
SAR-HDP: Non-parametric Topic Model for Aspect
categorisation based on online reviews

Chapter 1

ISBN: 978-81-958975-8-2

Page 1 ZenToks Books

Edited Book Title: Current Studies on Probability and Statistics

Omar Mustafa AL-Janabi , Nurul Hashimah Ahamed Hassain Malim , Cheah
Yu-N , Osamah Mohammed Alyasiri , Aseel Musa Jasim

1* 2

3 4 5

Abstract:
Aspect categorisation and its utmost importance in the field of Aspect- based Sentiment
Analysis (ABSA) has encouraged researchers to improve topic model performance for
modelling the aspects into categories. In general, a major- ity of its current methods
implement parametric models requiring a pre-determined number of topics beforehand.
However, this is not efficiently undertaken with unan- notated text data as they lack any
class label. Therefore, the current work pre- sented a novel non-parametric model drawing
a number of topics based on the semantic association present between opinion-targets (i.e.,
aspects) and their re- spective expressed sentiments. The model incorporated the Semantic
Association Rules (SAR) into the Hierarchical Dirichlet Process (HDP), named (‘SAR-
HDP’). The phrase-based (or aspect-based) Bayesian model (SAR-HDP) did not consider
the word’s sentence being drawn from a single topic due to the presence of mul- tiple
aspects in a single review, which belonged to a multiple-aspect topic (i.e., category). Beyond
its consideration of the semantic information for aspect iden- tification, the proposed model
further upheld the semantic information discerned between the drawn topics and aspects
identified to maintain topic consistency. Empirical investigation showed that the approach
positioned successfully outper- formed standard parametric models and nonparametric
models in terms of aspect categorisation when subjected to restaurant and hotel reviews
sourced from Ama- zon and TripAdvisor.
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1. Introduction
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The exponential growth of Social Web services has expanded the amount and breadth of
user-generated content generally found on the World Wide Web (WWW).Such content came
from people’s ideas and opinions, yielding an excellent oppor- tunity for the respective
industries to capture customer satisfaction regarding their products offered, as well as
helping the public in deciding on their products by implementing feature ranking
applications [1]. To ensure the practicality of these contents, ABSA models have emerged;
they are tasked with extracting essential figures of speech in opinionated customer reviews,
which is called an aspect (or aspect-term) to determine its expressed sentiment [2].

Over the last decade, a notable number of researchers have presented different methods for
extracting aspects across different domains and languages [3]. They are thus classifiable as
either unsupervised [4–10], semi-supervised [11–15], or su- pervised methods [16–19]. In terms
of the ABSA subtask, its methods are primarily concerned with fusing the syntactical
relation for aspect extraction. Furthermore, three different approaches have been previously
implemented to extract aspects; the first approach is an augmented frequency-based method
proposed to utilise semantic relatedness [4, 5, 20–24]. The second approach is the
dependency-based [9, 25–29] and third one denotes using pattern-based methods [7, 30–33]
built based on the syntactic relation between aspect-terms and its related opinion-words.
Typically, extraction types based on the augmented frequency-based, dependency- based,
and pattern-based approaches generate promising results in certain scenar- ios. However,
augmented frequency-based approaches have been known to ignore the infrequent aspect
terms as they mostly retrieve the high-frequency nouns and noun-phrases as the aspects.
Meanwhile, the dependency-based or pattern-based approaches are restricted by the domain
dependency, wherein the rules are thus ar- ticulated according to a particular domain or
language [21-24]. Moreover, neither of any aspect extraction approaches mentioned above
can be employed in fur- ther identifying the aspect category for aspect-terms perceived, nor
the associated opinion-word/sentiment.

Alternatively, probabilistic topic models are utilised in data mining and la- tent data
discovery, as well as its most important implementation for discerning the relationship
between data and text documents. Therefore, researchers have implemented the method to
conduct aspect analyses [34, 35]. For example, La- tent Dirichlet Allocation (LDA) [36] is a
popular unsupervised admixture or topic model, which specifically builds a set of topics
based on an input collection of documents. As a parametric model, it incorporates the
concept of Bag of Words (BoWs) for the articulation of topics; the standard LDA has been
adopted by many researchers for aspect extraction [34, 35, 37, 38]. Meanwhile, others have
considered lexicon-based topic models [39–41], whereas works such as [42–45] have opted for
distributed vector method and knowledge-based information as a supplementary approach 
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for aspect analysis. Regardless, a gap in the current studies has been underlined in which the
existing probabilistic methods are not only paramet- ric models requiring a class label; they
are also seemingly dismissive about finding the semantic association between the aspect-
terms and the expressed sentiments for each aspect topic (category).

As a solution for the lack of semantic regularities in identifying aspect-terms, a SAR
algorithm is developed. It encompasses the semantic regularities towards identifying the
aspect terms and their expressed sentiment while working in tan- dem with a non-parametric
model, that is HDP. Here, HDP builds on the premise of the Multivariate Gaussian
Distribution (MGD) in modelling the identified aspects into their respective categories. Then,
the hyperparameter values are up- dated by using a sampling algorithm (i.e. Gamma
Distribution).

2.Problem Definition of Topic Models on Online Reviews

To date, traditional topic models such as LDA are widely implemented in ABSA subtasks,
such as aspect-categorisation. However, they also come with flaws:

                                       • Ignore the word order.
                                       • Ignore semantic regularities.

Even though these two limitations are being tackled by utilising lexical supple- mentary
approaches like lexicon-based methods and distributed vectors [39–42], they remain limited.
This is attributable to the reliance of presented ABSA meth- ods on an annotated number of
topics, which is not always the case in the real world. Besides, a class label is absent in online
reviews (“text data”) found on pub- lic platforms like Amazon or TripAdvisor, which leaves
the current methods lack- ing. The best example for this is the online reviews in SemEval-
2014 (Restaurant and Laptop) domain data. Here, the restaurant corpus (Fig. 1) is annotated
into five aspect categories, including “Price” and “Food”, following which the anno- tated
aspect term in the opinionated sentence is further assigned to an aspect topic (category). In
contrast, Fig. 2 reveals the lack of aspect topic (“aspect-category”) for the annotated aspect-
terms in the Laptop corpus (“SemEval-2014”). There- fore, this work introduces a novel non-
parametric Bayesian model that addresses three subtasks simultaneously:

                                    • Detects the aspect and its expressed sentiment.
                                    • Detects aspect categories automatically.
                                    • Allocate the aspect terms into categories.
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Figure 1: Annotated aspect category in the SemEval-2014 restaurant domain data

Figure 2 :Unannotated aspect-categories in the SemEval-2014 laptop domain data

3. Research Objectives

The objectives of the proposed model differ from currently available methods, wherein it
does the following accordingly:
1. Develops semantic association rules (SAR) for the detection of aspect-terms and their
expressed sentiments.
2. Employs word embeddings (WE) to maintain semantic regularities on topics.
3. Automatically determine the number of aspects and their topics based on the developed
SAR, which works in tandem with the HDP model.
4. Updates the hyperparameter values by using a sampling algorithm.
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4. Recent Work

Topic models are generally differentiated into the unsupervised machine learning methods.
An advantage of employing topic models as opposed to other methods is its
implementation in handling multiple subtasks simultaneously in ABSA, in- cluding aspect
extraction, and categorisation [35]. Currently, the proposed topic models for aspect-
analysis are mainly built on the premises of parametric model (i.e. LDA) as seen in different
surveys such as [34, 35, 46], whereas a few others rely on its non-parametric counterpart
(i.e. HDP) [47, 48]. Along with the topic models that are presented for aspect
categorisation, other methods (e.g., clustering methods) are briefly stated in the following
subsections.

4.1 Parametric model

This section includes some of the recent topic models that have performed aspect modelling
by using labelled datasets (“that have a specific number of topics”). For example, the
enhanced topic model “Sentic LDA” comprises a lexicon-based method (i.e., SenticNet) for
semantic consideration, whereby its evaluation is car- ried out using a specified number of
topics sourced from the hotel reviews dataset.The dataset is annotated into seven aspect
categories (or topics) prior to the as- sessment process [39]. Meanwhile, the AEP-LDA [49]
model operates under the assumption that all words found in a sentence are drawn from
one topic. This is not a true assumption, however, due to the presence of multiple aspects
within a single sentence belonging to a different topic(s).

 In [50], semantic regularities have been presented by using word embeddings. However, the
model was not tasked with modelling the aspect terms into categories based on the
identified aspect; instead, a clustering algorithm was utilised for this purpose. Similarly,
W2VLDA [42] has been highlighted in articulating aspect terms into their respective
categories in consideration of semantic regularities. Regardless, it is a parametric model
and thus requires a class label. The main problem with the existing topic models (e.g.,
LDA) lies in the manner in which the proposed models presume the document is assigned
to a single topic. This is not always true as it may be equipped with multiple aspect topics.

4.2 Non-parametric models

Non-parametric models are introduced to model unannotated aspect-categories in which
their evaluation is carried out using an annotated counterpart. In line with this, scholars
such as Ding et al. [47] and Yang et al. [51] have performed aspect- sentiment identification
by utilising a hybridised topic model, which relies on LDA and HDP models.
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4.3 Other Methods for Aspect Categorisation

Dictionary-based methods being used to address the aspect categorization [52, 53]. It is
seemingly limited due to the development of new vocabulary. Others used clustering
algorithms [54–57] for aspect categorization. Using the clustering algorithms for aspect
categorization is deficient for unlabelled data and it does not consider semantic regularities
between the clusters.

5. Proposed Framework
This work presented a novel framework tasked with addressing the major chal- lenges in
determining the association between aspect and sentiment words seman- tically. Then, it
concurrently allocates the identified aspects into their respective aspect topic (category)
accordingly as shown in Fig. 4. Therefore, Subsection (5.1) depicts the SAR for aspect and
sentiment determination in the reviews, while Subsection (5.2) displays the manner in which
it works in tandem with the HDP model.

5.1 Semantic Association Rules (SAR)

In ABSA, a syntactical relation can be perceived between an aspect and its senti- ment words
[37, 42, 49]. Recent topic model methods (e.g., W2VLDA, AEP-LDA,HDP-LDA, and
SenticLDA), however, seemingly perceive the sentence-level (sen- tence review) to hold a
single aspect, which is not always true. This is reflected in the aforementioned example (Fig.
1) in which ‘appetisers’ and ‘salads’ belong to the aspect topic ‘food’ despite them being
multiple aspect-terms from a sin- gle sentence. Therefore, this work proposed the SAR
algorithm to determine the aspect and its sentiments at the phrase level.

For each phrase p in an opinionated sentence s of a set of sentences Sn = {s1, s2, s3, si}, Sn is
a set of all opinionated sentence reviews (e.g., s1) in the cor- pus. Here, the SAR would
determine whether the drawn phrase p is an aspect, sentiment, or objective word. One may
note that the aspect words are usually nouns or noun phrases, while they may be adjectives if
referring to the sentiment words. Alternatively, objective words are unrelated to the aspect-
based analysis altogether. As an algorithm, SAR generally leverages the semantic association
to be combined with the syntactic rules (Table 1), wherein the associations between the
aspects and their expressed sentiments are attained by using the word embed- dings [58].
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 Figure 3 : Semantic Association Rules-Hierarchical Dirichlet Process (SAR-HDP) Framework

First, the common syntactical relation between the aspects and sentiments were identified by
employing the formulated rules. For instance, ‘NN’ and ‘JJ’ are used to extract the aspect of
‘picture quality’ (I) (Table 2).

However, extraction by using the syntactic rules detailed in Table 1 is not always correct as
the ‘free speakerphone’ is a meaningless aspect term extracted by using the same syntactic
rule. Therefore, the novelty of this subtask is rooted in the introduction of semantic
association to eliminate any irrelevant and improperly extracted aspects. Here, soft-cosine
[59] is depicted accordingly in ascertaining the correlation between the words as per the
Vector Space Model (VSM). Unlike other similarity measures, the soft-cosine measure can be
trained by using prior knowledge sourced from the word embeddings [46]. As a result,
measurement of the semantic association scale is undertaken based on the prior knowledge
fed into the similarity measure.
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<sentence id=”1480”> <text>My friend reports the notebook is astonishing in
performance, picture quality, and ease of use.</text> (I)

Note that the opinion target terms ‘picture’ and ‘quality’ from sentence (I) are different
terminologies; hypothetically, they should be mapped to different dimen- sions in the VSM
despite being semantically related. To this end, word embeddings denote the notion that the
relatedness of two words relies upon their inherent context in the reviews. If they are
frequently occurring in the same context, they are henceforth semantically related.

In practice, implementing syntactic rules from Table 1 on the review sentence
(I) results in each noun ‘NN’ being associated with the adjective ‘JJ’ to which it is nearest in
which two texts are identified, namely: (1) picture, and (2) quality. Similarity measure
defines two dimensions in the VSM by using the following feature terms: picture and
quality, as represented by two vectors, α and β:

α = [1, 0]
 

β = [0, 1]
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The traditional cosine similarity yields the ‘0’ value as a similarity score between the two
vectors. However, upon consideration of the semantic similarity for the words based on the
prior knowledge of domain-trained word embedding, a com- parably high similarity is
generated in the VSM for such vectors.                                        

Here, the straightforward interpretation of Formula (3) considers the similar- ity held by a
pair of features or opinion target words concerning their semantic contexts.

Besides, a threshold value is set to determine the semantic similarity between the opinion
target and opinion words. If the similarity measure between ‘NN’ and ‘JJ’ for picture quality
in the sentence (I) is less than the predetermined threshold, the opinion target will be ignored.
For example, if the calculated similarity of the soft-cosine measure is less than 0.2 when the
determined threshold is between 0 to 1, the opinion target candidates are thus most likely to
be non-existent opinion targets.
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is calculated in terms of their similarity, whereby the pair is taken from the prela- belled
syntactic rules. For example, the aspect term is represented as “picture” in comparison with
the following opinion word (i.e., “quality”) according to the syn- tactic rule (1). Thus, the
semantic similarity threshold will further determine the similarity relatedness of the noun
“picture” and adjective “quality” accordingly.

Besides, Table 2 depicts the extracted opinion target based on the stated syn- tactic rules. The
patterns that have “NN” and are followed by “JJ” are obtained as follows: if the noun is
semantically associated with the subsequent adjective and the noun extracted as an aspect
term along with it is a sentiment word. SAR is fused into the drawing process of word-topic
distribution (i.e., MGD) in the proposed non-parametric model (i.e., HDP) to model the
identified aspect into category(s) in tandem as shown in the following section.
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5.2  SAR-HDP MODEL

The central ideation of the proposed non-parametric model (i.e., SAR-HDP) is towards
accommodating the level of complexity embedded in the data in line with the graphical model
shown in Fig. 5. Nevertheless, the challenge perceived is in carrying out joint mining for the
aspect topic (i.e., category) and aspect terms within a single sentence review. This is
attributable to the possibility of multiple aspects belonging to either the same or different
aspect topic (category). As these reviews are unannotated, the supervised methods are
rendered lacking due to their requirement for large-scale annotated data. Therefore, unlike
the fundamental as- sumption underlying the HDP, which denotes that the words in one
document are exchangeable [60, 61], the SAR-HDP model (algorithm 2) indicates that the
topic assignments of words are conditionally dependent. The process is thus underpinned by
the semantic association between the identified ‘aspect’ by using ASR and the aspect topic of
‘category’.
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Figure : 4 Semantic Association Rules-Hierarchical Dirichlet Process (SAR-HDP) graphical model 
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6. Experimental analysis and evaluation

This section presents a discourse of the experimental analysis and evaluation car- ried out for
the proposed model, which is then compared to the results obtained by implementing related
techniques.

6.1 Datasets and evaluation metrics

Datasets and evaluation metrics are vital components in assessing the building model
performance. Table 4 presents the four utilised datasets to assess the SAR- HDP model’s
performance in context of aspect categorisation. As an assessment metric, however, the Rand
Index (RI) [62], Entropy [63], Normalized Mu- tual Information (NMI) [64], and Purity [62]
are utilised to measure the model efficiency upon its provision for the purpose of aspect
categorisation. The index measures the similarity between the aspect-category of the
proposed model and the “ground-truth” aspect-category discerned in the dataset. For
example, TripAdvi- sor: Hotel dataset (TA:H) is an instance of the ground-truth data and
encompasses seven categories (i.e. rooms, cleanliness, value, service, location, check-in, and
business).

6.2 Experimental setup and results

The experimental design of the proposed model articulated based on the proposed SAR-
HDP model. The proposed model is a non-parametric Bayesian model built on the premises
of the HDP model. The experimental setup of the SAR-HDP model dealt with two different
settings:

1. SAR-HDP(CRP): the DP in this setting is interpreted using CRP as presented in section
5.2.

2. SAR-HDP(SBP): the DP in this setting is interpreted using Stick-breaking Process (SBP)
as in [66].
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The central ideation of the SAR-HDP is towards accommodating the level of complexity
embedded in the data. Nevertheless, the challenge perceived is in carrying out joint mining
for the aspect topic (i.e., category) and aspect terms within a single sentence review. This is
attributable to it possibly having multiple aspects belonging to either the same or different
aspect topic (category). As these reviews are unannotated, the supervised methods are
rendered lacking due to their requirement for large-scale annotated data. Therefore, unlike
the fundamental assumption underlying the HDP which denotes that the words in one
document are exchangeable [49,50], the SAR-HDP model indicates that the topic assignment
of words are conditionally dependent. Therefore, the process is underpinned by the semantic
association between the identified ‘aspect’ and the aspect topic of ‘category’. To this end,
grouping the identified aspect terms into aspect topic (e.g., aspect terms “appetisers”,
“salads”, and “steak” being grouped into aspect topic “food”) can be carried out
accordingly.
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Table 6 reports the comparative analysis entitled a comparison of the model performance
according to the coverage of the aspect-terms in each dataset. The proposed SAR-HDP is a
generative model that being used to perform the aspect categorisation by first initialize the
topics with a randomly selected aspect terms, then the topics being rectified based on the
SAR and semantic regularities, so that, after a generative process of the model. It will
generate number of topics that comprise semantically related aspects in each topic and ignore
the non-aspects or objective words. The SAR-HDP model yielded results comparable to
those obtained via the current methods (e.g., clustering and non-parametric methods) by
using the RI, NMI, Entropy, and Purity evaluation measures. As shown in Figs. 5,6,7, and 8,
the performance of utilising CRP as a DP distribution on the proposed non-parametric
model outperformed the performance of using SBP on the investigated datasets.

Figure : 5  Experimental results with the variation SAR-HDP settings (i.e., SBP, CRP) in terms of RI score
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Figure : 6  Experimental results with the variation SAR-HDP settings (i.e., SBP, CRP) in terms of NMI score

Figure :  7  Experimental results with the variation SAR-HDP settings (i.e., SBP, CRP) in terms of Entropy score
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Figure :  8  Experimental results with the variation SAR-HDP settings (i.e., SBP, CRP) in terms of Purity score

6.3 Compared models

Table 7-10 examines the performance of the traditional methods (e.g., clustering methods),
parametric models, and non-parametric model that are presented to be compared with the
proposed SAR-HDP model in terms of aspect categorisation as follows:

6.3.1 Traditional methods

The presented traditional methods are a standard clustering algorithm such as kmeans[71],
FC-Kmeans[72], and NMF[73]. None of the presented methods are possess the ability to
consider the semantic regularities in the generated clusters (which are categories in this
problem). However, the advanced FC-Kmeans relatively yields higher accuracy than
traditional Kmeans an R:16 dataset by nearly 0.08% using RI score.

6.3.2 Parametricmodels

The parametric models in this experimental comparison are divided into standard
probabilistic models that commonly built based on the frequency-based method (i.e., O-
LDA [77], LDA [36], LSI [79]), and other advanced or developed models (i.e., G-LDA
[78], TSLDA [46]). Thus, the proposed model produced slightly lower accuracy for
aspect categorisation as opposed to the state-of-the-art ‘G-LDA’ ap- proach. This was
attributable to the latter’s status as a parametric Bayesian model, which categorised the 
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aspect according to its semantic information. In the case of the methods offered for aspects
categorisation, topic models specifically relied on an annotated dataset due to being
parametric models requiring the number of topics to be specified prior to the model training.
Contrary to this, the proposed model was developed to undertake annotated and
unannotated datasets alike.

6.3.3 Non-parametric models

Both of the compared non-parametric model (i.e., iLDA, O-HDP) has no mean of using
semantic regularities. iLDA[70] is relatively gave higher results than O- HDP[85] model, the
reason being is that iLDA relied on the Gibbs Sampling Algorithm that generate the number
of topics based on a sampling algorithm, while O-HDP model built to use online versional
inference as optimization algorithm that relied on (VI). Compared to our model, SAR-HDP
model produced higher accuracy compared to non-parametric models.

Alternatively, in Table 11, the proposed model also yielded better accuracy compared to
algorithm clustering (i.e. Clustering for Aspect and Feature Extrac- tion (CAFE´) [57], Non-
negative Matrix Factorisation (NN-M) [75], and Mutual Reinforcement Approach (MRA)
[74] implemented to perform the task on R:15 dataset in terms of RI score. CAFE´ in
particular, is the second best accuracy, because it uses prior knowledge of WordNet and
UMBC semantic similarity service which proves that clustering the semantic similarity
between words (aspects) could have improved the aspect categories or the generated number
of topics (clusters).
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Table 12 presented a comparison of a supervised method FFDML[76] compared to AP[55]
and L-EM[55] that are replicated in [55]. These methods produced lower accuracy in terms of
RI, NMI, and Purity on the R:16 dataset in comparison to SAR-HDP model.

However, the proposed model outperformed in the same category across dif- ferent aspect
categorisation methods pertaining to extracted aspect coverage in each category. The
information included in Table 13 summarises the performance shown by the current methods
according to their RI score. Apart from the Topic- seeds LDA (TSLDA) and Sentic LDA
[39] topic models, performance displayed by the proposed model exceeded all previously
proposed methods, DF-LDA [80], SAS [81], SJASM [38], sLDA [82], JST [83], ASUM [84],
LARA [65] for aspect categorisation in the TA:H dataset.
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7. Limitations and future work

The proposed SAR-HDP model suffers from some limitations that make it not sufficient to
deal with all the aspect-terms, because the developed SAR model don’t consider having the
aspect terms that are not articulated SAR rules. Future direction is to consider the
Dependency-parser and the rule-based combined.

8. Conclusion

In the breadth of massively generated sentimental reviews across all public plat- forms about
any particular products or services, the need for a non-parametric model capable of
extracting and categorising aspect terms automatically with- out necessitating a class label
cannot be denied. To this end, supervised machine learning and parametric models are
commonly associated with the difficulties and challenges of automatically grasping the
semantic associations between aspects and their expressed sentiments, whereby these aspects
are then placed into categories accordingly.

To address the identification of aspect(s) and recognising their respective as- pect topic(s)
(i.e., category), this work proposed a non-parametric model named SAR-HDP. It extended
beyond considering the semantic association between the aspect(s) and its expressed
sentiment(s) to also allocate them into aspect topic(s) accordingly. The model could be
differentiated from conventional methods due to its lack of consideration for
document/sentence review drawn from a single topic; instead, it would allocate varying
aspect(s) within a single sentence to sin- gular or multiple topic(s). Here, the SAR-HDP
model was built on the premise of syntactical relation for the identification of aspect-
sentiment pair, which also dismissed irrelevant aspects by assessing the semantic assertions
between them. In particular, the SAR developed functioned in tandem with the HDP model
for the purpose of aspect identification and allocation into categories. Therefore, draws made
for the model categories were reliant upon the MGD model, which consid- ered semantic
regularities by using the space of aspects and categories offered by embeddings. Last but not
least, the hyperparameter values were then discovered using a sampling algorithm (Gamma
distribution).
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