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Abstract – In this paper we attempt to model and analyze social media sentiments information embedded within reviews content to 
predict the behavior of sales statistics. We apply Auto Regressive Moving Average (ARMA) modelling technique to data from car-
sales online platform. The details of the method to construct the model and the background are given, including data acquisition, 
data processing, modelling and results and evaluation. Results show that sales forecasting models based on emotion in the sales 
forecast of nearly two years gave an average relative error of 27.2% and a stable absolute error for 142 units of sale. Compared 
with prior methods the model has higher accuracy and greater space for improvement. 
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I. INTRODUCTION 
 
There is currently big development of electronic 

commerce in high performance products, such as cars, 
notebook computers, mobile phones and so on. For 
products in the same price range, new products come up 
daily due to frequent updates to their parameters. Hence 
manufacturers find it difficult to predict market 
reaction to advents of new products. In many electronic 
business platforms there are many user reviews and 
comments evaluating the various parameters of these 
products which contain rich information for consumers 
based on individual personal experience. These reviews 
are regularly distributed in product lists with high 
emotional tendency. Through analysis of text 
sentiments it is feasible in principle to forecast future 
trends in product markets.  

With the advent of WEB2.0 era, user participation 
has been significantly increasing, posting views online 
has become a very popular way in which people can 
share their opinions and feelings with other users after 
comparing in-time product feedback. Sometimes e-
commerce platform offers plenty of space for this trend, 
such as Amazon. Users also post their points of view in 
social media platform, like Sina Microblog. [1] These 
online comments contain a lot of information about 
products and services. So using these comments 
reasonably will give producers access to high-value 
network intelligence and social intelligence. Currently, 
there are a large number of studies focusing on mining 
the relationship between user comments and business 
value. Since people’s direct opinions no doubt reflect 
the pros and cons of a product, understanding the views 
and emotions in user comments is very important. As 
an emerging field of online information mining, 
sentiment analysis of reviews online cover a very wide 
areas, such as identifying commented products’ 
characteristics, determining the attitudes of user 
emotion, mining relationships between online reviews 
and product sales and so on.[2] In this paper, we 

achieve a car-sale forecasting model based on user 
reviews. This model mainly focuses on two aspects: 
emotion analysis and sale forecasting. Users’ 
evaluations on the products contains rich information, 
which decides user‘s willingness of purchasing, or what 
we call reputation. And these reputation plays an 
crucial role for designers and developers as an indicator 
concerning future product design and development 
direction. This paper concentrates on extraction of user 
emotion from large quantities of comment information, 
and provides accurate standard for quantifying, which 
aims to use the forecasting model to value the influence 
of user emotion on commodity sales. This topic 
emphasizes the process of the achievement of sales 
forecasting by sentiment analysis. 

 
 

II. RELATED WORK 
 
Sentiment analysis based on supervised learning is 

still a popular field at present, optimization on 
algorithm is mainly focusing on the pre-process stage 
of text. An aspect of sentiment analysis different from 
text classification is that sometimes it’s necessary to 
extract certain parts in an article that express user’s 
emotion. In this way does it actually explain why we 
have to select the subjective sentences and objective 
case analysis in an article: To remove those semanteme 
that is unrelated to emotion and get these sentences that 
can accurately reflect user’s emotion and inclination. 
Abbasi once put forward a method to select features 
that are helpful to sentiment analysis by information 
gain[3].What’s worth attention is the sentiment 
classification model, which is the kernel in the process 
of sentiment analysis. 

Sentiment classification model is usually associated 
with some classic machine-learning algorithms 
including supervised learning, unsupervised learning, 
mixed learning and so no. Take supervised learning as 
example, the most common ones besides non-negative 
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matrix factorization and sentiment analysis based on 
genetic algorithm are Naive Bayes, KNM, ME, SVM, 
and so on. As for unsupervised learning, most methods 
are based on dictionaries such as wordnet and 
SentiWordNet[4] which can be constructed by 
extension from certain terminologies to term collection 
which includes these terminologies. Mixed methods is 
based on features derived from sentiment items and can 
be of great help to produce classifier for machine 
learning [5]. However, most researches at present 
directly take advantages of the predefined API to 
perform classification tasks, like Google prediction and 
Alchemy API. In conclusion, sentiment analysis and 
classification have become an extremely popular area 
both abroad and domestically with the increasing 
utilization of Internet. While foreign researchers have a 
lot in common with domestic researchers on sentiment 
classification, plenty of difference exist because of the 
disparate culture background and inclination. 

In the recent years, foreign scholars have put the 
stress concerning sentiment analysis on Twitter on 
account of their preference for this old but famous 
social website. And the development of online social 
media brought about by sentiment analysis has 
promoted the increasing researches towards this popular 
fields. And through sentiment classification, the 
customers, business men and socialists can obtain lots 
of useful information and suggestions. 

In 2004,Pang[6] had took advantage of machine 
learning to combine unigram feature and SVM 
classification method so as to achieve the classification 
of the text sentiment; Read J[7]set up took the 
influence of symbols into consideration regrading 
sentiment analysis after they obtained large quantities 
of sentimental symbols on Twitter, and accomplished 
sentiment classification deeply and throughout; 
R.Pavitra [8] built up linking sentiment topic mode 
based on weak supervision and constructed a 
sentimental dictionary including positive and negative 
sentimental words to realize the judgment of emotional 
tendency; Pak[9] started the twitter-oriented 
sentimental analysis in 2005 and fulfilled data 
collection containing more than 20,000 sentimental 
polarities of twitter texts. They marked the positive, 
negative and neutral sentimental tendency manually 
while utilizing the method of machine learning to 
achieve a sentiment classifier based on Naive Bayes, 
SVM and conditional random field; Read[10]put 
forward another method which aimed to acquire a large 
number of emotional symbols by Twitter API, which 
can then be harnessed to verify the influence the 
emotional symbols exert on sentiment classification; 
Go[11]chose to use non-supervised machine learning 
algorithm to realize three types of machine learning 
classifiers which were based on Naive Bayes, 
Maximum Entropy and Support Vector 
Machine(SVM)separately. All these three methods 
involved emotional symbols during the process of 

feature extraction, which accomplished an accuracy up 
to more than 80%. 

When it comes to the sentiment analysis about 
online social media at home, the situation is a little bit 
different. As is known to all the most popular online 
social tool is Weibo in China, and the sentiment 
expression in Chinese text is different from English one. 
With the maturity of Weibo, the corresponding research 
towards Chinese social media sentimental analysis is 
coming on the stage. In the early period, Ye 
Qiang,Zhang Ziqiong and Luo Zhenxiong[12] 
completed the feature extraction of Chinese phrases 
built on the widely used N-POS language model and 
come up with the Chinese digraph&subjective words 
model-2-POS,which laid a good foundation for 
sentiment recognition of Chinese texts. After this, Xu 
Jun[13]used some machine learning methods like Naive 
Bayes and Maximum Entropy to finish Chinese text 
sentiment classification. According to the results, 
machine learning contributes to a much higher accuracy 
of more than 90%. 

To sum up, the researches on sentiment 
classification of Chinese social media developed 
rapidly. But there’s still a long way to go because of 
Chinese complexity and comparatively less advanced 
technology than that abroad. 

 
III. METHOD 

 
A. Quantification of Emotional Values of Comments 

 
Currently, text sentiment analysis method is mainly 

the text analysis method that is based on statistical 
principle, which is subdivided into unsupervised 
learning method and supervised learning method. 
Unsupervised learning method, through using 
ssentiment lexicons with semantic annotation and 
combination with additional attribute information such 
as word frequency of corpus itself and TF-IDF, 
processes the words in the text statistically. Using this 
method, we obtain the emotional inclination of each 
text. Some common algorithms include LDA (Latent 
Dirichlet Allocation) model and TF-IDF(term 
frequency–inverse document frequency) model. 
Another method, supervised learning method, uses 
different semantic analysis models to get a trained 
classification and meanwhile tests and corrects the 
results. With the help of the pre-tagged corpus, we get 
an emotion recognition model with high accuracy. 
Isotonic regression algorithm, KNN, SVM, Naive 
Bayesian classification, Decision Tree and other 
algorithms are widely applied. 

This paper describes a graph-based semi-supervised 
learning algorithm to deal with the evaluation of 
semantic analysis. For a given document collection D 
(for instance, movie comments, comments on buying a 
bike or other comments) and a level that match with 
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it(four-star, five-star), this algorithm is a method that 
can make the use of the previous text emotional value 
to infer the star level of the text which is not marked. 
Sometimes it provides a solution for collections which 
has few tagged data. 

 
A1. Semi-Supervised Hypothesis of Quantification of 

Emotional Values: Suppose that there are n comment 
texts, x1,x2,x3……xn,each variable symbolizes some 
standard features(word bag or word vector).If the first n 
documents(n≥1)have been tagged with 
y1,y2,y3……yn C, other documents haven’t been 
tagged and we don’t consider special circumstances, 
non-tagged data sets can still be train sets. We give it 
another name called transitive set. Suppose the 
evaluation value set of documents is C= 

 
 
Here are two hypotheses: 
 
1. we give the similarity measurement value wij 

( )of document xi and xj,  is computed by the 
features of document i and j. Therefore we can get the 
similarity between any documents, whether marked or 
not. 

2.we give a prediction to the non-tagged comments 

with value by independent study, For 
example, the ε-insensitive loss function support vector 
machine. 

 
A2. Build of Sentiment Graph: This section provides a 

way to build the graph of our hypothesis to solve the 
problem of construction of quantified semi-supervised 

comment. Suppose that an undirected graph has 
2n nodes, node set is V and weighted edge set id E. Each 
article is a node in this graph, and the sentiment function 

of these nodes is unpredictable. This rule adapts to 
marked document owing to some noise labels. Our purpose 

is to deduce  of all non-tagged nodes. Every tagged 

document is connected with a known node(called 

dongle), and the emotional value of this node is . The 
weighted edge between a tagged document and its dongle is 
considered as a big number M[14]. M symbolizes the effect 

of .If , then  is a hard constraint. 

Likewise, every non-tagged document is also connected 

with a dongle , whose value is decided by a independent 
learning machine.We set the weight between a tagged 
document and its dongle to 1. Every non-tagged document 

is correlated to (KNN is the nearest k document  
which has been marked). The document distance is up to 

the similarity measure . We expect that  is 
coincident with a similar tagged document. The weight 

between and  are called . Meanwhile, Every 

tagged document is correlated to . The weight 

between and  are called . We also expect that 

  is coincident with a similar non-tagged document. k 
and k’ can be different. b and a aren’t necessarily be same. 
These parameters will be fixed in the experiment according 
to cross validation. 

 
A3. Semi-Supervised Learning Based on Graph: g to 

cross validation. Sentiment function )(xf should be 

smooth when it comes to graph. The smoothness of 

[15] )(xf  means the weight between nod ix and 

node )( jxf and the first derivative 

between )( ixf and )( jxf are relatively small. And the 

(un)smoothness of the edge can be defined 

by 2))()(( ji xfxf  .The (un)smoothness of the 

whole graph L(f),what we call the energy(loss),can be 
obtained by adding up the (un)smoothness of all the 
edges in the graph. We make L=1,2,....and 
U=1+1+....(n) separately represent the marked comment 
base and unmarked comment base. The representing 
method of L(f) is as follows: 
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                                                        3.1

 

A small loss means the similarity between the marked 
comment collection and unmarked comment collection. 

Therefore the optimum solution can be figured out by 
calculation the minimum of L(f)[16]][17]. 
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B. Sentiment-Sale ARMA Model 
 
ARMA model, or Auto-Regressive and Moving 

Average model, was firstly put forward by YOSHIKAZU 
MIYANAGA and NOBUO NAGAI. It's a viable method to 

study time series, which is comprised of the mixture 
between AR(Auto-Regressive) model and MA(Moving 
Average) model[18,19].  

The expression of ARMA model is as follows: 
 

 

       3.2 
 
The ARMA-Sentiment hybrid model can be obtained by 

the combination between ARMA model and estimated 
value of car comments’ sentiment. The expression is as 
follows: 
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Yt means the time series of sales, 
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means 

ARMA model, S means car comments’ sentiment that 
month, and the method to extract the sentiment value has 
been given in previous sections. 

 
C. Data Processing 

 
C1. Data Extraction: The main task in this phase 

consists in the classification according to the marked corpus. 
For example, Roseline Antai [20] applied a corpus including 
more than 2000 movie items published in 2004 to his 
research; Jalel Akaichi Samhaa [21] used corpus based on 
twitter data. Besides, a large number of corpses obtain 
information by the automatic extraction module provided 
by the API of corresponding social media, which allows 
user perform large-quantity data extraction in a short time 
[22]. 

 
C2. Pre-Processing: There have already existed two 

methods for data pre-processing: (1) Bag-of-word division. 
Seyed-Ali Bahrainian， Ahmed Rafea and Nada A Mostafa 
[23] used this method to transform the text information into 

bag-of-word text vector. (2) Translation. Kerstin Denecke, 
Xiaojun Wan, Christo Wilson [24] applied this method to 
data transaction. Other relative methods include POS 
processing by Thelwall [25],stem extraction, stopping word 
removal, text generalization through negation and 
exaggeration by ND Valakunde [26],and N-Gram model to 
process Chinese data by R Piryani [27]. 

 
 

IV. RESULT AND DISCUSSION 

This section manifests parameter estimation in the 
research about sale prediction based on cars' comment by 
ARMA-Sentiment hybrid model, mainly including 
estimation of both autocorrelation and partial 
autocorrelation, verification of sequence's stationarity by 
EVIEWS, and providing the final experiment result and 
result analysis.[28] 
 

A. Autocorrelation and Partial Autocorrelation 

If correlativity exists between the expectations of 
random-error items, then we call this kind of relationship 
"autocorrelation" or "serial correlation"[29]. 

 

 
Figure 1. Autocorrelation Coefficient Chart1 
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The picture above is a autocorrelation coefficient chart. 
From this chart we can find that the autocorrelation 
coefficient is declining yet not to zero, in this case we 
cannot decide whether this sequence is smooth. But if we 

set the interval parameter lags in the drawing interface of 
the stats-models module and prolong the time interval, we 
can get a new autocorrelation coefficient chart. 

 
Figure 2 Autocorrelation Coefficient Chart2 

 

From the new chart above we can easily find that the 
autocorrelation coefficient is declining rapidly from 1 to 0, 
therefore we can reach the conclusion that the sale data 
sequence is smooth and the order of the model is 
determined to 80 according to the definition of 
autocorrelation. 

Similarly, partial autocorrelation define smoothness of 
the error in the sequence of car sale model. We can get the 
partial autocorrelation chart of ARMA-Sentiment hybrid 
model according to this definition just as figure 3 bellow. 

 

 

Figure 3 Partial Autocorrelation Coefficient Chart1 

And in the same way, if we change the interval of the parameter lags, we can get a new chart figure 4 below. 
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Figure 4 Partial Autocorrelation Coefficient Chart2. 

 
 

Just like the former one, the error sequence is also 
smooth with q=55. 

 
B. Prediction and Error Analysis 

 
In this paper, the model is tested with the mean 

absolute error and the mean relative error to perform error 
checking and accuracy testing. The mean absolute error is 
the mean of the absolute value of the deviation of all 
individual observations and the arithmetic mean. 
Compared with the mean error, the mean absolute error is 
the absolute value of the deviation, which will not be 
offset by the positive and negative phase. Therefore, the 
mean absolute error can better reflect the actual situation 
of the prediction error [30]. 

The relative error is the ratio of the absolute error to 
the measured value or the mean value of multiple 
measurements. The mean relative error is the average of 
the relative error, which is usually expressed as the 

absolute value of relative error. Define forecast data for  
and the actual data for  , then we have the definition of the 
mean absolute error [31] as follows: 
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Similarly, the mean relative error is expressed as 

follows: 
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According to the prediction results of the model, we 

get the following results Table 1. 

 
TABLE 1 EXPERIMENTAL RESULTS DISPLAY TABLE 

Time 
Actual Sales 
Data (units) 

Forecasting sales 
Figures (Units)

The Mean Absolute 
Error (MAE)

The Mean Relative 
Error (MRE)  % 

2014-January 366 201 165 45.08 
2014-February 681 513 166.5 34.87 

2014-March 532 721 174 35.08 
2014-April 744 596 167.5 31.28 
2014-May 528 472 145.2 27.14 
2014-June 787 507 168.5 28.55 
2014-July 734 819 156.6 26.13 

2014-August 564 821 169.15 28.56 
2014-September 629 721 160.6 27.01 

2014-October 619 493 157.14 26.34 
2014-November 748 511 164.4 26.83 
2014-December 585 516 156.45 25.57 
2015-January 670 401 165.10 26.69 
2015-February 386 592 168 28.60 

2015-March 583 492 162.87 27.73 
2015-April 592 301 157.2 29.07 
2015-May 682 558 155.25 28.43 
2015-June 680 593 151.46 27.56 
2015-July 413 266 151.22 27.98 

2015-August 688 523 120.91 27.78 
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Figure 5 The Actual Sales Volume and Forecasting Sales Trend Chart. 

 

 
Figure 6 The Mean Absolute Error Chart 

 

 
Figure 7. The Mean Relative Error Chart 

  
From the sales chart we can see that the actual sales and 

forecasting sales on time axis movements are basically the 
same, but at the same time, compared to the actual sales, 
forecasting sales have an obvious lag effect. For example, 
from 2014-02 to 2014-05 and 2014-12 to 2015-03, trend of 
forecasting sales lagged behind that of actual sales. This 
may be due to the influence of user comments in that month 
on sales, which affects sales in the next few months. As 
shown in fig 5.6.7.Yet this view remains to be further 
discussed. From the mean absolute error chart we can see 
that this model cause big error in the early stage. At the 

same time, the trend has great volatility: the error in the mid 
period of maintains a relatively stable state, and with 
inflection point showed at the late stage, the error collapse 
and continue to remain stable. And we can conclude from 
the relative error trend chart that the relative error keeps 
monotonically none increasing in the whole, and maintains 
27% in the truncation of the model. 
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V. SUMMARY AND CONCLUSION 
 
With the rapid development of e-commerce, online 

commodity trading has been extended to all areas of life, 
and in those various trading platforms, users’ comments for 
commodities implicitly contain their potential desire and 
ability to purchase. Good positive comments will usually 
affect other consumers' willingness to buy, and negative 
comments will have a negative impact on the sales of 
products. This paper we used comments and sales data in an 
open car-sale platform to obtain a new practical method of 
sales forecasting model based on user's emotion 
by quantifying the monthly user sentiment rating and sales 
data and fitting with ARMA models of the time series. The 
experimental results show that the sentiment-based sales 
forecasting model has an average relative error of 27.2% for 
two years, and the absolute error is stable in 142 samples. 
Compared with the existing solutions, the model has a high 
accuracy and a good potential for improvement. 

Our current work is based on explicit text comments, 
but for the large volume of available non-text information 
appearing on the Internet such as video information, voice 
information and image information, they are beyond the 
scope of our current discussion. These information also 
implies a large number of reviews of emotion. Therefore, 
the next step is to focus on improving the comment 
information standard and synthesizing the sources of review 
information, which will help us make the forecasting result 
more reliable. 
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