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ABSTRACT
Due to its high popularity, Weblogs (or blogs in short) present
a wealth of information that can be very helpful in assessing
the general public’s sentiments and opinions. In this pa-
per, we study the problem of mining sentiment information
from blogs and investigate ways to use such information for
predicting product sales performance. Based on an analy-
sis of the complex nature of sentiments, we propose Senti-
ment PLSA (S-PLSA), in which a blog entry is viewed as a
document generated by a number of hidden sentiment fac-
tors. Training an S-PLSA model on the blog data enables us
to obtain a succinct summary of the sentiment information
embedded in the blogs. We then present ARSA, an autore-
gressive sentiment-aware model, to utilize the sentiment in-
formation captured by S-PLSA for predicting product sales
performance. Extensive experiments were conducted on a
movie data set. We compare ARSA with alternative models
that do not take into account the sentiment information, as
well as a model with a different feature selection method.
Experiments confirm the effectiveness and superiority of the
proposed approach.

Categories and Subject Descriptors
H.3.3 [Information Search and Retrieval]: Text Mining

General Terms
Algorithm
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Sentiment mining, blog, autoregressive model

1. INTRODUCTION
In recent years, Weblogs (or blogs in short) have become

a popular type of media on the Web. As of November 2006,
the blog search engine Technorati was tracking more than
63 million blogs [21]. Blogs are often online diaries pub-
lished in reverse chronological order, and they can also be
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commentaries or discussions on a particular subject, ranging
from mainstream topics (e.g., food, music, products, pol-
itics, etc.), to highly personal interests [13]. Since many
bloggers choose to express their opinions online, blogs serve
as an excellent indicator of public sentiments and opinions.

This paper studies the predictive power of opinions and
sentiments expressed in blogs. We focus on the blogs that
contain reviews on products. Since what the general pub-
lic thinks of a product can no doubt influence how good it
sells, understanding the opinions and sentiments expressed
in the relevant blogs is of high importance, because these
blogs can be a very good indicator of the product’s future
sales performance. In this paper, we are concerned with de-
veloping models and algorithms that can mine opinions and
sentiments from blogs and use them for predicting product
sales. Properly utilized, such models and algorithms can
be highly helpful in various aspects of business intelligence,
ranging from market analysis to product planning and tar-
geted advertising.

As a case study, we investigate how to predict box office
revenues using the sentiment information obtained from blog
mentions. The choice of using movies rather than other
products in our study is mainly due to data availability, in
that the daily box office revenue data are all published on
the Web and readily available, unlike other product sales
data which are often private to their respective companies
due to obvious reasons. Also, as discussed by Liu et al. [15],
analyzing movie reviews is one of the most challenging tasks
in sentiment mining. We expect the models and algorithms
developed for box office prediction to be easily adapted to
handle other types of products that are subject to online
discussions, such as books, music CDs and electronics.

Prior studies on the predictive power of blogs have used
the volume of blogs or link structures to predict the trend of
product sales [7, 8], failing to consider the effect of the sen-
timents present in the blogs. It has been reported [7, 8] that
although there seems to exist strong correlation between the
blog mentions and sales spikes, using the volume or the link
structures alone do not provide satisfactory prediction per-
formance. Indeed, as we will illustrate with an example, the
sentiments expressed in the blogs are more predictive than
volumes.

Mining opinions and sentiments from blogs, which is nec-
essary for predicting future product sales, presents unique
challenges that can not be easily addressed by conventional
text mining methods. Therefore, simply classifying blog re-
views as positive and negative, as most current sentiment-
mining approaches are designed for, does not provide a com-



prehensive understanding of the sentiments reflected in the
blog reviews. In order to model the multifaceted nature of
sentiments, we view the sentiments embedded in blogs as
an outcome of the joint contribution of a number of hidden
factors, and propose a novel approach to sentiment mining
based on Probabilistic Latent Semantic Analysis (PLSA),
which we call Sentiment PLSA (S-PLSA). Different from the
traditional PLSA [9], S-PLSA focuses on sentiments rather
than topics. Therefore, instead of taking a vanilla “bag of
words” approach and considering all the words (modulo stop
words) present in the blogs, we focus primarily on the words
that are sentiment-related. To this end, we adopt in our
study the appraisal words extracted from the lexicon con-
structed by Whitelaw et al. [24]. Despite the seemingly
lower word coverage (compared to using “bag of words”),
decent performance has been reported when using appraisal
words in sentiment classification [24]. In S-PLSA, appraisal
words are exploited to compose the feature vectors for blogs,
which are then used to infer the hidden sentiment factors.

Aside from the S-PLSA model which extracts the senti-
ments from blogs for predicting future product sales, we also
consider the past sale performance of the same product as
another important factor in predicting the product’s future
sales performance. We capture this effect through the use of
an autoregressive (AR) model, which has been widely used
in many time series analysis problems, including stock price
prediction [6]. Combining this AR model with sentiment in-
formation mined from the blogs, we propose a new model for
product sales prediction called the Autoregressive Sentiment
Aware (ARSA) model. Extensive experiments on the movie
dataset has shown that the ARSA model provides superior
predication performance compared to using the AR model
alone, confirming our expectation that sentiments play an
important role in predicting future sales performance.

In summary, we make the following contributions.

• We are the first to model sentiments in blogs as the
joint outcome of some hidden factors, answering the
call for a model that can handle the complex nature
of sentiments. We propose the S-PLSA model, which
through the use of appraisal groups, provides a prob-
abilistic framework to analyze sentiments in blogs.

• We propose the Autoregressive Sentiment Aware (ARSA)
model for product sales prediction, which reflects the
effects of both sentiments and past sales performance
on future sales performance. Its effectiveness is con-
firmed by experiments.

The rest of the paper is organized as follows. Section 2
provides a brief review of related work. In Section 3, we dis-
cuss the characteristics of online discussions and specifically,
blogs, which motivate the proposal of S-PLSA in Section 4.
In Section 5, we propose ARSA, the sentiment-aware model
for predicting future product sales. Section 6 reports on the
experimental results. We conclude the paper in Section 7.

2. RELATED WORK

2.1 Sentiment Mining
Most existing work on sentiment mining (sometimes also

under the umbrella of opinion mining) focuses on determin-
ing the semantic orientations of documents. Among them,
some of the studies attempt to learn a positive/negative clas-
sifier at the document level. Pang et al. [20] employ three

machine learning approaches (Naive Bayes, Maximum En-
tropy, and Support Vector Machine) to label the polarity
of IMDB movie reviews. In a follow up work, they pro-
pose to firstly extract the subjective portion of text with
a graph min-cut algorithm, and then feed them into the
sentiment classifier [18]. Instead of applying the straightfor-
ward frequency-based bag-of-words feature selection meth-
ods, Whitelaw et al. [24] define the concept of “adjectival
appraisal groups” headed by an appraising adjective and
optionally modified by words like “not” or “very”. Each
appraisal group is further assigned four type of features:
attitude, orientation, graduation, and polarity. They re-
port good classification accuracy using appraisal groups.
They also show that when combined with standard “bag-of-
words” features, the classification accuracy can be further
boosted. We use the same words and phrases from the ap-
praisal words to compute the blogs’ feature vectors, as we
also believe that such adjectival appraisal words play a vital
role in sentiment mining and need to be distinguished from
other words. However, as will become evident in Section 4,
our way of using these appraisal groups is different from that
in [24].

There are also studies that work at a finer level and use
words as the classification subject. They classify words into
two groups, “good” and “bad”, and then use certain func-
tions to estimate the overall “goodness” or “badness” score
for the documents. Kamps et al. [11] propose to evalu-
ate the semantic distance from a word to good/bad with
WordNet. Turney [23] measures the strength of sentiment
by the difference of the mutual information (PMI) between
the given phrase and “excellent” and the PMI between the
given phrase and “poor”.

Pushing further from the explicit two-class classification
problem, Pang et al. [19] and Zhang [25] attempt to deter-
mine the author’s opinion with different rating scales (i.e.,
the number of stars). Liu et al. [15] build a framework
to compare consumer opinions of competing products us-
ing multiple feature dimensions. After deducting supervised
rules from product reviews, the strength and weakness of the
product are visualized with an “Opinion Observer”.

Our method departs from classic sentiment classification
in that we assume that sentiment consists of multiple hidden
aspects, and use a probability model to quantitatively mea-
sure the relationship between sentiment aspects and blogs,
as well as sentiment aspects and words.

2.2 Blog Mining
Blogs have recently attracted a lot of research interest.

There are currently two major research directions on blog
analysis. One direction is to make use of links or URLs
in Blogspace [22, 1, 12, 5, 7]. Kumar et al. [12] build a
time graph for Blogspace, and develop views of the graph
as a function of time. By observing the evolving behav-
ior of the time graph, burst defined as a large sequence of
temporally focused documents with plenty of links between
them can be traced. Efron [5] describes a hyperlink-based
method to estimate the political orientation of Web docu-
ments. By estimating the likelihood of cocitation between
a document of interest and documents with known orienta-
tions, the unknown document is classified to either left- or
right-wing community. Gruhl et al. [7, 8] prove that there is
a strong correlation between blog mentions and sales rank;
they therefore believe that the temporal information of top-
ics may help to forecast spike patterns in sales rank.



The other direction focuses on analyzing the contents of
blogs [14, 17, 16, 3]. Mei et al. [17] considers blog as a
mixture of unigram language models, with each component
corresponding to a distinct subtopic or theme. To analyze
spatiotemporal theme patterns from blogs, location variable
and theme snapshot for each given time period are inte-
grated in the model. Dalli [3] builds a system for large-scale
spatiotemporal analysis of online news and blogs. He utilizes
an embedded hierarchical geospatial database to distinguish
geographical named entities, and provides results for an ex-
tremely fine-grained analysis of items in news contents.

3. CHARACTERISTICS OF ONLINE DIS-
CUSSIONS

Intuitively, a newly released product that evokes a lot of
online discussions is likely to have an outstanding sales per-
formance. However, evidences show that even if there exists
a strong correlation between the number of blog mentions
of a new product and the sales rank of the product, it could
still be very difficult to make a successful prediction of sales
ranks based on the number of blog mentions [7]. To make a
better understanding of the characteristics of online discus-
sions and their predictive power, we investigate the pattern
of blog mentions and its relationship to sales data by exam-
ining a real example from the movie sector.

3.1 Blog mentions
Let us look at the following two movies, The Da Vinci

Code and Over the Hedge, which are both released on May
19, 2006. We use the name of each movie as a query to a
publicly available blog search engine 1. In addition, as each
blog is always associated with a fixed time stamp, we aug-
ment the query input with a date for which we would like
to collect the data. For each movie, by issuing a separate
query for each single day in the period starting from one
week before the movie release till three weeks after the re-
lease, we chronologically collect a set of blogs appearing in a
span of one month. We use the number of returned results
for a particular date as a rough estimate of the number of
blog mentions published on that day.

In Figure 1 (a), we compare the changes in the number
of blog mentions of the two movies. Apparently, there ex-
ists a spike in the number of blog mentions for the movie
The Da Vinci Code, which indicates that a large volume of
discussions on that movie appeared around its release date.
In addition, the number of blog mentions are significantly
larger than those for Over the Hedge throughout the whole
month.

3.2 Box office data and user rating
Besides the blogs, we also collect for each movie one month’s

box office data (daily gross revenue) from the IMDB web-
site 2. The changes in daily gross revenues are depicted in
Figure 1 (b). Apparently, the daily gross of The Da Vinci

Code is much greater than Over the Hedge on the release
date. However, the difference in the gross revenues between
the two movies becomes less and less as time goes by, with
Over the Hedge sometimes even scoring higher towards the
end of the one-month period. To shed some light on this
phenomenon, we collect the average user ratings of the two

1http://www.google.ca/blogsearch?hl=en
2http://www.imdb.com/
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Figure 1: An Example

movies from the IMDB website. The Da Vinci Code and
Over the Hedge got the rating of 6.5 and 7.1 respectively.

3.3 Discussion
It is interesting to observe from Figure 1 that although

The Da Vinci Code has a much higher number of blog men-
tions than Over the Hedge, its box office revenue are on par
with that of Over the Hedge save the opening week. This
implies that the number of blog mentions may not be an ac-
curate indicator of a product’s sales performance. A product
can attract a lot of attention (thus a large number of blog
mentions) due to various reasons, such as aggressive mar-
keting, unique features, or being controversial. This may
boost the product’s performance for a short period of time.
But as time goes by, it is the quality of the product and
how people feel about it that dominates. This can partly
explain why in the opening week, The Da Vinci Code had
a large number of blog mentions and staged an outstanding
box office performance, but in the remaining weeks, its box
office performance fell to the same level as that for Over the

Hedge. On the other hand, people’s opinions (as reflected
by the user ratings) seem to be a good indicator of how the
box office performance evolves. Observe that, in our exam-
ple, the average user rating for Over the Hedge is higher than
that for The Da Vinci Code; at the same time, it enjoys a
slower rate of decline in box office revenues than the latter.
This suggests that sentiments in the blogs could be a very
good indicator of a product’s future sales performance.

4. S-PLSA: A PROBABILISTIC APPROACH
TO SENTIMENT MINING

In this section, we propose a probabilistic approach to
analyzing sentiments in the blogs, which will serve as the
basis for predicting sales performance.



4.1 Feature Selection
We first consider the problem of feature selection, i.e.,

how to represent a given blog as an input to the mining al-
gorithms. The traditional way to do this is to compute the
(relative) frequencies of various words in a given blog and use
the resulting multidimensional feature vector as the repre-
sentation of the blog. Here we follow the same methodology.
But instead of using the frequencies of all the words appear-
ing the blogs, we choose to focus on the set containing 2030
appraisal words extracted from the lexicon constructed by
Whitelaw et al. [24], and use their frequencies in a blog as
a feature vector. The rationale behind this is that for senti-
ment analysis, sentiment-oriented words, such as “good” or
“bad”, are more indicative than other words [24].

4.2 Sentiment PLSA
Mining opinions and sentiments present unique challenges

that cannot be handled easily by traditional text mining al-
gorithms. This is mainly because the opinions and senti-
ments, which are usually written in natural languages, are
often expressed in complex ways. Moreover, sentiments are
often multifaceted, and can differ from one another in a vari-
ety of ways, including polarity, orientation, graduation, and
so on. Therefore, it would be too simplistic to just classify
the sentiments expressed in a blog as either positive or neg-
ative. For the purpose of sales prediction, a model that can
extract the sentiments in a more accurate way is needed.

To this end, we propose a probabilistic model called Sen-
timent Probabilistic Latent Semantic Analysis (S-PLSA), in
which a blog can be considered as being generated under the
influence of a number of hidden sentiment factors. The use
of hidden factors allows us to accommodate the intricate na-
ture of sentiments, with each hidden factor focusing on one
specific aspect of the sentiments. The use of a probabilis-
tic generative model, on the other hand, enables us to deal
with sentiment analysis in a principled way. In its tradi-
tional form, PLSA [9] assumes that there are a set of hidden
semantic factors or aspects in the documents, and models the
relationship among these factors, documents, and words un-
der a probabilistic framework. With its high flexibility and
solid statistical foundations, PLSA has been widely used
in many areas, including information retrieval, Web usage
mining, and collaborative filtering. Nonetheless, to the best
of our knowledge, we are the first to model sentiments and
opinions as a mixture of hidden factors and use PLSA for
sentiment mining.

We now formally present S-PLSA. Suppose we are given
a set of blog entries B = {b1, . . . , bN}, and a set of words
(appraisal words) from a vocabulary W = {w1, . . . , wM}.
The blog data can be described as a N × M matrix D =
(c(bi, wj))ij , where c(bi, wj) is the number of times wi ap-
pears in blog entry bj . Each row in D is then a frequency
vector that corresponds to a blog entry. We consider the
blog entries as being generated from a number of hidden
sentiment factors, Z = {z1, . . . , zK}. We expect that those
hidden factors would correspond to blogger’s complex sen-
timents expressed in the blog review. S-PLSA can be con-
sidered as the following generative model.

1. Pick a blog document b from B with probability P (b);

2. Choose a hidden sentiment factor z from Z with prob-
ability P (z|b);

3. Choose a word from the set of appraisal words W with
probability P (w|z).

The end result of this generative process is a blog-word
pair (b, w), with z being integrated out. The joint probabil-
ity can be factored as follows:

P (b, w) = P (b)P (w|b),

where
P (w|b) =

X
z∈Z

P (w|z)P (z|b).

Assuming that the blog entry b and the word w are con-
ditionally independent given the hidden sentiment factor z,
we can use Bayes rule to transform the joint probability to
the following:

P (b, w) =
X
z∈Z

P (z)P (b|z)P (w|z).

To explain the observed (b, w) pairs, we need to estimate
the model parameters P (z), P (b|z), and P (w|z). To this
end, we seek to maximize the following likelihood function:

L(B,W) =
X
b∈B

X
w∈W

c(b, w) log P (b, w),

where c(b, w) represents the number of occurrences of a pair
(b, w) in the data.

A widely used method to perform maximum likelihood
parameter estimation for models involving latent variables
(such as our S-PLSA model) is the Expectation-Maximization
(EM) algorithm [4], which involves an iterative process with
two alternating steps: (1) an expectation step (E-step),
where posterior probabilities for the latent variables (in our
case, the variable z) are computed, based on the current
estimates of the parameters; (2) a maximization step (M-
step), where estimates for the parameters are updated to
maximize the complete data likelihood.

In our model, with the parameters P (z), P (w|z), and
P (b|z) suitably initialized, we can show that the algorithm
requires alternating between the following two steps:

• in E-step, we compute

P (z|b, w) =
P (z)P (d|z)P (w|z)P

z′∈Z
P (z′)P (d|z′)P (w|z′)

;

• in M-step, we update the model parameters with

P (w|z) =

P
b∈B

c(b, w)P (z|b, w)P
b∈B

P
w′∈W

c(b, w′)P (z|b, w′)
,

P (b|z) =

P
w∈W

c(b, w)P (z|b, w)P
b′∈B

P
w∈W

c(b′, w)P (z|b′, w)
,

P (z) =

P
b∈B

P
w∈W

c(b, w)P (z|b, w)P
b∈B

P
w∈W

c(b, w)
.

It can be shown that each iteration above monotonically
increases the complete data likelihood, and the algorithm
converges when a local optimal solution is achieved.

Once the parameter estimation for the model is com-
pleted, we can compute the posterior probability P (z|b) us-
ing the Bayes rule:

P (z|b) =
P (b|z)P (z)P

z∈Z
P (b|z)P (z)

.

Intuitively, P (z|b) represents how much a hidden sentiment



factor z(∈ Z) “contributes” to the blog document b. There-
fore, the set of probabilities {P (z|b)|z ∈ Z} can be consid-
ered as a succinct summarization of b in terms of sentiments.
As will be shown in the next section, this summarization can
then be used in the predication of future product sales.

5. ARSA: A SENTIMENT-AWARE MODEL
We now present a model to provide product sales predi-

cations based on the sentiment information captured from
blogs. Due to the complex and dynamic nature of senti-
ment patterns expressed through on-line chatters, integrat-
ing such information is quite challenging. To the best of
our knowledge, we are the first to consider using sentiment
information for product sales prediction.

We focus on the case of predicting box office revenues to
illustrate our methodologies. Our model aims to capture
two different factors that can affect the box office revenue
of the current day. One factor is the box office revenue of
the preceding days. Naturally, the box office revenue of the
current day is strongly correlated to those of the preceding
days, and how a movie performs in previous days is a very
good indicator of how it will perform in the days to come.
The second factor we consider is the people’s sentiments
about the movie. The example in Section 3 shows that a
movie’s box office is closely related to what people think
about the movie. Therefore, we would like to incorporate the
sentiments mined from the blogs into the prediction model.

5.1 The autoregressive model
We start with a model that captures only the first factor

described above and discuss how to incorporate the second
factor into the model in the next subsection.

The temporal relationship between the box office revenues
of the preceding days and the current day can be well mod-
eled by an autoregressive (AR) process. Let us denote the
box office revenue of the movie of interest at day t by xt

(t = 1, . . . , N where t = 1 corresponds to the release date
and t = N corresponds to the last date we are interested
in), and we use {xt} to denote the time series x1, x2, . . . , xN .
Our goal is to obtain an AR process that can model the time
series {xt}. A basic (but not quite appropriate, as discussed
below) AR process of order p is as follows:

Xt =

pX
i=1

φiXt−i + ǫt,

where φ1, φ2, . . . , φp are the parameters of the model, and
ǫt is an error term (white noise with zero mean).

Once this model is learned from training data, at day t,
the box office revenue xt can be predicted by xt−1, xt−2,
. . ., xt−p. It is important to note, however, that AR mod-
els are only appropriate for time series that are stationary.
Apparently, the time series {xt} are not, because there nor-
mally exist clear trends and “seasonalities” in the series. For
instance, in example 3, there is a seemingly negative expo-
nential downward trend for the box office revenues as the
time moves further from the release date. “Seasonality” is
also present, as within each week, the box office revenues
always peak at the weekend and are generally lower during
weekdays. Therefore, in order to properly model the time
series {xt}, some preprocessing steps are required.

The first step is to remove the trend. This is achieved by
first transforming the time series {xt} into the logarithmic
domain, and then differencing the resulting time series {xt}.
The new time series obtained is thus x′

t = ∆ log xt = log xt−

log xt−1. We then proceed to remove the seasonality [6]. To
this end, we apply the lag operator on {x′

t} and obtain a
new time series {yt} as follows:

yt = x
′
t − L

7
x
′
t = x

′
t − x

′
t−7.

By computing the difference between the box office revenue
of a particular date and that of 7 days ago, we effectively
removed the seasonality factor due to different days of a
week. After the preprocessing step, a new AR model can be
formed on the resulting time series {yt}:

yt =

pX
i=1

φiyt−i + ǫt. (1)

It is worth noting that although the AR model developed
here is specific for movies, the same methodologies can be
applied in other contexts. For example, trends and season-
alities are present in the sales performance of many different
products (such as electronics and music CDs). Therefore the
preprocessing steps described above to remove them can be
adapted and used in the predicting the sales performance.

5.2 Incorporating sentiments
As discussed earlier, the box office revenues might be

greatly influenced by people’s opinions in the same time pe-
riod. We modify the model in (1) to take this factor into
account. Let Bt denote the set of blogs on the movie of in-
terest that were posted on day t. The average probability of
sentiment factor z = j conditional on blogs in Bt is defined
as

ωt,j =
1

|Bt|

X
b∈Bt

p(z = j|b),

where p(z = j|b)(b ∈ Bt) are obtained based a trained S-
PLSA model. Intuitively, ωt,j represents the average frac-
tion of the sentiment “mass” that can be attributed to the
hidden sentiment factor j. Then our new model, which
we call the Autoregressive Sentiment-Aware (ARSA) model,
can be formulated as follows.

yt =

pX
i=1

φiyt−i +

qX
i=1

KX
j=1

ρi,jωt−i,j + ǫt, (2)

where p, q, and K are user-chosen parameters, while φi
and ρi,j are parameters whose values are to be estimated
using the training data. Parameter q specifies the sentiment
information from how many preceding days are considered,
and K indicates the number of hidden sentiment factors used
by S-PLSA to represent the sentiment information.

In summary, the ARSA model mainly comprises two com-
ponents. The first component, which corresponds to the first
term in the right hand side of Equation (2), reflects the in-
fluence of past box office revenues. The second component,
which corresponds to the second term, represents the effect
of the sentiments as reflected from the blogs.

5.3 Training the ARSA model
Training the ARSA model involves learning the set of pa-

rameters φi(i = 1, . . . , p), and ρi,j(i = 1, . . . , q; j = 1, . . . , K),
from the training data that consist of the true box office rev-
enues, and ωt,j obtained from the blog data. As we will show
below, the model can, after choosing p and q, be fitted by
least squares regression to estimate the parameter values.

For a particular movie m (m = 1, . . . , M), where M is
the total number of movies in the training data, and a given



date t, let us add the subscript m to yt and ωt−i,j in Equa-
tion (2) to be more precise. Let αm,t = (ym,t−1, . . . , ym,t−p,
ωm,t−1,1, . . . , ωm,t−q,k)T . Then Equation (2) can be rewrit-
ten as αT

m,tθ = ym,t, Let A be a matrix composed of all αm,t

vectors corresponding to each movie and, for each movie and
each t, i.e., A = (α1,1, α1,2, . . .)

T . Similarly, let c denote the
vector consisting of all possible ym,t, i.e., c = (y1,1, y1,2, . . .).
Then based on the training data, we seek to find a solution

θ̂ for the “equation”

Aθ ≈ c.

More precisely, we seek to minimize the Euclidean norm
squared of residual Aθ − c. This is exactly a least squares
regression problem, and can be solved using standard tech-
niques in mathematics.

Once the model is trained, Equation (2) can be used to
predict the box office revenue of day t based on the box office
revenues of the preceding days (which have already observed
before day t), and the sentiments mined from the blogs.

6. EMPIRICAL STUDY
In this section, we report the results obtained from a set of

experiments conducted on a movie data set in order to val-
idate the effectiveness of the proposed model, and compare
it against alternative methods.

6.1 Experiment settings
The movie data we used in the experiments consists of

two components. The first component is a set of blog doc-
uments on movies of interest collected from the Web, and
the second component contains the corresponding daily box
office revenue data for these movies.

Blog entries were collected for movies released in the United
States during the period from May 1, 2006 to August 8,
2006. For each movie, using the movie name and a date as
keywords, we composed and submitted queries to Google’s
blog search engine, and retrieved the blogs entries that were
listed in the query results. For a particular movie, we only
collected blog entries that had a timestamp ranging from
one week before the release to four weeks after, as we as-
sume that most of the reviews might be published close the
release date. Through limiting the time span for which we
collect the data, we are able to focus on the most interesting
period of time around a movie’s release, during which the
blog discussions are generally the most intense. As a result,
the amount of blog entries collected for each movie ranges
from 663 (for Waist Deep) to 2069 ( for Little Man). In to-
tal, 45046 blog entries that comment on 30 different movies
were collected. We then extracted the title, permlink, free
text contents, and time stamp from each blog entry, and
indexed them using Apache Lucene3.

We manually collected the gross box office revenue data
for the 30 movies from the IMDB website4. For each movie,
we collected its daily gross revenues in the US starting from
the release date till four weeks after the release. In each run
of the experiment, the following procedure was followed:

1. We randomly choose half of the movies for training,
and the other half for testing; the blog entries and
box office revenue data are correspondingly partitioned
into training and testing data sets.

3http://lucene.apache.org
4http://www.imdb.com

2. Using the training blog entries, we train an S-PLSA
model. For each blog entry b, the sentiments towards
a movie are summarized using a vector of the posterior
probabilities of the hidden sentiment factors, P (z|b).

3. We feed the probability vectors obtained in step 2,
along with the box revenues of the preceding days,
into the ARSA model, and obtain estimates of the pa-
rameters.

4. We evaluate the prediction performance of the ARSA
model by experimenting it with the testing data set.

In this paper, we use the mean absolute percentage error

(MAPE) [10] to measure the prediction accuracy:

MAPE =
1

n

NX
i=1

|Predi − Truei|

Truei

,

where n is the total amount of predictions made on the test-
ing data, Predi is the predicted value, and Truei represents
the true value of the box office revenue. All the accuracy
results reported herein are averages of 30 independent runs.

6.2 Parameter selection
In the ARSA model, there are several user-chosen para-

meters that provide the flexibility to fine tune the model
for optimal performance. They include the number of hid-
den sentiment factors in S-PLSA, K, and the orders of the
ARSA model, p and q. We now study how the choice of
these parameter values affects the prediction accuracy.

We first vary K, with fixed p and q values (p = 7, and
q = 1). As shown in Figure 2 (a), as K increases from 1 to
4, the prediction accuracy improves, and at K = 4, ARSA
achieves an MAPE of 12.1%. That implies that representing
the sentiments with higher dimensional probability vectors
allows S-PLSA to more fully capture the sentiment informa-
tion, which leads to more accurate prediction. On the other
hand, as shown in the graph, the prediction accuracy dete-
riorates once K gets past 4. The explanation here is that a
large K may cause the problem of overfitting [2], i.e., the S-
PLSA might fit the training data better with a large K, but
its generalization capability on the testing data might be-
come poor. Some tempering algorithms have been proposed
to solve the overfitting problem [9], but it is out of the scope
of our study. Also, if the number of appraisal words used to
train the model is M , and the number of blog entries is N ,
the total number of parameters which must be estimated in
the S-PLSA model is K(M + N + 1). This number grows
linearly with respect to the number of hidden factors K. If
K gets too large, it may incur a high training cost in terms
of time and space.

We then vary the value of p, with K = 4 and q = 1
to study how the order of the autoregressive model affects
the prediction accuracy. We observe from Figure 2 (b) that
the model achieves it best prediction accuracy when p = 7.
This suggests that p should be large enough to factor in
all the significant influence of the preceding days’ box office
performance, but not too large to let irrelevant information
in the more distant past to affect the prediction accuracy.

Using the optimal values of K and p, we vary q from 1 to
5 to study its effect on the prediction accuracy. As shown
in Figure 2 (c), the best prediction accuracy is achieved at
q = 1, which implies that the prediction is most strongly
related to the sentiment information captured from blog en-
tries posted on the immediately preceding day.



1 2 3 4 5 6
0.12

0.14

0.16

0.18

0.2

0.22

0.24
M

A
P

E

K

(a) Effect of K

1 2 3 4 5 6 7 8 9 10
0

0.5

1

1.5

2

2.5

3

3.5

4

M
A

P
E

p

(b) Effect of p

1 2 3 4 5
0

0.2

0.4

0.6

0.8

1

1.2

1.4

q

M
A

P
E

(c) Effect of q

Figure 2: The effects of parameters on the prediction accuracy
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Figure 3: The effects of parameters for the movie Little Man

To better illustrate the effects of the parameter values on
the prediction accuracy, we present in Figure 3 the experi-
mental results on a particular movie, Little Man. For each
parameter, we plot the predicted box office revenues and the
true values for each day using different values of the parame-
ter. It is evident from the plots that the responses to each
parameter are similar to what is observed from Figure 2.
Also note that the predicted values using the optimal para-
meter settings are close to the true values accross the whole
time span. Similar results are also observed on other movies,
demonstrating the consistency of the proposed approach for
different days.

6.3 Comparison with alternative methods
To verify that the sentiment information captured by the

S-PLSA model plays an important role in box office revenue
prediction, we compare ARSA with two alternative methods
which do not take sentiment information into consideration.

We first conduct experiments to compare ARSA against
the pure autoregressive (AR) model without any terms on
sentiments, i.e., yt =

Pp

i=1
φiyt−i+ǫt. The results are shown

in Figure 4. We observe the behaviors of the two models as
p ranges from 3 to 7. Apparently, although the accuracy of
both methods improves with increasing p, ARSA constantly
outperforms the AR model by a factor of 2 to 3.

We then proceed to compare ARSA with an autoregres-
sive model that factors in the volume of blog mentions in
prediction. In Section 3, we have illustrated the characteris-
tics of the volume of blog mentions and its connection to the
sales performance with an example, showing that although
there exists a correlation between the volume of blog men-
tions and the sales performance, this correlation may not be
strong enough to enable prediction. To further demonstrate
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Figure 4: ARSA vs. alternative methods

this, we experiment with the following autoregressive model
that utilizes the volume of blogs mentions. In contrast to
ARSA, where we use a multi-dimensional probability vector
produced by S-PLSA to represent bloggers’ sentiments, this
model uses a scalar (number of blog mentions) to indicate
the degree of popularity. The model can be formulated as

yt =

pX
i=1

φiyt−i +

qX
i=1

ρivt−i + ǫt,

where yt’s are obtained in the same way as in ARSA, vt−i

denotes the number of blog mentions on day t−i, and φi and
ρi are parameters to be learned. This model can be trained
using a procedure similar to what is used for ARSA. Using
the same training and testing data sets as what are used for
ARSA, we test the performance of this model and compare
it with ARSA. The results are shown in Figure 4. Observe
that although this method yields a moderate performance
gain over the pure AR model (which proves that the volume



data do have some predictive power), its performance is still
dominated by the ARSA model.

6.4 Comparison with other feature selection
methods

To test the effectiveness of using appraisal words as the
feature set, we experimentally compare ARSA with a model
that uses the classic bag-of-words method for feature se-
lection, where the feature vectors are computed using the
(relative) frequencies of all the words appearing in the blog
entries. That is, instead of using the appraisal words, we
train an S-PLSA model with the bag-of-words feature set,
and feed the probabilities over the hidden factors thus ob-
tained into the ARSA model for training and prediction.
Note that, in practice, it is generally infeasible to consider
all the words appearing in the blog entries as potential fea-
tures, because the feature set would be extremely large (in
the order of 100,000 in our data set), and the cost of con-
structing a document-feature matrix could be prohibitively
high. To alleviate this problem, only words with higher fre-
quencies (excluding stop words) are selected into the feature
set. To ensure a fair comparison, the number of words se-
lected (2,015) is the same as the number of appraisal words
used in ARSA. Using p = 7 and q = 1, we vary K from 2
to 5 and compare the performances of both feature selection
methods. As shown in Figure 5, using appraisal words sig-
nificantly outperforms the bag-of-words approach. Similar
trends can be observed when other values of the parameters
p, q, and K are used.
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Figure 5: Comparison with bag-of-words

7. CONCLUSIONS AND FUTURE WORK
The wide spread use of blogs as a way of conveying per-

sonal views and comments has offered an unique opportunity
to understand the general public’s sentiments and use this
information to advance business intelligence. In this paper,
we have explored the predictive power of blogs using movies
as a case study, and studied the problem of predicting sales
performance using sentiment information mined form blogs.
A center piece of our work is the proposal of S-PLSA, a gen-
erative model for sentiment analysis that helps us move from
simple “negative or positive” classification towards a deeper
comprehension of the sentiments in blogs. Using S-PLSA
as a means of “summarizing” sentiment information from
blogs, we develop ARSA, a model for predicting sales per-
formance based on the sentiment information and the prod-
uct’s past sales performance. The accuracy and effectiveness
of our model have been confirmed by the experiments on the
movie data set. Equipped with the proposed models, com-
panies will be able to better harness the predictive power of
blogs and conduct businesses in a more effective way.

It is worth noting that although we have only used S-
PLSA for the purpose of prediction in this work, it is indeed
a model general enough to be applied to other scenarios. For
future work, we would like to explore its role in clustering
and classification of blogs based on their sentiments. An-
other possible direction for future work is to use S-PLSA as
a tool to help track and monitor the changes and trends in
sentiments expressed online.
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