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Executive Summary/Abstract
Objectives:




Utilize data from multiple source systems for analysis purposes, by integrating both internal
data and large volumes of data from outside systems (third party, social media). This
integration empowers internal business users with the capability of analyzing customer info,
product info, financial info, procurement info, weather data, etc. from multi-dimension and
multi-view perspectives in different aggregation and granular levels.
Develop effective and efficient data mining models, tools and techniques to improve
business intelligence, by addressing real-world issues such as customer opinion, improving
personalized service, and reducing customer attrition and improving cross-selling and upselling in customer relationship management.

Methods:
We used Twitter, Flickr, ImageNet and other open accessible review documents from the web
as our testbed for the project. We developed a novel hybrid HDP-LDA model. This model can
automatically determine the number of aspects, distinguish factual words from opinioned
words and effectively extract the aspect specific sentiment words.
Results:
We developed and implemented a set of algorithms for analyzing, mining, modeling and
predicting of large and diverse data sets. We conducted experiments against manually
annotated “gold standards.” Our experimental results show that our methods can achieve
better performance than baselines.
Conclusions:
It is possible to develop novel Analyzing, Modeling, and Summarizing Social Media and Linked
Data Sets for many business applications. Such an approach would significantly improve the
business competitiveness. With the success in the product recommendation in e-Business, we
look forward to expanding our techniques to a broader range of applications.
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Differences from Current State of Art
Sentiment analysis aims to explore the public opinions about an entity. With the fast growth of
online messages, sentiment analysis is becoming more and more important. Even though a lot
of studies have been done, there are still some challenging problems facing the research
community. First, most current models are LDA based, inheriting the LDA’s limitations such as:
(1) the need to set the proper aspect number in advance, which is very difficult, (2) the failure
to distinguish factual words and opinioned words well, let alone find the aspect specific
sentiment words. To solve these challenging problems, in this project we explored a novel
hybrid HDP-LDA model. This model can automatically determine the number of aspects,
distinguish factual words from opinioned words and effectively extract the aspect specific
sentiment words. Experiment results show that our model can clearly capture the aspects
people mentioned and the specific sentiment words they use in each aspect, improving the
performance of sentiment analysis efficiently. At last, we compared our model with other
influential models, JST, AUSM and MaxEnt-LDA, on the online restaurant review, and the
experimental results demonstrates the advantages of our t model over the ones mentioned.

Results
Methods (System architecture with components added or improved new approaches)
This section provides an overview of the major steps in our method HDP-LDA Model.
Implementation details are presented in the following Sections A-C. The proposed hybrid HDPLDA model adapts HDP, and uses Dirichlet process to identify the aspects. For each aspect, we
assume that all the opinioned words in this aspect share three latent sentiment variables:
positive, negative and neutral. We use Dirichlet allocation to assign the opinioned words to
different sentiment according to these three variables.
Different from other probabilistic model-based research work, in our study, we use a “phrase”
as our processing unit rather than a sentence or a single word. The problem with sentence level
processing is its assumption that one sentence just expresses one aspect; for example, the
sentence “The food was awful, the service was even worse.” conveys two aspects: food and
service. For the word level processing, the results mix all the factual words and the opinioned
words together because the probabilistic model could not distinguish them.
The concept “phrase” here means a series of words which consist of one factual word and
several opinioned words. The factual word indicates an aspect of the phrase covered;
opinioned words are the qualifiers of this factual word, and they convey the sentiment towards
this factual word. Intuitively, the factual words are noun words, and the adjectives, adverbs,
verbs and so on are usually acted as the opinioned words.
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Thus, for each review, each sentence is parsed by the Part-of-Speech tagging process, which
breaks the sentences down according to the punctuation marks. For each sub-sentence, we
assign all the opinioned words in the sub-sentence to the factual words respectively. If any
negative words exist, we put a string “non-” in front of all the qualifiers of the phrase for
inverting its sentiment. Figure 1 shows the process of a phrase generation:

Figure 1. Phrase Construction
After the identification of the phrase, we assign the noun words to different aspects, and then
assign the opinioned words in each aspect to different sentiments.
A. Model Description
Assume that we have D reviews, and from these reviews, we can detect N phrases. The 𝑖 𝑡ℎ
phrase in the 𝑗 𝑡ℎ review𝑃𝑗,𝑖 bears a factual word (noun word) indicating an aspect 𝐴𝑗,𝑖 and
several other words as opinioned (qualifiers) words. These opinioned words are used to
describe the sentiment of this aspect. 𝐴𝑗,𝑖 is generated by a local distribution 𝐺𝑗 , and we call this
distribution as the table distribution in CRP. 𝐺𝑗 controls whether 𝐴𝑗,𝑖 is an existing table or a
new one. 𝐺𝑗 draws from a global distribution 𝐺0 , which we call dish distribution in CPR. 𝐺0
controls the global aspect distribution, which is what we want to get from the process.
However, traditional Dirichlet process just considers the number of words in each table/dish,
ignoring the context information for the word to be assigned. Thus, we add a reconcile
coefficient to balance the context information and the amount of words in each table/dish.
From Formula 3, we can see that if the reconcile coefficient is assigned as 0, it is the traditional
Dirichlet process, and if is assigned as 1, we just consider the context information rather than
the word count.
(1 − 𝜂) ∗ 𝐶𝑡 + 𝜂 ∗ 𝑁𝑗,𝑖,𝑡
𝑝(𝑎𝑗,𝑖 = 𝑡|𝑎−(𝑗,𝑖) , 𝑤, 𝛼, 𝜂) ∝ {
𝛼

(𝑖𝑓 𝑡 𝑒𝑥𝑖𝑠𝑡𝑒𝑑)
( 1)
(𝑖𝑓 𝑡 𝑖𝑠 𝑛𝑒𝑤)

Ct is the number of words assigned to table t, and Nj,i,t is the number of times the noun word in
Pj,i has been assigned in this table.
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Each phrase𝑃𝑗,𝑖 , bears several opinioned words in addition to the factual word which is to
identify its aspect. When 𝑃𝑗,𝑖 is assigned to aspect k, we use the opinioned words in 𝑃𝑗,𝑖 to
approximate the sentiment distribution of aspect k. The Dirichlet allocation could not
distinguish opinioned words based on their sentiment so we will employ a dictionary as the
prior knowledge to improve the word-sentiment assignment. If the opinioned word is in the
dictionary, we use the sentiment probability provided by the dictionary to assist the opinioned
word assignment, and if not, we assume the opinioned word distributes evenly over all
sentiments, which is 1/L. We assume that there are three kinds of sentiment: positive, negative
and neutral, so we set L as 3. However, Gibbs sampling will assign it into a proper assignment
group based on its context.
The following is the generative process of our model: Hybrid HDP-LDA Model
Step 1: Define a baseline H to control the generation of dishes for the whole review dataset.
Step 2: Drawing 𝐺0 from H from the adapted Dirichlet process. 𝛾 controls the new dish generation, and 𝜆 coordinate the context information
and table count information .
𝐺0 ~𝐷𝑃′ (𝐻, 𝛾, 𝜆)
Step 3: For each review 𝑑𝑗 in the dataset
(3.1) Draw a 𝐺𝑗 from 𝐺0 according to the adapted Dirichlet
process. 𝛼 controls the new table generation, and 𝜂 coordinate
the context information and table count information .
𝐺𝑗 ~𝐷𝑃′ (𝐺0 , 𝛼, 𝜂)
𝑡ℎ
(3.2) For the 𝑖 phrase in the review 𝑑𝑗 𝑃𝑗, 𝑖, draw a table𝐴𝑗,𝑖 for
𝑃𝑗,𝑖 from 𝐺𝑗
(3.2.1) If 𝐴𝑗,𝑖 belongs to an existed table, get the table’s dish
distribution 𝜙𝑘 , and generate the noun word of 𝑃𝑗,𝑖 ,𝑤𝑝 ~𝜙𝑘
(3.2.2) If 𝐴𝑗,𝑖 is a new table, generate a new table from 𝐺𝑗 , and
assign a dish 𝑇𝑘 to this table from 𝐺0
(3.2.2.1) If 𝑇𝑘 belongs to an existing dish k, assign 𝐴𝑗,𝑖 to
dish k and generate the noun word of 𝑃𝑗,𝑖 , 𝑤𝑝 ~𝜙𝑘
(3.2.2.2) If 𝑇𝑘 is a new dish, generate a new distribution
𝜙𝑘+1 from 𝐺0 , and assign table 𝐴𝑗,𝑖 to dish
(k+1) and the noun word of Pj,i 𝑃𝑗,𝑖 ,𝑤𝑝 ~𝜙𝑘+1
Step 4: For each aspect k.
(4.1) Draw a sentiment distribution 𝛹𝑘 ~Dir(δ) based on the
opinioned words which are associated with the factual words
assigned to this aspect.
(4.2) For each table l assigned to aspect k, draw a distribution
𝜃𝑘,𝑙 ~Dir(ζ)
(4.2.1) For the 𝑟 𝑡ℎ opinioned word of the 𝑙𝑡ℎ table in aspect k,
draw an sentiment distribution 𝑆𝑘,𝑙,𝑟 from 𝜃𝑘,𝑙
(4.2.2) Get the sentiment distribution probability from the
outside dictionary.
(4.2.3) Draw a opinioned word
𝑊𝑘,𝑙,𝑟 , from p(𝑊𝑘,𝑙,𝑟 , | 𝑆𝑘,𝑙,𝑟 , 𝛹𝑘 ,Dict)
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Figure 2. Graphical Model
Table 1 summarizes the explanation to the nodes in the graphical model.
Table 1. Node Annotation
D
N
L
K
P𝑗,𝑖

The number of reviews
The number of phrases
The number of tables
The number of aspects
The i𝑡ℎ phrase in j𝑡ℎ review

A𝑗,𝑖

The aspect of the i𝑡ℎ phrase in j𝑡ℎ review

G𝑗

The local table distribution of the j𝑡ℎ review
The global aspect distribution shared by all the reviews
The baseline distribution to generate
G0
Aspect distribution
The distribution of sentiment over the l𝑡ℎ table in k 𝑡ℎ aspect
The sentiment distribution over the r 𝑡ℎ word in l𝑡ℎ table of k 𝑡ℎ
aspect
Sentiment distribution over opinioned words
𝑡ℎ
The r opinioned word in the l𝑡ℎ table of the k 𝑡ℎ aspect
Second level parameter for DP’ to control table generation
Parameter for word distribution over aspect
First level parameter for DP’ to control dish generation
Dirichlet prior for Ψ
Dirichlet prior for ϴ

G0
H
Φ
ϴ𝑘,𝑙
S𝑘,𝑙,𝑟
Ψ
W𝑘,𝑙,𝑟
α
β
γ
δ
ζ

7

λ
η

First level parameter for DP’ to coordinate word distribution
Second level parameter for DP’ to coordinate word distribution

B. Inference Process
We use the Gibbs Sampling to inference the model. First, we infer the aspect distribution. 𝑃𝑗,𝑖
denotes the 𝑖 𝑡ℎ phrase in the 𝑗 𝑡ℎ review, t j,i denotes the table 𝑃𝑗,𝑖 which have been assigned, k
indicates the dish that table t has been assigned, and 𝑓𝑘 (∙) indicates the word distribution over
this dish. Thus, we can infer the table assignment from the following formula.
𝑝(𝑡𝑗,𝑖 |𝒕−𝒋,𝒊 , 𝑡𝑗,𝑖 = 𝑡 𝑛𝑒𝑤 , 𝑘) = ∑𝑇𝑡=1

(1−𝜂)∗𝐶𝑙 +𝜂∗𝑁𝑗,𝑖,𝑡
𝑛−1+𝛼

−𝑝𝑗,𝑖

∗ 𝑓𝑘

(𝑡𝑗,𝑖 ) +

−𝑝

𝛼
𝑛−1+𝛼

∗ 𝑓𝑛𝑒𝑤𝑗,𝑖 (𝑡𝑗,𝑖 )

( 2)

−p

If 𝑃𝑗,𝑖 is assigned to a new table, we need another function to realize fnewj,i (t j,i ). In another
word, we need to assign tables to different dishes. In the formula below, 𝑡𝑗,𝑛 indicate the 𝑛𝑡ℎ
table in the 𝑗 𝑡ℎ review, d indicates the dishes which have been assigned to the reviews. We use
k to indicate a certain dish in the dish corpus, and 𝑓𝑘 (∙) to indicate the word distribution over
this dish.
𝑝(𝑑𝑗,𝑛 |𝒅−𝒋,𝒏 , 𝑑𝑗,𝑛 = 𝑑𝑛𝑒𝑤 ) = ∑𝐾
𝑘=1

(1−𝜆)∗𝑚𝑘 +𝜆∗𝑁𝑗,𝑛,𝑑
𝑚−1+𝛾

−𝑡𝑗,𝑛

∗ 𝑓𝑘

(𝑑𝑗,𝑛 ) +

𝛾
𝑚−1+𝛾

−𝑡

∗ 𝑓𝑛𝑒𝑤𝑗,𝑖 (𝑑𝑗,𝑖 )

( 3)

−t

j,i
We use the baseline function H to generate fnew
(dj,i ). If we assume that H has densityh(∙),
then
−𝑡

𝑓𝑛𝑒𝑤𝑗,𝑖 (𝑡𝑗,𝑖 ) = ∫ 𝑓(𝑡𝑗,𝑖 |𝜃)ℎ(𝜃)𝑑𝜃

( 4)

−t

j,i
So, fnew
(t j,i ) is the prior density of t j,i . In our situation, we treat each dish equally, so we set

−t

j,i
fnew
(t j,i ) as the unit 1.

The function fk (∙) is controlled by parameterβ, and the word distribution on this dish.
𝒇𝒌 (∙) =

𝑵𝒑,𝒌 +𝜷
𝑵𝒑 +𝑽𝜷

( 5)

For sentiment assignment inference, we combined the sentiment lexicon with Dirichlet
allocation to assign the opinioned words for each aspect. In the following formula, we used si,n
to indicate the sentiment assignment for the i𝑡ℎ opinioned word in the n𝑡ℎ table, L indicates the
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sentiment distribution. Nwi ,j indicates how many times the i𝑡ℎ opinioned word has been
assigned to this sentiment, and Nn,j indicates how many opinioned words in table n has been
assigned to this sentiment. Dictionary will provide a prior knowledge p(wi ) about the
sentiment distribution of the ith opinioned word. For a certain opinioned word in an aspect, the
sentiment distribution can be described as the following:
P(si,n |w, s−i , δ, ζ)~
∑𝐿𝑗=1

𝑁𝑤𝑖,𝑗+𝜁
𝑁𝑤 +𝑀∗𝜁

∗

𝑁𝑛,𝑗 +𝛿
𝑁𝑛 +𝐿∗𝛿

∗ (𝑝(𝑤𝑖 ) + 𝜀)

( 6)

C. Experiments and Evaluation
Dataset and Date Processing
The dataset we used is the restaurant review collected by [17]. This review dataset is manually
annotated and covers 150 restaurants with about 3400 sentences, which are parsed on the
aspect level. Each sentence is assigned one or more aspect and sentiment labels. The six aspect
labels are food, staff, price, ambience, anecdote and miscellaneous, and the three sentiment
labels are positive, negative, and neutral.
Sentiment Lexicon in Use
The lexicon we use for prior knowledge is the SentiWordNet. The reason that we choose this
lexicon is because this lexicon gives = probability value of sentiment distribution of each word,
which is very useful in our word-sentiment assignment.
Parameters Setting
In our model, we have seven parameters: α, β, γ, λ, η, δ, ζ and ε . To get a better result, we set
the parameters with proper values. Two indicators are used to set the parameters: perplexity
and number of aspects.
Perplexity is defined based on the theory of entropy to estimate the quality of a probabilistic
model. It can be calculated as follows:
𝑃(𝑝) = 2𝐻(𝑝) = 2− ∑𝑥 𝑝(𝑥)𝑙𝑜𝑔2𝑝(𝑥)

( 7)

A smaller perplexity value indicates a better result. On the other hand, we hope that the
number of aspects could be smaller for a better control. Thus, if a combination of the
parameters can help generate a smaller perplexity value and smaller aspects number, we
consider it as a better combination of parameter setting.
First, we need to set α, β, γ, λ and η. These parameters affect the aspect assignment.
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α and γ affect the number of aspects directly and mutually, so we determine these two
parameters first. Figure 3 shows the perplexity changes according to the change of the value of
α and γ. Generally speaking, perplexity drops with α and γ rises, but when γ equals 0.5, the
perplexity reaches the lowest value no matter how much the α value is (only one exception
with α=0.001 ). So, we set γ as 0.5

Figure 3. Parameter setting—γ
From Figure 4, we can see that the number of aspects increase with the increase of α and γ.
When alpha is set to 0.001, the number of aspects can be controlled fewer than 50 no matter
how much the γ value is. Thus, we set α as 0.001.

Figure 4. Parameter setting--α
Parameter β affects the noun distribution on the aspects and indirectly affects the number of
aspects. So, we calculate the impact on the perplexity and number of aspects. To get a clearer
view, we normalize the perplexity value and aspects number, in the range of [0, 1]. Perplexity
increases and aspect number decreases as β increases. Just as Figure 5. shows. Therefore, we
choose the cross point as β’s value and we set beta as 0.5.
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Figure 5. Parameter setting--β
Figure 6 shows λ on the perplexity and number of aspects. The impact of Parameter λ
coordinates the word frequency impact and the context impact on the first level. From Figure 6
we can see that when λ equals 0.2, all the perplexity and aspect number reach the lowest value.
So, we set λ as 0.2.

Figure 6. Parameter setting--λ
From Figure 7, we find that it is hard to see which point is best for use to determine the value of
η, because the perplexity and number of aspects change differently according to the change of
η. Compared with the control of other parameters, the aspect number does not fluctuate so
much. So, we set η as 0.7 as it brings us the lowest perplexity.
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Figure 7. Parameter setting--η
We have a fixed number of sentiment, so we just use perplexity to determine the value of δ ,ζ
and ε which affect the sentiment assignment.
From the Figure 8, we can see that 0.1 is a threshold of ζ and δ. No matter what the value of ζ
or δ, if it is larger than 0.1, the perplexity will increase dramatically. Moreover, both ζ and δ
generate the lowest perplexity at the value of 0.06. Therefore, we set ζ =δ=0.06.

Figure 8. Parameter setting—ζ and δ
Parameter ε combined the effect of prior knowledge and the context information. Generally
speaking, the perplexity drops as ε decreases. But the larger ε is, the weaker the role of
dictionary plays. From Figure 9, we can see that there is a turning point, 0.4. Before the point,
the perplexity drops very fast, and after that point, the perplexity drops slowly. So, we choose ε
to be 0.4.
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Figure 9. Parameter setting--ε
Our features are based on standard features from the literature [1]. Each feature describes how
two entities are related in a sentence from lexical and syntactic perspective.

Experimental Results
Aspect Identification
In the dataset, some words, like “food”, “price”, “place” and “service”, have very high
frequency, and they appear in almost every review. If we apply HDP-LDA on the dataset
directly, we found that these words are all grouped in one category, because, they are treated
as stop words by the probabilistic model. Actually, according to [17], these words are the
general aspects for a restaurant. These words tend to appear together and the co-occurrence
frequencies are too high, so it is hard for probabilistic models to separate any of them from
others. In order to get a clearer view of the aspects distribution, it is better to treat these
general aspects differently.
Generally speaking, word frequency does not affect the final result too much, but document
frequency will. This means that if a pair of words appears too often in different documents,
they tend to be viewed as semantic similar and are grouped into one category. So, we use
document frequency as the indicator to identify those general aspects. We count the number of
documents each factual word appears, and extract the factual words which contribute the top
10% total frequencies. Finally, we got eight factual words, which need to be treated differently.
They are listed in Table 2:

Table 2. General Words and Their Frequencies
General Aspect Words
Food
Place
Service

Frequency
137
137
129

Rate
1.56%
1.56%
1.47%
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Restaurant
Time
Price
Menu
Staff

119
97
91
70
66

1.35%
1.10%
1.10%
0.80%
0.75%

Each word listed above construct a single aspect. We extract all the phrases which contain
these words, and analyze their sentiment distribution directly.
For other factual words, we identify their aspects first. 38 aspects are identified. We use 10 of
the 38 aspects as examples to show our result in aspect identification. The 10 aspects are listed
in Table 3 and are ranked based on their proportion. Aspect 5 takes up the largest proportion
and Aspect 22 takes the least in Table 3. Actually, Aspect’s 5, 6, 1, 0, 2 and 8 are the aspects
which rank in the first 6 places in the whole aspect collection. The rest of the four aspects are
chosen because they can represent other aspects rather than just food. The words in each
aspect are ranked by tf-idf measurement. The higher a word ranks, the more representative it is
for a certain aspect.

Table 3. Aspect Identification
Aspect 5
Wine
Dinner
Table
Atmosphere
Night
Dishes
Experience
Meal
Drinks
Aspect 8
Shanghai
Shabu(*)
Chinatown
Frying
Dumplings
Noodles
Soup
Buns
Pork
Rice

Aspect 6
Sushi
Fish
Rolls
Mizu(*)
Rice
Pieces
Tuna
Tokyo
Sashimi
Aspect 9
Owners
Fun
Waiters
Exterminator
Jekyll & Hyde
Shows
Entertainment
Chelsea
Actors
Characteristics

Aspect 1
Pizza
Table
Cheese
Pasta
Slice
Sauce
Subway
Mozzarella
Salad
Aspect 11
Deli
Katz(*)
Experience
Beef
Sandwich
Pastrami
Pickles
Sandwiches
Hotdogs
Knish

Aspect 0
Chicken
Thai
Pad
Rice
Tonic
Singapore
Shrimp
Sauce
Pepper
Aspect 21
Modern
Item
Style
Compact
Atmosphere
Design
Details
Bathroom
Soho
Seating

Aspect 2
Bagel
Bagels
Dosa
Toaster
Toast
Coat
Cream
Onion
Spreads
Aspect 22
Servers
Vodka
Serving
Bottom
Bowl
Chunks
Vessel
View
Lamb
Cocktail

*: the name of a restaurant. Mizu is a sushi bar, Shabu is a Hotpot restaurant, and Katz is a shop that sells deli food.

From the table we can see that Aspect’s 5, 6, 1, 0, 2, 8 and 11 are all talking about food. In
another word, they are sub-aspects of the food aspect. Aspect 5 talks more about the dinner,
Aspect 6 talks about sushi, Aspect 1 talks about pizza, Aspect 0 talks about Thai food, Aspect 2
14

talks more about bagels, Aspect 8 talks about Chinese food, and Aspect 11 talks more about
deli food. In addition, Aspect 9 talks more about ambience, Aspect 21 talks about atmosphere
and Aspect 22 talks about a sub-aspect of service.
We can see that our model can help to distinguish these sub-aspects automatically without any
manual intervention, while LDA extended model might miss these sub-aspects if the researcher
could not determine the number of aspects well in advance.
Sentiment Assignment
For each aspect, we use the opinioned words they bear to approximate their sentiment
distribution. Even though we generate eight aspects, only 5 of them are frequently used by
sentiment researchers. So, we choose the 5 general aspects as our example to show our results
in sentiment assignment. They are shown in Table 4. The higher a word ranks, the closer this
word related to the certain aspect. For example, the most specific positive opinioned word of
food is delicious in the restaurant dataset. Because neutral opinioned words are not helpful in
expressing sentiment, we don’t include the neutral words in the following table.
Table 4. General Aspects and Sentiment Words
Positive
Food
Negative
Positive
Price
Negative
Positive
Place
Negative
Positive
Service
Negative
Positive
Staff
Negative

delicious, amazing, raving ,snacking, excellent, tasty , pleasant, fabulous,
fresh
mediocre, horrible, complained, crappy, cold, wary, disappointed
reasonable, mille, proper, constant perfect, affordable , cheap, decent,
nice
great, charging, terrible, beat, matching, incredible
relaxing, nice, wary, recommend, thrilled, front, love, unique
dismayed, apologetic, dark, nonchalant, worst, fooled, charged, leave
excellent, friendly, attentive, wonderful, relaxing, cheap, nice, pleasant
horrible, mediocre, inattentive, disappointed, lacking,
attentive, competent, friendliest, nice, replied, pleasant, impeccable
bother, slow, horribly, rushing, horrible, rarely, unprofessional, unfriendly

From Table 4, we can see that the opinion wording differs obviously from aspect to aspect. Our
result shows that “food-delicious”, “price-reasonable”, “place-relaxing”, “service-excellent” and
“staff-attentive” are the closest positive “aspect-sentiment” pairs in the restaurant dataset, and
“food-mediocre”, “price-great”, “place-dismayed”, “service-horrible”, “staff-bother” are the
closest negative “aspect-sentiment” pairs in the restaurant dataset.
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In addition to the general aspect sentiment distribution, for each aspect, we can get the
sentiment words for it too. Table 5 shows the sentiment words for the specific aspects. We
choose 7 of the 10 aspects shown in Table 3 to show the sentiment distribution for the specific
aspects. The reason we chose seven of the 10 is that some food sub-aspects share very similar
sentiment wording, and it is unnecessary to repeat them in Table 5.
Table 5. Specific Aspects and Sentiment Words
positive
Aspect 5

negative
positive

Aspect 6

negative
positive

Aspect 1
negative
positive
Aspect 8
negative
positive
Aspect 9
negative
positive
Aspect 21

Aspect 22

negative
positive
negative

delicious, nice, excellent, recommend, cheap,
wonderful, amazing
bland, mediocre, wrong, missed, change, horrible,
poor
stated, excellent, amazing, raving, special, tasty,
freshest, cute, yummy
overpriced, overrated, thawed, complained, crappy,
flavorless, disappointment
nice, spicy, amazing, perfect, delicious, pretentious,
excellent, adorable,
burnt, wrong, sparsely, shredded, worst, skimp
recommend, amazing, traditional, seasoned,
steaming, hot, juicy, soupy
greasy, oily, bland, awful
loved, enjoyed, enjoyable, friendly, helpful, promised,
delightful, consistently
scared, overpriced, soggy, lowered, nonchalant,
economical, excellent, love, clean, perfect, suggested,
great, happy, funky
hard, sticky, pretentious
beautiful, delicious, refill, fine
wander, scrapped, clueless

Even though aspect 5, 6, 1 and 8 are all sub-aspects of food, the opinioned words they have are
not that similar. For example, Aspect 6 is about sushi, so it has the positive sentiment words like
“freshest” and “cute” which other aspects do not. This is because freshness is more important
for sushi than for other foods, and the style of sushi can be cute. Aspect 8 is about Chinese
food, so we can see the opinioned word like “greasy”, “oily” as negative sentiment words.
Chinese food use oil a lot, so it makes sense it has such negative sentiments. Comparatively,
Sushi uses very little oil, so the sentiment words do not appear to describe sushi. So, our model
can help to find those aspect specific opinioned words in each sentiment.
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Evaluation
The novelty of this project is separately detecting the aspects and the sentiments words of each
sentiment type for each aspect. Therefore, we choose to evaluate our model by evaluating the
quality of the sentiment words extracted. We compare each of the six general aspects given by
[17] on all of the three kinds of sentiments. We use precision as the measure of our evaluation.
To obtain the gold standard for the comparison study, we first employ the POS tagger to find
the sentiment words in gold standard dataset. Then each sentiment word is associated with the
aspects and the sentiment type annotated in the dataset. Thus each word in the gold standard
can be associated with a sentiment and an aspect. For our model, we assign each aspect
detected by our model to the gold standard aspect. Thus, each type of sentiment words under
each aspect can be easily obtained.
The baseline models include ASUM, JST and Max-Ent. Since all the baselines do not separate
the factual words from sentiment words, we use the POS tagger to preprocess their results and
use the non-noun words as the sentiment words. Also, the number of aspects needs to be prespecified to be consistent with the gold standard for those models. Since all these baselines are
based on LDA. We set the number to be six according to the gold standard. Because ASUM
detects only two aspects by default, we change the parameter to three and add the neutral
sentiment. We also tune the parameter for the sentiment number of JST to three too, by
adding neutral sentiment. For the Max-Ent, we don’t use the training dataset because all of the
other models in comparison do not need training data. Moreover, since the Max-Ent model
does not show the polarity of the sentiment, we only calculate the precision for the aspects
without distinguishing the sentiment type. This way we have two tables to show the
comparison result.
The comparison between hybrid HDP-LDA and ASUM, JST is shown in Table 6. The comparison
between hybrid HDP-LDA and Max-Ent is shown in Table 7.
Table 6. Comparison with ASUM and JST
Aspect
food

staff

price

Sentiment
positive
negative
neutral
positive
negative
neutral
positive
negative

HDP-LDA
0.776
0.425
0.172
0.635
0.467
0.126
0.719
0.214

ASUM
0.668
0.369
0.094
0.466
0.352
0.032
0.258
0.144

JST
0.477
0.233
0.067
-0.171
0.036
--17

ambience

anecdote

miscellaneous

neutral
positive
negative
neutral
positive
negative
neutral
positive
negative
neutral

0.061
0.463
0.219
0.163
0.356
0.144
0.329
0.453
0.282
0.535

-0.404
----0.270
0.334
0.218
0.204

---0.025
0.093
-0.117
0.249
---

Table 7. Comparison with MaxEnt-LDA
Aspect
food
staff
price
ambience
anecdote
miscellaneous

HDP-LDA
0.774
0.722
0.623
0.569
0.528
0.613

MAXENT
0.885
0.718
0.271
0.370
0.441
0.397

We can see there are missing values in the table. There are two reasons. First, even though
both ASUM and JST can extract sentiment words for each aspect, the aspects detected are not
consistent among the sentiments. That is to say, the aspects appearing in the positive
sentiment may not present in the negative sentiment. Therefore, even if there is “food” aspect
in the positive sentiment, there is no guarantee there is “food” aspect in the negative
sentiment. Further, not all the aspects of the gold standard can be captured by the model. For
example, the “price” aspect is always the difficult one to detect for all of the three baselines. As
we can see, our model performs best in comparison with the ASUM and JST, demonstrating its
power in effectively extracting the sentiment words for each specific aspect. Our model also
beat Max-Ent model for all the aspects except food. The reason might be that the food aspect is
a major aspect and more words are extracted from our model than the MaxEnt-LDA model.
Overall, our model generally performs better than the other models in extracting the aspect
specific sentiment words.

Functionality of Innovation(s)
In this project, we developed a novel hybrid HDP-LDA model, and it can improve the
performance of sentiment analysis in mainly three perspectives. First, it can automatically
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determine the number of aspects. Most of current sentiment analysis models are LDA extended
and need to input the exact number of aspects in advance, but this is hard and impossible in
some situations. Our model is HDP extended, and can generate the number of aspects in the
process of factual words assignment. Second, this model can efficiently distinguish factual
words from opinioned words. Treating phrases instead of words as the processing units, our
model can efficiently separate factual words from opinioned words. On the other hand,
comparing to the models processing a whole sentence as a unit, our phrase based model can
also improve the accuracy. Third, this model can effectively extract the aspect specific
sentiment words. For example, we found that “delicious” ranked in first place to describe food
in positive perspective, and “greasy” and “oily” are specific to describe Chinese food negatively,
but not others.

Conclusions and Recommendations
In future work, we want to synchronize the aspect assignment with the sentiment assignment.
Currently, this model identifies aspects first and then finds sentiment distribution for each
aspect, taking two steps to finish sentiment analysis. Thus, we want to propose a joint model
based on this one to analyze sentiment in one shot. In addition, improving the accuracy in
phrase construction and reducing the number of parameters are also going to be taken into
consideration in the future plan.

Impact and Uses/Benefits
We developed the proposed hybrid HDP-LDA model, and it can improve the performance of
sentiment analysis in e-Business application. We tested our prototype system in many open
data sets; however, the approach can be easily generalized to the IAB members’ data sets. The
outcomes of the project provide techniques for easily processing big data in analytic
environments. The results of the study improve productivity for extracting greater value from
big unstructured data. The modules of the system are implemented in Java languages. The
complete API will be provided in a software package.
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