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Abstract. This article presents a review of the literature on the application of
Bayesian networks in the field of sentiment analysis. This is done in the context
of a research project on text representation and use of Bayesian networks for the
determination of emotions in the text. We have analyzed relevant articles that
correspond mainly to two types, some in which Bayesian networks are used
directly as classification methods and others in which they are used as a support
tool for classification, by extracting features and relationships between
variables. Finally, this review presents the bases for later works that seek to
develop techniques for representing texts that use Bayesian networks or that,
through an assembly scheme, allow for superior classification performance.
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1 Introduction

Sentiment analysis, also known as opinion mining, is a type of natural language
processing whose purpose is to perform the task of detecting, extracting, and
classifying opinions, sentiments, and attitudes concerning different topics expressed
in a text. Sentiment analysis helps in observing the attitudes of a population towards
political movements [1], market intelligence [2], the level of consumer satisfaction
with a product or service [3], box office prediction for feature films [4], among others
[5, 6].

The availability of opinions and evaluations, in general, has increased in several
fields, such as e-commerce [7], tourism [8] and the analysis of social networks such
as Twitter [9], this has occurred together with the rise of Big Data. As an example, e-
commerce consumers currently read product reviews published by previous
consumers before purchasing, while producers and service providers improve their
products and services by obtaining feedback from consumers.

Furthermore, there are numerous challenges that sentiment analysis must face [10];
for example, the same word may have negative connotations in some contexts, and
positive in others; on the other hand, there is a great variety of ways in which people
express their opinions, this means that small changes in syntax of the messages
communicated can cause an important difference in the underlying opinions; this can



be seen in the phrases “the movie was good” and “the movie was not good”.
Furthermore, the opinions expressed are not purely composed of a particular type of
judgment, since they may be composed of sentences that show a positive opinion on
the subject, and others a negative one. All the above conditions, taken together, allow
seeing the inherent difficulty in the task of sentiment analysis since this is challenging
even for human beings [11].

The problems of sentiment analysis can be approached through various techniques,
among them Bayesian networks. Bayesian networks are a modeling technique that
allows describing dependency relationships between different variables by using a
directed graph structure that encodes conditional probability distributions [12].

The aim of this work is to carry out a literature review regarding the application of
Bayesian networks in the field of sentiment analysis. This review emerges within the
context of an ongoing research project interested in providing, among other things,
the development of adequate representation techniques for the modeling of emotions
in text. In particular, this project contemplates the application of Bayesian
probabilistic graphical models to perform or support classification tasks, by storing
expert knowledge in the structure of these models. Thus, in order to prepare adequate
theoretical foundations to do this, we need to explore the existing connection between
sentiment analysis, natural language processing and Bayesian networks in the context
of emotion determination in texts.

It should be noted that even though Naive Bayes corresponds to the simplest
Bayesian network model (a simple Bayesian network with a single root node) [13]. A
large number of works in the field apply this technique to perform the classification
task [6], thus, this technique has been extensively used and well-studied within the
sentiment analysis literature. Considering this, for the purposes of this work Naive
Bayes has not been considered in the search, because the intention of this review is to
analyze the more complex Bayesian Network structures and approaches that have
been applied in sentiment analysis, in order to obtain better models than the simple
Naive Bayes approach. In this context, we have reviewed the sentiment analysis
literature in order to find works that apply Bayesian approaches, from these works we
have removed those that do not refer to any kind of Bayesian Network, which are the
focus of our work, and we have removed those that are purely based on Naive Bayes,
since we decided to exclude it for the aforementioned reasons.

The rest of this document is structured as follows, in Section 2 a brief introduction
to the basic concepts of Bayesian networks is given with the purpose of providing the
necessary foundations to understand the rest of the work. Section 3 presents a review
of the literature made with the different works found and their implications. Then, in
Section 4 a discussion is made summarizing the main results that can be extracted
from the review conducted. Finally, in Section 5 the conclusions of this work are
provided.

2 Bayesian Networks

In this section, a brief introduction to Bayesian networks is given, using as a basis the
exposition made by Crina and Ajith [12] among other references.



In the context of modeling and machine learning problems, Bayesian networks are
typically used to find relationships among a large number of words. In this context,
Bayesian networks provide an adequate tool to represent these relationships. These
models are a type of probabilistic graphical model and in some cases, they are known
as Bayesian belief networks. A Bayesian network consists of a directed acyclic graph
where each node represents a random variable and the edges between the nodes
represent an influence relationship (i.e., as the parent node influences the child node).
These influences are modeled using conditional probability distributions [14—17].

A Bayesian network for a set of variables consists of a network structure that
encodes conditional independence assertions about the variables, and a set of local
probability distributions associated with each variable. Together, these two
components allow defining a joint probability distribution for the set of all the
problem variables. This conditional independence allows building a compact
representation [12].

In order to define the conditional probability distributions, a table is defined
(Conditional Probability Table or CPT). This table assigns probabilities to the
variable of a node depending on the values of its parents in the graph. If a node does
not have parents, the table assigns a probability distribution to that random variable
[12]. An example of a Bayesian network is shown in Figure 1. In this example, the
variable of interest corresponds to an indicator of whether the text expresses a positive
or negative sentiment, while the factors that determine this are given by the content of
the text (variables indicating if the text contains “dog” and ”love”). Note that if it is
known a priori that event A is true, then the probability of event B changes, for this
particular example the probability of occurrence of B increases from 0.3 to 0.6.
Finally, in this example, the variable S depends both on events A and B as it can be
seen in its CPT.

The construction of a classifier using Bayesian networks requires first learning the
structure of the network and their respective CPTs [18]. The concept of conditional
probability tables can be extended to the continuous case in which variables can be
based on other laws of probability such as a Gaussian distribution or solved by
discretization [19-21].

One of the applications of Bayesian networks is that it is possible to make
inferences about them using available information. In this context, there are several
types of inference [22-26], such as diagnostic inference, causal inference, inter-causal
inference, and mixed inferences. While inference in any Bayesian Network is an NP-
hard problem [27], there are efficient alternatives that exploit conditional
independence restrictions for certain kinds of networks [28, 12]. On the other hand,
one of the benefits of Bayesian networks is that they can directly handle incomplete
data sets (i.e., if one of their entries is missing) [12].

Bayesian networks have been applied successfully to solve different machine
learning problems, even outperforming other popular machine learning approaches
[29]. It should be noted that the simple Bayes classifier (Naive Bayes) is a special case
of a Bayesian network [30]and is one of the most used algorithms in the literature,
especially in the context of sentiment analysis [6].
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Fig. 1. Example of a simple Bayesian network (A: The text contains the word “dog”; B: The
text contains the word “love”; S: The text expresses a positive sentiment).

3 Literature review

In the review carried out, two main tasks have been found in which Bayesian
networks are used in sentiment analysis, specifically, these can be used to perform
classification tasks directly or for the extraction of characteristics to support the
classification task with another method. A brief description of the reviewed works is
presented below, followed by a series of relevant observations extracted from them in
the context of the project. The articles found are summarized in Table 1.

Table 1. Summary table of the reviewed articles by year.

Year Articles
2004 [31]
2011 [32]
2012 [33, 34]
2013 [35,36]
2015 [37]
2018 [42]

Classification is one of the most recurrent uses of Bayesian networks. In this
context, in Wan’s work [37] and the article by Al-Smadi et al. [42] Bayesian networks
are used directly as a sentiment classifier, obtaining competitive results and in some
cases higher, when compared with other approaches.

In the work proposed by Chen et al. [43], the authors develop a parallel algorithm
for Bayesian networks structure learning from large-scale text datasets. This
algorithm is implemented by using a MapReduce cluster and is applied to capture



dependencies among words. In particular, this approach allows us to obtain a
vocabulary for extracting sentiments. The analysis of the experimental results
obtained on a blogs dataset shows that the method is able to extract features with
fewer predictor variables compared to the complete data set (i.e., a more parsimonious
model), resulting finally in better predictions than the usual methods found in the
literature.

The article by Lane et al. [34] addresses the problems of choice of models, feature
extraction and unbalanced data in the field of sentiment analysis. The particular task
that the authors address is classification, although they consider two different
approaches, the first corresponds to classification of subjectivity (i.e., determining
whether the text indicates something objective or subjective) and the second
corresponds to determination of polarity (i.e., determining if the opinion of the text is
positive or negative). In this paper, several classifiers and approaches to extracting
features are evaluated, as well as the effect of balancing the data set before training. In
some cases of the studied data sets, Bayesian networks showed a decrease in their
performance when applying data balancing techniques, in contrast to the behavior of
the other classifiers.

In the article by Ortigosa et al. [33] the authors address a multidimensional
problem, in which they use three related dimensions for sentiment analysis. Most
traditional approaches are focused on a one-dimensional case and are inappropriate,
whereas multilabel approaches cannot be applied directly. Given this, the authors
propose the use of a network of multidimensional Bayesian classifiers [44, 45]. In
addition, applying semi-supervised techniques avoid the hard work of manually
labeling the examples.

The work carried out by Airoldi et al. [31] and Bai [32] proposes a two-stage
Markov Blanket Classifier to perform the task of extracting sentiments from
unstructured text, such as film reviews, using Bayesian networks. This approach also
uses the Tabu Search algorithm [46] to prune the resulting network and obtain better
classification results. While this has proved useful in preventing the overfitting of
models, their work does not fully exploit the dependencies among sentiments. In this
context, the work carried out by Olubulu et al. [38] proposes an improvement in
considering dependencies among different sentiments.

Another work by Olubolu [35] proposes an improvement for the Bayesian network
model that includes sentiment-dependent penalties for the scoring functions of
Bayesian networks (e.g., K2, Entropy, MDL and BDeu). The authors call this
approach Sentiment Augmented Bayesian Network, which was evaluated and
contrasted with the techniques used in the literature, obtaining competitive results and
in some cases higher than the baseline. The proposed modification also derives the
dependency structure of sentiments using conditional mutual information between
each pair of variables in the data set. In a later work [29] this proposal is continued
evaluating it in another domain (product reviews), here the knowledge contained in
SentiWordNet [47]. The empirical results in the evaluated data sets suggest that this
sentiment-dependent model could improve the classification results in some specific
domains.

In the paper by Ren and Kang [36] a hierarchical approach is proposed for the
modeling of simple and complex emotions in text. While most of the work focuses on
the modeling of simple emotions in each document, the reality is that many



documents are associated with complex human emotions that are a mixture of simple
emotions difficult to model. The hierarchical model is superior to the traditional
machine learning techniques used in the baseline (such as Naive Bayes and Support
Vector Machines) for the task of classifying simple emotions, while for complex
emotions it shows promising results. The analysis of results also indicates that there is
a relationship between the topics of the documents and the emotions contained in
them.

The study of complex emotions is also addressed in the article by Wang et al. [39].
The authors evaluate multilabel sentiment analysis techniques on a set of data
obtained from Chinese weblogs (Ren-CECps). Using the theory of probabilistic
graphical models and Bayesian networks, the latent variables that represent emotions
and topics are used to determine complex emotions from the sentences of weblogs.
The analysis of the experimental results demonstrates the effectiveness of the model
in recognizing the polarity of emotions in this domain.

In the work proposed by Chaturvedi et al. [40], a Bayesian network is used in
conjunction with convolutional networks for the detection of subjectivity, this work is
continued in [41]. The authors introduce a Bayesian Deep Convolutional Neural
Network that has the ability to model higher-order features through several sentences
in a document. One of the differences with other works is that they use Gaussian
Bayesian networks to learn the features that are fed to the convolutional neural
network. Their proposal delivers superior results to those of the different approaches
used in the baseline.

4 Discussion

The tasks in which Bayesian networks are used are also recurrent in articles where
machine learning techniques, such as Naive Bayes and Support Vector Machines, are
used. For this reason, it is expected that the performance of models based on Bayesian
networks are also subject to, at least, some drawbacks that normally arise in
environments where machine learning techniques are used. For example, the problem
of high dimensionality in the domain is identified (e.g., sentiment analysis) and
solutions are proposed, such as the extraction of a reduced vocabulary to perform
classification tasks.

According to the reviewed literature, overfitting of the model poses another
problem, which the reviewed articles solve by pruning the Bayesian network. On the
other hand, the segmentation of the data set and its correct balancing also appears as a
challenge, whose solution reports positive or negative variations depending on the
specific domain in which Bayesian networks are applied.

Furthermore, another recurrent and relevant topic is sentiment analysis carried out
on complex emotions; among these articles, the work of Chaturvedi et al. [40, 41]
which approaches the problem through ensemble learning relying on the main
technique of Bayesian networks and convolutional neural networks (CNN).

The applications proposed in the articles together with their respective scopes are
varied, ranging from the use of simple Bayesian networks as direct classifiers to the
incorporation of this model with other more complex deep learning ones [48]. Such



versatility provides a perspective that is taken into account in the research project,
since the range of application possibilities of Bayesian networks in sentiment analysis
not only is broad but also is presented as a still extensible field.

One of the challenges of sentiment analysis is correctly addressing how context
affects the semantic orientation of the words [11]. In this context, it should be noted
that the approaches previously discussed do not directly address this challenge, but
rather focus on either classification or feature extraction. Those centered on
classification could benefit from using an adequate representation that addresses this
issue, while those that are centered on feature extraction could possibly be modified
to partially address this issue, through the addition of contextual information into the
extracted features.”

In the context of the project addressed, one of the work dimensions consists of the
development of an encoding of the texts to obtain an adequate representation. In
particular, the construction of a highly discriminating features space for the text is
sought with the purpose of determining the emotions present in it (i.e., a sentiment
analysis task). Following this line of work, the development of classifiers that have
more than one output (multidimensional [49] or multilabel [50, 51] as appropriate)
has been considered to obtain the different emotions of the text. To achieve this, the
line of work of multidimensional Bayesian classifiers is considered, these methods
based on graphical models allow to support the multidimensional classification by
storing expert knowledge in its structure. The literature review indicates that Bayesian
networks have been used with varying levels of success, but that there are still several
challenges regarding their application [52-54].

In particular, with regards to the objective of finding an adequate representation of
text for the task of determining emotion, the works by Chen et al. [43], Ortigosa et al.
[33] and Chaturvedi et al. [40] are the most interesting in the context of this project.
The first work due to its focus on feature extraction using fewer prediction variables,
the second article because of its focus on multidimensional sentiment analysis, which
is well-aligned with the objectives of the project, and finally the third paper because
of its use of deep learning in order to model higher-order features, which could be
useful in our search of an adequate representation.

5 Conclusions

In this work, a literature review on the application of Bayesian networks in the field
of sentiment analysis has been conducted. In this context, the work’s objectives are
considered accomplished. It should be noted again that the applications of Bayesian
networks are varied, although the main ones are as a classification method or as a
support tool, by extracting features and relationships between variables. As part of
future work, we seek to develop text representation techniques based on the concepts
shown above. As mentioned above, sentiment analysis, and in particular the modeling
of emotions, has a wide range of applications, so that an adequate representation
could benefit them. In addition, subsequent studies can be conducted to find models,
additional to CNN, that can be assembled with Bayesian networks in such a way that
classification performance improves maintaining a favorable trade-off.



Acknowledgments. Research partially funded by the National Commission of
Scientific and Technological Research (CONICYT) and the Ministry of Education of
the Government of Chile. Project REDI170607: “Multidimensional Bayesian
classifiers for the interpretation of text and video emotions”.

References

—

. Tumasjan, A., Sprenger, T.O., Sandner, P.G., Welpe, [.M.: Predicting elections with twitter:
What 140 characters reveal about political sentiment. Icwsm 10(1) (2010) 178—185

2. Li, Y.M,, Li, T.Y.: Deriving market intelligence from microblogs. Decision Support Systems
55(1) (2013) 206217

3. Ren, F., Quan, C.: Linguistic-based emotion analysis and recognition for measuring
consumer satisfaction: an application of affective computing. Information Technology and
Management 13(4) (2012) 321-332

4. Nagamma, P., Pruthvi, H., Nisha, K., Shwetha, N.: An improved sentiment analysis of online
movie reviews based on clustering for box-office prediction. In: Computing,
Communication & Automation (ICCCA), 2015 International Conference on, IEEE (2015)
933-937

5. Liu, B.: Web data mining: exploring hyperlinks, contents, and usage data. Springer Science
& Business Media (2011)

6. Ravi, K., Ravi, V.: A survey on opinion mining and sentiment analysis: Tasks, approaches
and applications. Knowledge-Based Systems 89 (2015) 14-46

7. Akter, S., Wamba, S.F.: Big data analytics in E-commerce: a systematic review and agenda
for future research. Electronic Markets 26(2) (2016) 173—-194

8. Alaei, A.R., Becken, S., Stantic, B.: Sentiment Analysis in Tourism: Capitalizing on Big
Data. Journal of Travel Research (2017) 0047287517747753

9. Sehgal, D., Agarwal, A.K.: Real-time Sentiment Analysis of Big Data Applications Using
Twitter Data with Hadoop Framework. In: Soft Computing: Theories and Applications.
Springer (2018) 765-772

10. Cambria, E., Das, D., Bandyopadhyay, S., Feraco, A.: A practical guide to sentiment
analysis. Volume 5. Springer (2017)

11. Liu, B.: Sentiment analysis and opinion mining. Synthesis lectures on human language
technologies 5(1) (2012) 1-167

12. Grosan, C., Abraham, A.: Intelligent systems. Springer (2011)

13. Mononen, T., Myllyma'ki, P.: Fast NML computation for naive Bayes models. In:
International Conference on Discovery Science, Springer (2007) 151-160

14. Kass, R.E., Raftery, A.E.: Bayes factors. Journal of the American statistical association
90(430) (1995) 773-795

15. Jensen, F.V.: An introduction to Bayesian networks. Volume 210. UCL press London
(1996)

16. Heckerman, D., Geiger, D., Chickering, D.M.: Learning Bayesian networks: The
combination of knowledge and statistical data. Machine learning 20(3) (1995) 197-243

17. Bernardo, J.M., Smith, A.F.: Bayesian theory (2001)

18. Cooper, G.F., Herskovits, E.: A Bayesian method for the induction of probabilistic
networks from data. Machine learning 9(4) (1992) 309-347

19. John, G.H., Langley, P.: Estimating continuous distributions in Bayesian classifiers. In:

Proceedings of the Eleventh Conference on Uncertainty in artificial intelligence, Morgan

Kaufmann Publishers Inc. (1995) 338-345



20. Driver, E., Morrell, D.: Implementation of continuous Bayesian networks using sums of
weighted Gaussians. In: Proceedings of the Eleventh Conference on Uncertainty in artificial
intelligence, Morgan Kaufmann Publishers Inc. (1995) 134-140

21. Friedman, N., Goldszmidt, M., et al.: Discretizing continuous attributes while learning
Bayesian networks. In: ICML. (1996) 157-165

22. Ding, J.: Probabilistic inferences in Bayesian networks. arXiv preprint arXiv:1011.0935
(2010)

23. Wellman, M.P., Henrion, M.: Explaining’explaining away’. IEEE Transactions on Pattern
Analysis and Machine Intelligence 15(3) (1993) 287-292

24. Zhi-Qiang, L.: Causation, Bayesian networks, and cognitive maps. Acta Automatica Sinica
27(4) (2001) 552—66

25. Milho, I., Fred, A., Albano, J., Baptista, N., Sena, P.: An Auxiliary system for medical
diagnosis based on Bayesian belief networks. In: Proc. 11th Portuguese Conference on
Pattern Recognition RECPAD. (2000)

26. Mori, J., Mahalec, V.: Inference in hybrid Bayesian networks with large discrete and
continuous domains. Expert Systems with Applications 49 (2016) 1-19

27. Cooper, G.F.: The computational complexity of probabilistic inference using Bayesian
belief networks. Artificial intelligence 42(2-3) (1990) 393405

28. Heckerman, D.: A tutorial on learning with Bayesian networks. In: Learning in graphical
models. Springer (1998) 301-354

29. Orimaye, S.O., Pang, Z.Y., Setiawan, A.M.P.: Learning sentiment dependent Bayesian
Network classifier for online product reviews. Informatica 40(2) (2016) 225

30. Cheng, J., Greiner, R.: Comparing Bayesian network classifiers. In: Proceedings of the
Fifteenth Conference on Uncertainty in artificial intelligence, Morgan Kaufmann Publishers
Inc. (1999) 101-108

31. Airoldi, E., Bai, X., Padman, R.: Markov blankets and meta-heuristics search: Sentiment
extraction from unstructured texts. In: International Workshop on Knowledge Discovery on
the Web, Springer (2004) 167-187

32. Bai, X.: Predicting consumer sentiments from online text. Decision Support Systems 50(4)
(2011) 732-742

33. Ortigosa-Hernandez, J., Rodriguez, J.D., Alzate, L., Lucania, M., Inza, 1., Lozano, J.A.:
Approaching Sentiment Analysis by using semi-supervised learning of multi-dimensional
classifiers. Neurocomputing 92 (2012) 98—115

34. Lane, P.C., Clarke, D., Hender, P.: On developing robust models for favourability analysis:
Model choice, feature sets and imbalanced data. Decision Support Systems 53(4) (2012)
712-718

35. Orimaye, S.O.: Sentiment Augmented Bayesian Network. Data Mining and Analytics 2013
(AusDM’13) (2013) 89

36. Ren, F., Kang, X.: Employing hierarchical Bayesian networks in simple and complex
emotion topic analysis. Computer Speech & Language 27(4) (2013) 943-968

37. Wan, Y., Gao, Q.: An ensemble sentiment classification system of Twitter data for airline
services analysis. In: Data Mining Workshop (ICDMW), 2015 IEEE International
Conference on, IEEE (2015) 1318-1325

38. Orimaye, S.O., Pang, Z.Y., Setiawan, A.M.P.: Towards a Sentiment Dependent Bayesian
Network Classifier for Online Product Reviews. (2016)

39. Wang, L., Ren, F., Miao, D.: Multi-label emotion recognition of weblog sentence based on
Bayesian networks. IEEJ Transactions on Electrical and Electronic Engineering 11(2)
(2016) 178-184

40. Chaturvedi, 1., Cambria, E., Poria, S., Bajpai, R.: Bayesian Deep Convolution Belief
Networks for Subjectivity Detection. In: Data Mining Workshops (ICDMW), 2016 IEEE
16th International Conference on, IEEE (2016) 916-923



41. Chaturvedi, I., Ong, Y.S., Tsang, .LW., Welsch, R.E., Cambria, E.: Learning word
dependencies in text by means of a deep recurrent belief network. Knowledge-Based
Systems 108 (2016) 144154

42. Al-Smadi, M., Al-Ayyoub, M., Jararweh, Y., Qawasmeh, O.: Enhancing Aspect-Based
Sentiment Analysis of Arabic Hotels’ reviews using morphological, syntactic and semantic
features. Information Processing & Management (2018)

43. Chen, W., Zong, L., Huang, W., Ou, G., Wang, Y., Yang, D.: An empirical study of
massively parallel Bayesian networks learning for sentiment extraction from unstructured
text. In: Asia-Pacific Web Conference, Springer (2011) 424-435

44. Van Der Gaag, L.C., De Waal, P.R.: Multi-dimensional Bayesian network classifiers (2006)

45. Bielza, C., Li, G., Larranaga, P.: Multi-dimensional classification with Bayesian networks.
International Journal of Approximate Reasoning 52(6) (2011) 705-727

46. Glover, F., Laguna, M.: Tabu Search. In: Handbook of combinatorial optimization.
Springer (2013) 3261-3362

47. Baccianella, S., Esuli, A., Sebastiani, F.: SentiWordNet 3.0: An Enhanced Lexical Resource
for Sentiment Analysis and Opinion Mining. In: LREC. Volume 10. (2010) 2200-2204

48. Wang, H., Yeung, D.Y.: Towards Bayesian deep learning: A survey. arXiv preprint
arXiv:1604.01662 (2016)

49. Zaragoza, J.H., Sucar, L.E., Morales, E.F., Bielza, C., Larranaga, P.: Bayesian chain
classifiers for multidimensional classification. In: IJCAI Volume 11. (2011) 2192-2197

50. Tsoumakas, G., Katakis, I.: Multi-label classification: An overview. International Journal of
Data Warehousing and Mining (IJDWM) 3(3) (2007) 1-13

51. Sucar, L.E., Bielza, C., Morales, E.F., Hernandez-Leal, P., Zaragoza, J.H., Larran™aga, P.:
Multi-label classification with Bayesian network-based chain classifiers. Pattern
Recognition Letters 41 (2014) 14-22

52. Drury, B., Valverde-Rebaza, J., Moura, M.F., de Andrade Lopes, A.: A survey of the
applications of Bayesian networks in agriculture. Engineering Applications of Artificial
Intelligence 65 (2017) 2942

53. Weber, P., Medina-Oliva, G., Simon, C., Iung, B.: Overview on Bayesian networks
applications for dependability, risk analysis and maintenance areas. Engineering
Applications of Artificial Intelligence 25(4) (2012) 671-682

54. Wiegerinck, W., Burgers, W., Kappen, B.: Bayesian Networks, Introduction and Practical
Applications. In: Handbook on Neural Information Processing. Springer (2013) 401-431



