includes the past opinions containing w and O 

c 
w 

con-

ains the correct opinions in O 

c 
w 

. We also calculate average qual-

ty score of w (denoted as W_AQ(w)) as the average quality of all

pinions posted containing w : 

 _ AQ (w ) = 

∑ 

o ′ ∈O w 

1 

N (O w 

) 
Q (o ′ ) . (8)

ypically, there is a set of words in one opinion. Assuming that the

ontent of opinion o consists of words { w 1 , w 2 , ���, w n }, we define

wo factors C_CP(o) and C_AQ(o), as the mean of discrete values

 W _ CP (w i ) } n i =1 
and { W _ AQ (w i ) } n i =1 

, respectively.: 

C _ CP (o) = 

1 

N (W o ) 

∑ 

w ∈W o 

W _ CP (w ) , 

 _ AQ (o) = 

1 

N (W o ) 

∑ 

w ∈W o 

W _ AQ (w ) , (9) 

here set W o contains all words appearing in o . Corresponding to

actors C_CP(o) and C_AQ(o), we have two hypotheses about their

orrelations with opinion qualities: 

H 

c 
cp : The quality of an opinion o is high if the words in

o always appeared in past correct opinions (i.e., Q (o) ∝
C _ CP (o) ). 

H 

c 
aq : The quality of an opinion o is high if the words

in o always appeared in past high-quality opinions (i.e.,

Q (o) ∝ C _ AQ (o) ). 

.1.3. Stock level 

We also wish to consider whether the stocks an opinion talks

bout will determine its quality. We assume that the predictabil-

ty of online investors to different stocks may be different. For
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example, if the prices of a stock are controlled by some institu-

tions behind the scenes, it is hard for individual investors to pre-

dict the stock’s future price, and thus the qualities of investment

opinions talking about this stock are difficult to be ensured. Similar

to C_CP(o) and C_AQ(o), we also characterise an opinion by using

S_CP(o) and S_AQ(o): 

S _ CP (o) = 

1 

N (E o ) 
∑ 

e ∈E o 
E _ CP (e ) , S _ AQ (o) = 

1 

N (E o ) 
∑ 

e ∈E o 
E _ AQ (e ) ,

(10)

where E o includes all stocks mentioned in o , and 

E _ CP (e ) = 

N (O 

c 
e ) 

N (O e ) 
, E _ AQ (e ) = 

∑ 

o ′ ∈O e 

1 

N (O e ) 
Q (o ′ ) , (11)

where O e includes the past opinions talking about stock e and O 

c 
e 

contains the correct opinions in O 

c 
e . The two hypotheses corre-

sponding to S_CP(o) and S_AQ(o) are: 

H 

s 
cp : The quality of an opinion o is high if the stocks men-

tioned in o were always talked about in past correct opin-

ions (i.e., Q (o) ∝ S _ CP (o) ). 

H 

s 
aq : The quality of an opinion o is high if the stocks men-

tioned in o were always talked about in past high-quality

opinions (i.e., Q (o) ∝ S _ AQ (o) ). 

4.2. Predicting qualities of investment opinions 

Now, we have eight hypotheses based on eight factors. This sec-

tion discusses how to fit qualities of investment opinions by utiliz-

ing eight factors simultaneously. To combine the effectiveness of

the factors, we consider the linear fitting model [10] : 

Q (o) = w · x o + b, (12)

where x o is a vector consisted from A_CP(o), A_AQ(o), A_SP(o),

A_IE(o), C_CP(o), C_AQ(o), S_CP(o), S_AQ(o), vector w contains

weights of the factors, and b is the bias term. 

Suppose we have a set of historical investment opinions O 

tr . For

each opinion in Q 

tr , its real quality is known. As an instance, sup-

posing today is 2015-03-16, real qualities of opinions posted on or

before 2015-03-09 are known (since p d � 

(e ) in formula (1) is set as

the price after a week). For each o in O 

tr , we have an observation

(x o , Q (o)) . Given a sufficiently large number of such observations,

one can reliably estimate the true underlying parameters (i.e., w

and b ), by employing the technique of least squares [11] . More-

over, according to the meanings of each factor and related hypoth-

esis, it is hard to trust negative correlation between each factor

and opinion quality. For instance, A_CP (i.e., the percentage of au-

thor’s correct opinion in the past) is not likely negatively related

to the quality of opinions posted by the author. For this reason,

non-negativity constraint upon w should be included. Thus, we for-

mulate modeling prediction function as a problem of non-negative

least squares: 

(w 

∗, b ∗) = arg min 

w �0 

∑ 

o∈O tr 

|| w · x o + b − Q (o) || 2 , (13)

where || · || 2 denotes the L 2 norm and w �0 means that each com-

ponent of w should be non-negative. The optimal parameters w 

∗,

b ∗ can be solved by a number of different ways in the research of

non-negative least squares [11–14] . In our work, we use the tech-

nique proposed in [14] . Once we have w 

∗ and b ∗, the predicted

quality of a new opinion o ′ is w 

∗ · x o ′ + b ∗. With these predicted

qualities, we could rank candidate opinions for finding high-quality

opinions. 
.3. Investment recommendation with predicted opinion qualities 

The purpose of investment recommendation is giving users in-

estment advice. A typical task of investment recommendation is

ecommending a set of stocks (i.e., a portfolio) to users. Besides

ortfolio recommendation, we also consider recommending users

 set of high-quality investment opinions. Compared with a single

ortfolio, investment opinions include more information (e.g., the

easons why opinion authors suggest to long a stock) for users as

eferences. 

.3.1. High-quality opinion recommendation 

Once we have collected a set of training data (including histor-

cal investment opinions and their real qualities), we can learn the

rediction function by formulation (13) . Then, we recommend in-

estment opinions with high predicted qualities to users to help

hem invest. The procedure for recommending high-quality opin-

ons is summarized by Procedure (1) (assuming the recommenda-

ion is performed at 8am each day). 

rocedure 1 Daily opinion recommendation (on day d ). 

nput: 

O 

tr 
d 

= historical investment opinions of which real qualities are

known 

O 

te 
d 

= investment opinions posted during from the last recom-

mendation time (i.e., 8am on day d − 1 ) to current recommen-

dation time (i.e., 8am on day d) 

utput: 

k recommended opinions O 

rec 
d 

1: Construct training set { ( x o , Q (o)) } according to O 

tr 
d 

2: Learn f : X → y (by formulation 13) 

3: for all o ′ ∈ O 

te 
d 

do 

4: Construct x o ′ according to o ′ 
5: Estimate predicted quality ˆ Q (o ′ ) as f ( x o ′ ) 
6: end for 

7: O 

rec 
d 

= k opinions in O 

te 
d 

according to k highest ˆ Q values 

.3.2. Portfolio recommendation by quality-sensitive sentiment 

ggregation 

Portfolio recommendation suggests a set of stocks and related

ctions (long or short) to users. Conventional methodologies for

enerating a portfolio based on investment opinions always aggre-

ate a large amount of investors’ sentiments into a score for each

tock. However, few of them consider reducing noise viewpoints

y taking opinion qualities into account. In this section, we first

riefly introduce traditional approaches to recommend portfolio,

nd then discuss how to improve portfolio generation by merging

nvestment sentiments in a quality-sensitive manner. 

In previous work, profitable stocks are selected according to

heir aggregate sentiment indexes. One of the most popular aggre-

ate bullish and bearish sentiment indexes [2–4] are: 

bu 
i = ln 

[
1 + N (O 

bu 
i 

) 

1 + N (O 

be 
i 

) 

]
, δbe 

i = ln 

[
1 + N (O 

be 
i 

) 

1 + N (O 

bu 
i 

) 

]
, (14)

here δbu 
i 

( δbe 
i 

) denotes bullish (bearish) sentiment index for stock

 i while O 

bu 
i 

( O 

be 
i 

) is the set of opinions containing bullish (bear-

sh) views on e i . In other words, for each o in O 

bu 
i 

( O 

b 
i 
), the in-

estment views V o should contain ( e i , l i ) and l i is bullish (bearish).

bviously, if δbu 
i 

is larger than δbe 
i 

(i.e., |O 

bu 
i 

| > |O 

be 
i 

| ), we should

onsider to long e i while if the δbe 
i 

is larger than δbu 
i 

(i.e., |O 

be 
i 

| >
O 

bu 
i 

| ), we should consider to short e i . Moreover, if the difference

etween δbu 
i 

and δbe 
i 

(i.e., | δbu 
i 

− δbe 
i 

| ) is larger, the views are more
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onsistent and the rising (if δbu 
i 

> δbe 
i 

) or falling (if δbe 
i 

> δbu 
i 

) prob-

bility should also be large. Thus, for recommending stocks, we

ould sort stocks in decreasing order of | δbu 
i 

− δbe 
i 

| and take the

op k ′ ones as the recommended stocks. Finally, we suggest to long

short) the stocks if their bullish indexes are much larger (smaller)

han their bearish indexes. 

In our work, we attempt to utilize the predicted qualities in

tock recommendation by giving higher weights to sentiments in

igh-quality opinions. We call this quality-sensitive sentiment ag-

regation . Note that in Eq. (14) , N (O 

bu 
i 

) actually equals 
∑ 

o I { o ∈
 

bu 
i 

} , where I is the indicator function (i.e., I { a true statement } =
 , and I { a false statement } = 0 ). Thus, by weighting views in o

ith 

ˆ Q (o) , the quality-sensitive aggregation for sentiment indexes

hould be 

bu 
i = ln 

[
1 + 

∑ 

o 
ˆ Q (o) I { o ∈ O 

bu 
i 

} 
1 + 

∑ 

o 
ˆ Q (o) I { o ∈ O 

be 
i 
} 
]
, 

δbe 
i = ln 

[
1 + 

∑ 

o 
ˆ Q (o) I { o ∈ O 

be 
i 
} 

1 + 

∑ 

o 
ˆ Q (o) I { o ∈ O 

bu 
i 

} 
]
. (15) 

he recommendation procedure for k ′ -stock portfolios is summa-

ized by Procedure (2) . 

rocedure 2 Daily portfolio recommendation (on day d ). 

nput: 

E d = stocks tradable and mentioned on day d 

O 

tr 
d 

= historical investment opinions of which real qualities are

known 

O 

te 
d 

= investment opinions posted during from the last recom-

mendation time (i.e., 8am on day d − 1 ) to current recommen-

dation time (i.e., 8am on day d) 

utput: 

k recommended opinions O 

rec 
d 

1: Construct training set { ( x o , Q (o)) } according to O 

tr 
d 

2: Learn f : X → y (by formulation 13) 

3: for all o ′ ∈ O 

te 
d 

do 

4: Construct x o ′ according to o ′ 
5: Estimate predicted quality ˆ Q (o ′ ) as f ( x o ′ ) 
6: end for 

7: for all e i ∈ E d do 

8: Calculate sentiment indexes δbu 
i 

and δbe 
i 

according to formu-

lation 15 

9: Calculate stock score s (e i ) = | δbu 
i 

− δbe 
i 

| 
10: end for 

11: E rec 
d 

= k ′ stocks in E d accordingto k ′ highest stock scores 

. Experiments 

.1. Data preparation 

For experiments, we collect all messages posted during from

014-01-01 to 2015-05-31 from the investor-based social media

tockTwits. In StockTwits, users post short messages (limited to

40 characters) that include ideas or opinions on specific invest-

ents. Stock symbols in messages are preceded by a “CashTag”

$) (as Fig. 1 shows). Here, we only taking StockTwits messages

aving at least one CashTag and explicit sentiment label as invest-

ent opinions. Finally, the dataset of StockTwits investment opin-

ons contains 2,325,858 messages posted by 40,737 users and re-

ated to 5723 stocks traded at NYSE and Nasdaq. We used the Ya-

oo! Finance API 3 to crawl historical prices of stocks. 
3 www.finance.yahoo.com . 

h

d

.2. Preliminary data analysis 

To better understand the structure of the dataset, we performed

ome preliminary data analysis. Fig. 2 (a) represents the percent-

ge of opinions having at least one “CashTag” $ in the Stocktwits

latform. We can find that more than half of opinions talk about

t least one stock, which verifies that the stocktwits platform is

 good source for collecting investor opinions about individual

tocks. Fig. 2 (b) shows that most opinions talk about stocks traded

n NYSE and NASDAQ market. As shown by Fig. 2 (c), among the

pinions containing sentiment tags, the number of bullish opinions

s much more than the number of bearish opinions. From Fig. 2 (d),

e can see that most opinions posted in Stocktwits Platform have

–30 words. Fig. 2 (e) and (f) represent two cases of “long tail”4 

15] . Specifically, a large proportion of opinions are posted by a

mall proportion of users and related to a small proportion of

tocks. Fig. 2 (g)–(i) show the number of opinions, users and stocks

ppeared on the first day of each month. On 2015-01-01, around

600 users posted more than 90,000 investment opinions related

o more than 10 0 0 stocks. Moreover, it seems that the numbers

ould continually grow in the future. Obviously, it is very hard

or a user or even an investment institution to through out all of

he investment opinions. Thus, identifying high-quality investment

pinions and high-profit stocks are of great use, which confirms

he practical value of our work. 

.3. Experimental setup 

We note that the opening time of stock markets is 9:30 am.

hus, in our experiments, we set the time to generate recommen-

ations at 8:00 am on each tradable day. If recommendation re-

ults are given to users at 8:00 am, they may have adequate time

o consider whether or not trade according to our recommenda-

ion. We start the investment recommendation from 2014-06-01

rather than 2014-01-01) since we need a collection of historical

ata for calculating values of factors A_CP, A_AQ, A_IE, C_CP, C_AQ,

_CP, S_AQ. During the progression of the experiment, we will con-

inuously update the historical data. As an instance, when the rec-

mmendation is simulated on 2015-03-16, the historical opinions

i.e., opinions of which real qualities are known) includes opinions

osted on or before 2015-03-09 (since p d � 

(e ) in formula (1) is set

s the price after a week in our work). 

.4. Hypothesis testing 

Before presenting the experimental results of opinion and port-

olio recommendation, we first test hypotheses introduced in

ection 4.1 . We have proposed eight factors A_CP, A_AQ, A_IE, C_CP,

_AQ, S_CP, S_AQ. Each factor corresponds to a hypothesis. Given

 factor, the corresponding hypothesis actually assumes the fac-

or values of high-quality opinions are high while factor values

f low-quality opinions are low. For instance, H 

a 
cp assumes A_CP

alues of high-quality opinions are higher than A_CP values of

ow-quality opinions. Thus, for each factor v , we calculate A verage

 actor V alue of opinions in H ighest m Q ualities (denoted as AFV-

Q ) and A verage F actor V alue of opinions in L owest m Q ualities

denoted as AFV-LQ ): 

FV-HQ (v ) = 

1 

m 

∑ 

o∈O q 
h 

V(o) , AFV-LQ (v ) = 

1 

m 

∑ 

o∈O q 
l 

V(o) , (16)
4 A long tail of some distributions of numbers is the portion of the distribution 

aving a large number of occurrences far from the “head” or central part of the 

istribution. 

http://www.finance.yahoo.com
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Fig. 2. Preliminary data analysis. For more details and a discussion of the results, please see Section 5.2 . 
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Fig. 3. Hypothesis testing. 
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5 In [6] (i.e., the conference version of our work), we used PredQual(LR) for 

opinion recommendation. In this manuscript, we extend it into PredQual(NNLS) by 

adding the non-negative constraint w �0. 
here V(o) denotes o ’s value of factor v and O 

q 

h 
(O 

q 

l 
) includes

pinions in top (bottom)- m qualities. Then, the reliability of a hy-

othesis can be measured by: 

eliability (H) = 

AFV-HQ (v ) − AFV-LQ (v ) 
| AFV-HQ ( v ) + AFV-LQ (v ) | , (17) 

here H is the hypothesis upon factor v (e.g., H is H 

a 
cp if v is

_CP). 

Fig. 3 shows reliability values (when m = 100 ) of hypotheses

 

a 
cp , · · · , H 

s 
aq introduced in Section 4.1 . The result supports all of

ypotheses, to different extent. Moreover, the fact that reliability

alues of all hypotheses are positive verifies the rationality behind

he non-negativity constraint w �0 used in formulation (13) . 

.5. Comparison on recommending high-quality opinions 

.5.1. Evaluation metrics 

In our experiment, we recommend an opinion set O 

rec 
d 

to users

n each tradable day d during the test session (i.e., from 2014-06-

1 to 2015-05-31). For each O 

rec 
d 

, we evaluate its performance (de-

oted by P(O 

rec 
d 

) ) as the average quality of opinions in it: 

1 

N (O 

rec 
d 

) 

∑ 

o∈O rec 
d 

Q (o) . (18) 

inally, the performance of an opinion-recommendation strategy is

uantified as the average of performances of all generated opinion

ets on all tradable days D 

te : 

1 

N (D 

te ) 

∑ 

d∈D te 

P(O 

rec 
d ) . (19) 

.5.2. Baselines 

Random Recommendation : The simplest method to recom-

mend opinions is random selection. Specifically, we ran-

domly selected k opinions as ˜ O 

rec 
d 

, and repeated this pro-

cess 10,0 0 0 times. Finally, we use the average value of all

selected 

˜ O 

rec 
d 

s’ performances as the performance of O 

rec 
d 

gen-

erated by Random recommendation. 

Expert based Recommendation : We use the author expertise

model (denoted as Expert ) proposed in [5] to recommend

opinions, by recommending k opinions posted by top ex-

perts. 

Hypothesis based Recommendation : As introduced in

Section 4 , we have eight hypotheses: H 

a 
cp , · · · , H 

s 
aq . Each

hypothesis corresponds to a recommendation strategy 

that ranks opinions according to their values of the fac-

tor. Then, the high-quality opinions are selected as ones
with top factor values. For example, hypothesis H 

a 
cp (i.e.,

Q (o) ∝ A _ CP (o) ) ranks investment opinions according to

their A_CP values and consider opinions with highest

A_CP values as high-quality opinions. Thus, according to

H 

a 
cp , · · · , H 

s 
aq , we have eight compositors for recommending

opinions. 

Predicted-quality based Recommendation : As introduced in

Section 4 , our methodology predicts opinion qualities by

combining the effectiveness of multiple factors. Finally, rec-

ommended opinions are ones in top-k qualities. In our

work, searching optimal prediction function is formulated

as a problem of non-negative least squares (see formulation

(13) for details). If we remove the non-negative constraint

w �0, it will become a linear-regression problem [16] . We

will also compare performances of opinion recommenders

using Pred icted Qual ities estimated by Linear Regression

( LR ) and Non-Negative Least Squares ( NNLS ), denoted as

PredQual(LR) and PredQual(NNLS) , respectively. 5 

.5.3. Recommendation performance 

Fig. 4 represents recommendation performances of competitors

ntroduced in Section 5.5.2 . As Fig. 4 shows, each of the proposed

ypotheses could be used for retrieving high-quality opinions to

 different extent, since the recommendation performances cor-

esponding to all hypotheses are larger than the random selec-

ion. The experimental result indicates that the methods ( Expert ,

 

a 
cp , H 

a 
aq , H 

a 
sp , H 

a 
ie 

) only rely on author information perform worse

han our methods ( PredQual(LR), PredQual(NNLS) ), which verifies

he value of combining various information such as content and re-

ated stocks. The best performance is achieved by PredQual(NNLS) ,

hich demonstrates the effectiveness of adding the non-negative

onstraint w �0 in formulation (13) . 

.6. Comparison on recommending portfolios 

.6.1. Evaluation metrics 

Given a recommended portfolio E rec 
d 

generated on the test date

 , let E rec 
d l 

( E rec 
d s 

) denoted stocks in E rec 
d 

and of which bullish (bear-

sh) sentiment index is larger. For evaluating E rec 
d 

, we use the profit

arned by a user if he/she long the stocks in E rec 
d l 

(i.e., stocks in E rec 
d 

nd should be longed) and short the stocks in E rec 
d s 

(i.e., stocks in

 

rec 
d 

and should be shorted). Thus, the performance of E rec 
d 

can be

valuated as (denoted by P(E rec 
d 

) ): 

1 

N (E rec 
d 

) 

⎛ 

⎝ 

∑ 

e ∈E rec 
d l 

p d � (e ) − p d (e ) 

p d (e ) 
+ 

∑ 

e ∈E rec 
d s 

p d (e ) − p d � (e ) 

p d (e ) 

⎞ 

⎠ . (20) 

imilar to performance of investor-opinion recommendation, the

nal performance of stock recommendation is formulated as 

1 

N (D 

te ) 

∑ 

d∈D te 

P(E rec 
d ) . (21) 

.6.2. Baselines 

Traditional Sentiment Aggregation (Trad-Aggr) : As a base-

line method for portfolio recommendation, we employ tra-

ditional sentiment indexes (see Eq. (14) ) used in previ-

ous work [2–4] to sort stocks and generate portfolios (as

Section 4.3.2 discusses). 
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Fig. 4. Performance comparison for opinion recommendation. From left to right in order, the bars correspond to methods Random, Expert , 

H 

a 
cp , H 

a 
aq , H 

a 
sp , H 

a 
ie 
, H 

c 
cp , H 

c 
aq , H 

s 
cp , H 

s 
aq , PredQual(LR) and PredQual(NNLS) (see Section 5.5.2 for details). The y-axis shows the performance of opinion recommenda- 

tion (i.e., formulation (19) ). 
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Expert Identification : As another competitor, we use the au-

thor expertise model proposed in [5] to generate expert-

sensitive sentiment indexes (denoted as Expert , see [5] for

details). 

Quality-sensitive Sentiment Aggregation (QS-Aggr) : Our work

improves traditional sentiment indexes by aggregating opin-

ion sentiments with opinion qualities as weights (see formu-

lation (15) ). 

5.6.3. Recommendation performance 

In Fig. 5 , we compare the performances (i.e., formulation (21) )

of our method (i.e., QS-Aggr ) and other competitors (i.e., Trad-

ggr and Expert ). Both of Expert and QS-Aggr outperform Trad-

ggr , which verifies the effectiveness of giving high-quality opin-

ions larger weights when combining opinion sentiments. Our

method QS-Aggr suggests the most profitable stocks and demon-

strates the effectiveness of quality-sensitive sentiment indexes.

This result demonstrates that qualities of investor opinions should

be measured by considering various factors (rather than only con-

sidering authors’ previous performance). 

6. Related work 

Recall that our methodology aims to recommend a set of stocks

by aggregating views in high-quality opinions which are posted

on investor-based social networks. In this section, we summarize

work related to ours. First, we review approaches studying finan-

cial recommendation systems. Then, recent methods that predict

stock market with social-media data are summarized. 
.1. Recommendation systems in finance 

Recommendation systems, as an edge tool to combat informa-

ion overload [17] , have been advocated by both academia and in-

ustry. The objective of recommendation systems is automatically

elivering to users things they are interested in [18] . In the finan-

ial domain, recommendation systems have gained an increasing

ttention [19] . Users in financial recommendation systems are al-

ays real-world investors having investment intentions and items

re finance-related products such as stocks, loans and real estates.

mong various kinds of financial products, stocks have gained

ost attention. In recent years, lots of approaches use intelli-

ent algorithms to predict stock markets and identify stocks which

ight bring to users long-term or short-term returns. The intel-

igent algorithms that have been successfully applied in this di-

ection include support vector machines (SVM), genetic algorithm,

eep learning and so on [20–22] . Another direction is to perform

tock recommendation with social-media data [23] . A detail review

f studies in this direction will be given in the later subsection

i.e., Section 6.2 ). Moreover, personalization criteria is considered

n some studies for improving stock recommendation. Liu and Lee

24] attempts to realize personalized recommendation by design-

ng several features to select stocks according to preferences of a

pecific user. Chalidabhongse and Kaensar [25] describes investor

rofiles by a set of dimensions, and then proposes a system to give

ersonalized recommendation to the investors based on their per-

onal profiles and their historical system interactions. Taghavi et al.

26] proposes a hybrid recommender which includes collaborative
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Fig. 5. Comparison of portfolio recommendation by Trad and Expert and our method PredQual (NNLS) . The y-axis shows the performance of portfolio recommendation 

(i.e., formulation (21) ). 
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s  

l  

e  
nd content-based filtering to provide personalized stock recom-

endation. Yang et al. [27] divides investors into several groups,

nd then recommends stocks preferred by the users who are in the

ame group with the target investor. Since our work recommends

tocks by discovering high-quality investor opinions, the recom-

endation service provided by our method is non-personalized.

ne of our future work is to extend our approach to realize per-

onalized investment recommendation (see Section 7 for more de-

ails). 

.2. Stock prediction with social media 

Note that our work is based on investor opinions from social-

edia platforms. In this subsection, we review previous work

hich also studies the use of social media for predicting stock mar-

ets. 

Search queries are used for capturing investor attention and

redict stock movements according to the theory of behavioral

conomics. Antweiler and Frank [28] collected a large volume (i.e.,

.5 million) messages from Yahoo Finance and Raging Bull plat-

orms to study the predictive power of online messages for the

tock market. Finally they found that stock turnovers could be pre-

icted by the volumes of messages. The analysis in [29] is per-

ormed on a collection of queries submitted to a popular search

ngine. Their work shows that dynamics of query volume can iden-

ify early warnings of financial risk. 

Besides searching behavior, the public emotion (e.g., joy, sad-

ess) revealed in social-media platforms is another indicator com-

only used for stock prediction. Bollen et al. [30] investigated

hether collective mood states on Twitter are related to the value

f the Dow Jones Industrial Average (DJIA). They find that cer-
ain mood states are indeed predictive of the DJIA closing val-

es. Zhang et al. [31] explored the relationship between hope and

ear on the one hand and the Dow Jones, NASDAQ, and S&P 500

n the other hand. Their results indicate that the level of tweet

motionality was significantly related to all three aggregated indi-

ators. Recently, in [32] , through study on over 10 million stock-

elevant tweets from Weibo, both correlation analysis and causal-

ty test show that five attributes of the stock market in China can

e competently predicted by various online emotions, like disgust,

oy, sadness and fear. López-Cabarcos et al. [33] studied the im-

act technical and non-technical investors have on the stock mar-

et. However, separating Stocktwits users into technical and non-

echnical investors might suffer from a lack of accuracy since the

sers do not explicitly show whether they are technical or non-

echnical. Sul et al. [23] performed experiments to analyze the cu-

ulative sentiment (positive and negative) in 2.5 million Twitter

ostings about individual S&P 500 firms and compared this to the

tock returns of those firms. The results showed that the sentiment

n tweets about a specific firm from users with less than 171 fol-

owers had a significant impact on the stock’s returns. 

In this paper, we choose investment opinions as the resource

or realizing investment recommendation. Compared with search

ueries, investment opinions always contain much richer informa-

ion to enable us to infer the motivation behind investors’ atten-

ions. Moreover, sentiments in investment opinions reveal attitudes

f investors to stock prediction. Thus, compared to public emotion,

hey are likely to be correlated to the stock market more strongly.

ao and Srivastava [3] presented the strong correlation between

tock prices and sentiments generated from 4 million tweets re-

ated to stocks belonging to DJIA, NASDAQ-100 and 13 other big

nterprises. Mao et al. [1] forecasted the stock market by the ag-
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gregation of bullish and bearish sentiments containing in tweets. In

their experiments, both of sentiment and volume indicators have

a strong predictive power of daily market returns. Oh and Sheng

[2] employed a J49 classifier to infer sentiment tags of invest-

ment opinions collected from the stocktwits platform. They also

proved the predictive ability of their sentiment indicators for fu-

ture market directions. Tu et al. [4] improved sentiment classifi-

cation on bullish/bearish attitudes expressed in investment opin-

ions and obtains a more predictable sentiment index. Bing et al.

[34] focused on studying sentiment analysis on tweets about spe-

cific listed companies. 

In the above work, investment recommendation is made by ag-

gregating the views (e.g., buy or sell) contained in all the opinions,

and buying most buy stocks that get most buy votes and short-

selling the stocks with the strongest bearish sentiment. These

methods aggregate the views in opinions to reflect the wisdom of

the whole but ignore the variability in user expertise. Thus, find-

ing a way to evaluate the quality of investment opinions and treat

opinions with different qualities differently is essential to improve

the predicting effectiveness. The purpose of our work is to analyze

the opinion quality from multiple perspectives. The most closely

related work to ours is the work of Bar-Haim et al. [5] . It improves

previous work by modeling user expertise to reduce the noise.

Specifically, it presents a framework for identifying experts. First,

they define the expertise as the percentage of correct opinions in

the historical opinions of a user. Then, they will use the Pearson’s

Chi–square test to detect experts if they significantly outperform

others. The limitation of this work is that it uses only author fac-

tor to model the quality variance. In their methodology, different

opinions written by the same author will have the same quality.

However, it is possible that different posts by the same user may

have different quality (e.g., the user is expert only for a subset of

the investment products). To detect the quality difference among

opinions from the same author, we need to explore factors. Thus,

in our work, we explore many additional factors to explicitly pre-

dict the quality of each specific opinion rather than the expertise

of a single user. Moreover, in [5] , author expertise only relies on

the past performance of the author while our work utilizes more

factors of authors to derive their characteristics. 

7. Conclusion and future work 

In this paper, we studied the problem of estimating the qual-

ities of investment opinions posted on investor based social net-

works. We first proposed several related factors and then predicted

qualities of investment opinions by combining the factors. More-

over, we have studied to use predicted opinion qualities to retrieve

high-quality opinions and generate profitable portfolio more effec-

tively. Experiments on a real-world dataset verify the effectiveness

of our work in recommending high-quality investment opinions

and improving conventional portfolio recommendation. 

As future work, we plan to explore more factors to predict qual-

ities of investment opinions more effectively. For an instance, the

propagation characteristic of investment opinions may be useful

in estimating the opinion quality by assuming high-quality opin-

ions will gain more attentions and be forwarded more frequently.

Moreover, motivated by recent progress (such as [35] ) in personal-

ized opinion recommendation, we intend to also consider personal

investment preferences of users for further improving the invest-

ment recommendation, using personalization criteria. Finally, we

plan to use the theory of topic models [36] to improve the accu-

racy of discovering high-quality investor opinions. 
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