Probabilistic Reasoning with Naive Bayes and Bayesi  an
Networks

Zdravko Markov, Ingrid Russell
July, 2007

Overview

Bayesian (also called Belief) Networks (BN) are a powekhdwledge representation
and reasoning mechanism. BN represent events and causal relatidetivigsn them as
conditional probabilities involving random variables. Given the values afbaes of
these variables (evidence variables) BN can compute the proleabdftianother subset
of variables (query variables). BN can be created automati¢lbarnt) by using
statistical data (examples). The well-known Machine Learalggrithm, Naive Bayes is
actually a special case of a Bayesian Network.

The project allows students to experiment with and use the NayesBalgorithm and
Bayesian Networks to solve practical problems. This includesctioiedata from real
domains (e.g. web pages), converting these data into proper forrttatsmnditional
probabilities can be computed, and using Bayesian Networks and the Bayes
algorithm for computing probabilities and solving classification tasks.

Objectives

The aim of this project is to expose students to two importasbméeg and learning
algorithms — Naive Bayes and Bayesian Networks, and to explareetlagionship in the
context of solving practical classification problems. In partigulae objectives of the
project are:

Learning the basics of Bayesian approach to Machine Learninthari8ayesian
Networks approach to Probabilistic Reasoning in Al.

Gaining experience in using recent software applications in these arsabsiog

practical problems.

Better understanding of fundamental concepts of Bayesian Leaisuiag
Probabilistic Reasoning and their relationship in the more generaéxt of

knowledge representation and reasoning mechanisms in Al.

Project Description
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Similarly to the Web document classification project
(http://luhaweb.hartford.edu/compsci/ccli/wdc.htm) this project alsdhtae main steps:
Data collection, Data preparation, and Machine Learning. TeetWwo steps of the two
projects are basically the same. In fact, documents and daia ¥étka’'s ARFF format
prepared for the former project can also be used for the Bayesasoning project.
Hereafter we shall describe these steps again, becausatbeseme differences in the
software tools used which make the first two steps of the cupsrject more
straightforward. The basic difference is in the third step, Wwhicludes Bayesian
classification with experiments with Bayesian networks.

Data Collection

Generally the data collection step in Machine Learning involvatheging cases,
examples, or instances of objects from different types or masg(classes), so that at
the ML step a model of these data is created that can beusaerto identify groups or
similarities in data (in unsupervised learning) or predict tlassclof new objects (in
supervised learning). Although any other objects may be used for thesps of this
project we suggest that web or text documents are collectedarBae of text/web
document classification has been used in other ML projects and studbot have
worked on these projects have already gained some experience amethi Results from
other projects may be compared to the results from Bayesiarirlg which would show
the advantages and drawbacks of different algorithms applied to tleedsam And last
but not least, text documents can be easily collected from the Miedp&ith their class
labels (topics or user preferences). This issue was discusskedaihin other two ML
projects related to the Web - Web document classification
(http://luhaweb.hartford.edu/compsci/ccli/wdc.htm) and Web user  profiling
(http://luhaweb.hartford.edu/compsci/ccli/wup.htm).

To illustrate the process of data collection we use a smalbptre Web, a set of pages
describing the departments in the school of Arts and ScienceS&it).CEach of these
pages is a short textual description of the department. Figunevissa directory page
that includes links to the department pages. One of the depanages is shown in
Figure 2.

As we are going to classify these and also new documentsaitggocies at this point we
have to determine a class label for each department page. Bhete dan be given
independently from the document content however as the classificalidre wased on

the document content some semantic mapping between content and classbshould
established. For this purpose we can roughly split the departnmtatémo groups —
sciences (class label A) and humanities (class label BpleTL shows these two groups
(the department names are abbreviated).

Documents Class (A — sciences, B — humanities)

Anthropology, Biology, Chemistry, ComputerA
Economics, Geography, Math, Physics,




Political, Psychology, Sociology

Justice, Languages, Music, PhilosophB,
Communication, English, Art, History, Theatfe

Table 1. Documents groped by classes
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Figure 1. A directory page for a collection of web documents.
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Figure 2. A sample web document

Finally, the web documents are converted into plain text files. ddweis to take off the
HTML tags and leave the text only (although the HTML structc@e carry some
semantics associated with the document class we ignore mpifgithe processing and
document representation). The conversion to text can be done is varigsisnamaually
or using some tools. For small number of documents we suggest bsingtérnet
Explorer, which allows the currently loaded HTML document to bedsawth the “Save
As...” option with “Save as type: Text File (*.txt)".

The deliverable for the data collection step is a set of plain text filesupged into
categories. As an illustration we suggest that students lookhatcollection of text files
describing the A&S departments available from the data neppsi at

http://www.cs.ccsu.edu/~markov/dmwdata, Zgdder “CCSU departments”.

Data Preparation

Now we are going to convert the text documents into data sets in Weka's AR form
be later used in the Machine Learning phase. With this conversiowilvactually
illustrate the basic concepts of théector Space document modelhat plays an
important role innformation Retrieval andWeb Search We suggest that students read
Chapter 1 of book [2] (available féree download from Wileybefore continuing with
the steps described below:

1. Download and install the Weka data mining system(version Weka 3.4)
(http://www.cs.waikato.ac.nz/~ml/weRa/Read the documentation and try some




examples to familiarize yourself with its use (e.g. load aqmdoee the weather data,
provided with the installation).

. Create a string data file in ARFF format (see the description of the ARFF format
at http://www.cs.waikato.ac.nz/~ml/weka/arff.ntml). Follow the directioglsw:

First create a@oncatenation of all text documentgtext corpus) obtained from the
data collection step and save them in a single text fileyreveach document is
represented on a separate line in plain text format. For exatinglean be done by
loading all text files in MS Word and then saving the file irirptaxt format without
line breaks. Other editors may be used for this purpose too. Studéhts w
programming experience may want to write a program to automate this step.

Once the file with the text corpus is created enclose eaehiti it (an individual
document content) in quotation marks (“) and add dleeument namein the
beginning of the line and thdocument classat the end, all separated by commas.
Also adda file headerin the beginning of the file followed by @data as shown
below:

@relation departments_string

@attribute document_name string
@attribute document_content string
@attribute document_class string

@data

Anthropology, " anthropology anthropology anthropology consists ...", A

This representation uses three attributes — document_name, document_emaktent,
document_class, all of type string. Each row in the data sectfter (@data)
represents one of the initial text documents. Note that the numatribfites and the
order in which they are listed in the header should correspond to the comméesepara
items in the data section. An example of such string data diléDepartments-
string.arff”, available from the data repository at
http://www.cs.ccsu.edu/~markov/dmwdata,Zgider “Weka data”.

. Create Term counts, Boolean, and TFIDF data setd oad the string data file in
Weka using the “Open file” button in “Preprocess” mode. After sstoketoading

the system shows some statistics about the number of attriByutbeif type (string)
and the number of instances (rows in the data section or documents).

Choose thé&tringToNominal filter and apply it (one at a time) to the first attribute,
document_name and then to the last attribute (index 3), document_¢tlesschbose
the StringToWordVector filter and apply it with outputWordCounts=true. You may



also change the setting of onlyAlphabeticTokens and useStoplistetticse the
results change. As Weka moves the class attribute at the seaged mpbve it back
last by using th€opy filter and theRemovebutton. The result of all these steps is a
Weka data set that uses a term count representation for the adbsuAreexample of
this data set is the file “Departments-counts.arff’, availétdm the data repository
at http://www.cs.ccsu.edu/~markov/dmwdata, Zgdder “Weka data”.

Now we have alocument-term matrix loaded in Weka. Press the “Edit” button to
see it in a tabular format, where you can also change its camteopy it to other
applications (e.g. MS Excel). Once created in Weka the tablebeastored in an
ARFF file through the “Save” option. Below is a screenshot of & phrthe
document-term table for the CCSU A@S departments.

Felstion: departments_string-weka fiters unsupervised sttribute Remove-R3-weka fiters unsupervised attribute Stri.
Mo, | docurmernt_natne | anthropology | applied | archasology | attend ba background | behavioral
Mominal Mumeric Humeric Mumeric Mumeric | Mumeric Mumeric Mumeric
1 Arthropology 9.0 1.0 20 1.0 1.0 1.0 1.0
2 Art 0.0 0.0 0.0 0.0 1.0 0.0 0.0
3 Eiclogy 0.0 0.0 0.0 0.0 0.0 0.0 0.0
4 Chemistry 0.0 0.0 0.0 0.0 0.0 0.0 0.0
=l Communication 0.0 0.0 0.0 0.0 1.0 0.0 0.0
15 Computer 0.0 0.0 0.0 0.0 0.0 0.0 0.0
I? Justice 0.0 0.0 0.0 0.0 1.0 0.0 0.0
I= Economics 0.0 0.0 0.0 0.0 1.0 0.0 0.0
9 English 0.0 1.0 0.0 0.0 1.0 0.0 0.0
10 |Geography 0.0 0.0 0.0 0.0 1.0 0.0 0.0
11 |History 0.0 0.0 0.0 0.0 1.0 0.0 0.0
12 |Math 0.0 0.0 0.0 0.0 20 0.0 0.0
13 [Languages 0.0 0.0 oo oo 20 oo oo
14 |Music 0.0 0.0 0.0 0.0 20 0.0 0.0
15 |Philozaphy 0.0 1.0 0.0 0.0 1.0 0.0 0.0
16 |Physics 0.0 1.0 0.0 0.0 0.0 0.0 0.0
17 |Palitical 0.0 1.0 0.0 0.0 20 0.0 0.0
15 |Psychology 0.0 0.0 0.0 0.0 20 0.0 0.0
19 |Sociology 0.0 0.0 0.0 0.0 1.0 0.0 0.0
20 |Theatre 0.0 0.0 0.0 0.0 20 0.0 0.0
< >

Weka can also show some interesting statistics about the atiblihe class
distribution over the values of each attribute (including the documerg)narshown
at the bottom of the Selected attribute area. With Visualizev@lcan see the class
distribution in all attributes. If we change the class to documemte wee can see the
distribution of terms over documents as bar diagrams. The screen&hotsbews
some of these diagrams.
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Examine the diagrams (the color indicates the document) and finddkespecific
terms for each document. For example, compare the diagrams lofofaoibgy” and
“chair” and explain the difference. Which one is more represeatand for which
document?

Similarly we can create the boolean and TFIDF representatiaheodocument
collection. Examples of these representations are provided in ¢keDidpartments-
binary.arff and Departments-TFIDF.arff, available from the dedpository at
http://www.cs.ccsu.edu/~markov/dmwdata,zigolder “Weka data”. Read the
comment in the beginning of each file that explains the steps taken to create it.

To obtain the boolean representation apply the NumericToBinary tilténe term
count representation. See what changes in the diagrams. For tHeF TFI
representation, use the original string representation and apply the
StringToWordVector filter with IDFTransform=true. Examine the wloent-term
table and the bar diagrams and explain why some columns (e.g.” “cmair
“website”) are filled with only zeros.

The deliverable for the data preparation step is the three data files — Booleam T

count, and TFIDF, as well as some statistics (tables and oligpend analysis of the
attributes and class distributions (see the questions above).

Bayesian Classification and Reasoning



At this step we use Naive Bayes and Bayesian networks for text documesificel@sn

and further look into the underlying mechanisms of Bayesian reasoning. Howewer bef
applying these algorithms we have to reduce the number of attributes in our slata set
through feature selection. This will have two positive effects to our experinfénstsy,

it will improve the classification accuracy and secondly, it will sinypdihd make

possible the visual inspection and evaluation of the Bayesian network model, which
otherwise would involve thousands of variables.

Feature selection

In the area of text document classification the number of attributes is uswahy/higher
than the number of documents. This poses a problem for many learning algorithms,
further aggravated by the presence of too many 0’s in the document-term matrix. An
obvious solution to this problem is to select a subset of words (terms) that besénepr
the document collection with respect to the classification task. This progesseislly
calledfeature (attribute) selectionand is aimed at removing the irrelevant to the
classification task attributes. There is an interesting experimdmnwéhdiscuss hereafter.
It investigates the relationship between the number of attributes, theanmetéeand the
accuracy of classification.

Attributes may be ranked by relevance using various algorithms. Wekagsaigood
number of algorithms for this purpose available through the Attribute Selecter(thie

same algorithms can be used in Select attribute mode). We are not going intaitee det

of these algorithms, but interested students may read Section “FeatursSeiect

Chapter 5 of book [2]. To illustrate this process let’'s apply InfoGainAttributeBvair
Boolean data set, Departments-binary.arff. Weka now shows the attribute$f@meanti

order, starting with document_name, research, science etc. Note that document_na
appears to be the most relevant attribute, which is obvious as it distinguishes uniquely
every single document. However this attribute cannot be used to classify new decument
as they will have different names (or IDs). That is why in most cases ivbemes to
generating a classification model we remove the ID attribute. Noev,dding so let us

look at the document-term table (press on Edit button in Preprocess). There is an obvious
difference with the same table showing the attributes in alphabetical-otigde number

of 0’s in the leftmost columns is far less. It's interesting to look at the rggttoolumns

too — there are columns with all 1's (e.g. chair, phone, website) and such with @lmost
0’s. These are obviously irrelevant attributes (explain why).

The next step is to run the Naive Bayes algorithm on the current data (withdordere
attributes). We will repeat this with different number of attributes ssdeicom the

beginning of the list. Let's try 1, 2, 3, 5, 10, 20, 30, 50, 100, 200, 300, 400, 500, 600 and
then record the classification accuracy with 10-fold cross validation (the tkefstul

option). Note that we don’t count the class attribute, which is actually used in tlesgproc
of attribute ranking. The results from this experiment are shown in the grapi (bled
markers on the curves indicate the data points 1, 2, 3, 5 etc.).
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With one attribute (research) the algorithm performs relatively (86%0 accuracy) and
with 2 and 3 it achieves 100% accuracy. Adding more attributes generakasesithe
accuracy as they become less relevant. We also see some fluctuatioiadlespdice
right end of the curve, which may be a result of inconsistency between the attribut
selection method and the attribute relevance with respect to the Naive Bayes
classification method. The effect of adding irrelevant attribute cangdaiesd generally
with the fact that ammportant assumption for using the Naive Bayes algorithm is
violated. It is that all attributes should have $aene relevancevith respect to the
classification task. The reason for making this assumption can be found in theiway Na
Bayes computes the class likelihoods — they are simply products of the conditional
probabilities of all attribute values given the class value.

The results of the above series of experiment show some optimal intervaks fomiber

of attributes needed to achieve maximum accuracy. These are [2, 3] and [20, 30].
Generally these results depend on two factors — the choice of data repi@sanththe
attribute selection method used. Addiverable for this step we suggest that students
create similar graphs with the other two data sets — Term counts and TFIDF, amskalso
different attribute selection algorithms to see how these two factocssatife

performance of Naive Bayes and consequently determine the optimal nuntbérga
actual subset) of attributes. The Subset evaluator may also be used to seekhomilMWe
find the optimal subset of attributes with different data sets.

Bayesian learning and classification

At this step we use the data set with 5 attributes withhwNigive Bayes achieved 90%
accuracy in the experiments described in the previous sectionwgilsok closely into
the classification model built by Naive Bayes and then investigatv the Bayesian
network extends it and thus improves the classification accuracy.



Running Naive Bayes with 10-fold cross validation produces the folloautgut (some
parts of it are skipped for brevity):

=== Run information ===

Scheme: weka.classifiers.bayes.NaiveBayes
Instances: 20
Attributes: 6
research
science
concentrations
ba
social
document_class
Test mode: 10-fold cross-validation

=== Classifier model (full training set) ===

Class A: Prior probability = 0.55

research: Discrete Estimator. Counts = 49 (Tota [=13)
science: Discrete Estimator. Counts = 58 (Total =13)
concentrations: Discrete Estimator. Counts = 8 5 (Total = 13)
ba: Discrete Estimator. Counts = 58 (Total =13

social: Discrete Estimator. Counts = 8 5 (Total =13)

Class B: Prior probability = 0.45

research: Discrete Estimator. Counts = 10 1 (Tot al =11)
science: Discrete Estimator. Counts = 10 1 (Tota I=11)
concentrations: Discrete Estimator. Counts = 10 1 (Total =11)
ba: Discrete Estimator. Counts = 1 10 (Total =1 1)

social: Discrete Estimator. Counts = 101 (Total =11)

=== Stratified cross-validation ===
Correctly Classified Instances 18 0 %
=== Confusion Matrix ===

ab <--classified as
92|a=A
09|b=B

Looking at this output two important observations can be made. Firsttridutes have

only one of its values occurring in class B. This is indicatedhkyfact that one of the
counts is always 1, which means that the actual count is 0 (accacdihg Laplace

estimator used by the algorithm the actual value count is inatech®y 1). Second, the
confusion matrix indicates that all documents from actual @am® always classified as
B, while two documents from class A are wrongly classifie@.a®bviously the second
observation is a result of the first one (explain why). A loothatclass distribution over
the attribute values produced by the Visualize All option in Prepsog®de (see below)
confirms this conclusion.
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For example, all documents with research=1 (the right bar)nfallass A (blue color),
which means that no documents with research=1 fall in classoBseQuently the
conditional probability P(research=1|B) = 0. In fact, the Lapks&t@mator is used to
avoid zero probabilities like this, because they make the whole praduztand thus
ignore the contribution of other attributes. At the same time howteeconditional

probability P(research=0|B) will be almost 1 (not exactly tabse of the Laplace
correction). Thus a document with research=0, science=0, concentéatioa=1, and
social=0 will be clearly classified in class B, because tipeoduct

P(research=0|B)P(science=0|B)P(concentration=0|B)P(b&(s{&)jal=0|B) will be

much higher that the corresponding product for class A. This can bdrsdee Weka

output if we look at the probability distribution in the predictions (afteecking “Output

predictions” in “More options...”):

1z 16

11

=== Predictions on test data ===

inst#, actual, predicted, error, probability di stribution
LA LA *0.981 0.019

LA LA *0.66 0.34

LA 1A *0.809 0.191

2:B 2:B 0.05 *0.95

LA 1A *0.809 0.191

NFENFEPNEFEDNPR

2:B 2:B 0.05 *0.95
1:A 1:A *0.985 0.015
2B 2B 0.061 *0.939



1:A 2B+ 0.451*0.549
2B 2B 0.044 *0.956
1:A 2B + 0.35 *0.65

2:B 2:B 0.041 *0.959
1:A 1:A *0.997 0.003
2B 2B 0.069 *0.931
1:A 1:A *0.735 0.265
2:B 2:B 0.047 *0.953
1:A 1:A *0.997 0.003
2B 2B 0.069 *0.931
1:A 1:A *0.956 0.044
2B 2B 0.056 *0.944

NFEFNFEPNEFENEFENRFERDNPRE

For all documents from actual class B, the class distribution decisivelgisretiiss B.

The predictions also show that the two errors (marked with +) hapetual class A. If
we want to know exactly which two documents are wrongly classified weaokyat the
visualization of the classifier errors (right click in the result list).

Weka Classifier Visualize: 01:36:02 - bayes.MaiveBayes (departments_binary-... |Z||E|[z|
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Clicking on the two squares in the plot reveals these two documents:



Now, let us apply the Bayesian network classifier to this skttalt’'s available in group
Bayes under the name BayesNet. Running it with the default pegasetting and 10-
fold cross validation produces 95% accuracy. Now let us look at dlokelravailable in
text from the classifier output window.

Network structure (nodes followed by parents)
research(2): document_class

science(2): document_class
concentrations(2): document_class

ba(2): document_class

social(2): document_class
document_class(2):

The graphical representation of this model can be seen too throsigdli¥®e graph (right
click in the result list).



Note that this structure of the network makes this model equivimdhte Naive Bayes
classifier. That is, we have the class variable at the rabtamly prior probabilities and
conditional probability tables at the leaves as shown below.

So, why does this model achieve a slightly higher accuracy ®3¥%g answer is in the
way probabilities are estimated. The default setting (Singpie&tor -- -A 0.5) defines
an initial value for the frequency count as 0.5 (see the explanatiord@davy the More
button). This is different from Laplace used by Naive Bayes, whermitial count is set
to 1. This estimator is also applied to the prior probability catmr of the document
class (see the difference from the Naive Bayes output, where P(A)=0.55 and.P5R
When we set alpha=1 and run BayesNet again — the accuracy is backnabi¥% case
BayesNet works exactly the same as NaiveBayes.

Other estimators may be also used. For example, with the BiiAdisr the accuracy
drops to 85% (see the structure of the error shown by the confusitsix)nand with
MultiNomialBMAEstimator it is even worse (55%). The latstimator actually assumes

a different distribution and thus makes this algorithm equivalent to
NaiveBayesMultinomial (NaiveBayes uses Normal or Discrete disiitut

Let us now investigate how changes in the network structureaffest the classification
results. With the default setting BayesNet creates a simgilgork structure equivalent
to the one used by Naive Bayes (all attributes are leaveshanclass is their single
parent). We may change this by dropping the restriction that rsbdesd have no more
than one parent (maxNrOfParents=1). So, let us use maxNrOffeihis will allow
the BayesNet algorithm to create a more general networkthgtinclude dependency
arcs between non-class variables. This is a conceptual diféetsztoveen the Naive
Bayes and the Bayesian Network approaches. In fact, this vidhetdsasic assumption
used by Naive Bayes that the attributesssagistically independent(this is the reason to
call the algorithm “naive” as this assumption is usually noteorteis real data). Running
BayesNet with the new setting (still with the Laplaceneator, alpha=1) produces a
slightly better accuracy of 95%. Let us take a look at tihwar& structure obtained with
this setting.



We see now dependencies among the “independent” attributes. sudtasmene of these
attributes have two parents and their conditional probability tddales four rows listing
all possible combinations of the values of the parent variablesxkompde, the table for
science is the following:

The dependency arcs are created by using a Bayesian Neaaanky algorithm while
classification is based on a simple Bayesian network inferambeh computes the
probability for each class value given the distribution represenyethd Bayesian
network (all variables except the class one are known). Detaolgt ahis algorithm as
well as a complete documentation for its use through Weka aiatde from [5]. We
recommend that students read this article before or while runhmgexperiments
described in this section.



The network structure learnt from data shows that the attsibare in fact dependent.
The fact that we got an improvement in accuracy (given the pasbability estimation
method) means that the Baesian Network inference makes use depl@sdency and
thus outperforms Naive Bayes on the classification task. Ther leannot handle
dependent attributes and therefore needs the attribute independence assumption.

The last step of using Weka in this experiment is for savin@#yesian network models

on files to that they can be used by another Bayesian Netiwol.. For this purpose
Weka supports the so called B(Bayesian Interchange Format) file format, a XML-
based format used to represent Bayesian Networks (see
http://www.cs.cmu.edu/afs/cs/user/fgcozman/www/Research/Integekarmay.

Once a Bayesian model has been created it can be saved ds BIXKe by using the
Save Graph button in Weka’'s Graph Visualizer. Akeliverable for this step we suggest
that students create two files — one with the Naive Bayedheesimple structure with
the class node as a parent of all attribute nodes, created awitir@fParents=1) and the
other one with the more general Bayesian net with dependenclyetvesen independent
attributes (created with maxNrOfParents=2). In addition the gewtral network can be
created without wusing Niave Bayes as an initial network structure
(initAsNaivebayes=false) and by allowing more than 2 parent notks,
maxNrOfParents=100).

Bayesian Network reasoning

In Weka we can learn Bayesian networks and use them forificktssn. At the
classification step we are given an example (e.g. a documightunknown class value.
That is, we know the values of all variables (observations) exbeptlass and the
network inference mechanism computes the distribution at the robaes (unobserved
variable) thus determining the predicted class value of this examplanfibrtant to note
that Bayesian networks also provide other types of inference whaghbe useful for
classification as well as for other types of reasoning.llTistiate this we shall examine
our networks created with Weka by using a more general Baysbmohk tool. There
are many such tools (see for example, a directory page at
http://www.cs.ubc.ca/~murphyk/Bayes/bnsoft.htntdut for the purposes of this project
we recommend usindgavaBayes It's a Bayesian Network package written in Java,
available fromhttp://www.cs.cmu.edu/~javabaye3he reason we are using it is that it
also supports the XML BlFormat that we used to save our networks created with Weka.

At this point students have to install JavaBayes and familidreaagelves with its use by
running some simple examples (provided with the package). Then theréksd with
Weka have to be loaded in JavaBayes. Note that the XML EB§ flibm Weka have first
to be manually edited to fix a small inconsistency in the ditenhits supported by the two
packages. As the value identifier in JavaBayes should begin wettea We have to
replace the 0 and 1 in the Boolean data with, say vO and v1. This easilyedone if we
save the file from Weka in CSV format, replace the valuestéxtaeditor (e.g. Notepad)



and load it back in Weka. Then run BayesNet and save the graphhhitwigsraph
Visualizer in XML BIF format.

After successful loading of the first BIF file created witfeka we see the Bayesian
graph in the JavaBayes editor window. By selecting the Obsenanthblicking on the
nodes we can set observed values for some variables, while withrah@asery we can
see the probability distribution of the values of any variable incthesole window.
Without entering any observations these probabilities are timagstl ones obtained
from the training data. If an observation is set then the pratebithange to 1 for the
observed value or O for all others.

Several types of experiments can be performed with BayesiavoNsteach illustrating
a different type of reasoning.

Classification

Let us enter the observations for document number 8 (Economics) whictvnaagly
classified by Naive Bayes with 10-fold cross validation. A&eaodes become blue and
the console window shows the observations (evidence) as well the pitgbabi
distribution of the class values.

probability ( "research") { //1 variable(s) and 2 values
table
1.0 /I p(vl|evidence)
0.0; /I p(vO | evidence );
}
Posterior distribution:
probability ( "science" ) { //1 variable(s) and 2 values
table
0.0 /I p(vl|evidence)
1.0; // p(vO | evidence );
}
Posterior distribution:
probability ( "concentrations" ) { //1 variable(s) and 2 values
table
0.0 /Ip(vl|evidence)



1.0; // p(vO | evidence );
}

Posterior distribution:
probability ( "ba") {//1 variable(s) and 2 value S
table
1.0 /I p(vl]|evidence)
0.0; /I p(vO | evidence );
}

Posterior distribution:
probability ( "social" ) { //1 variable(s) and 2 v alues
table
0.0 /I p(vl|evidence)
1.0; // p(vO | evidence );
}

Posterior distribution:
probability ( "document_class" ) { //1 variable(s) and 2 values
table
0.5452999095512584 /I p(A | evidence )
0.4547000904487416; /I p(B | evidence );

As P(A | evidence) > P(B | evidence) we can predict clafs fis document, which is
its actual class too. Note that when it misclassified this denatiiNaive Bayes did not
use the whole training set, but only 9/10 of it or 18 instances. Whilealose
probabilities are computed with the whole training set and thus ncoteately reflect
the underlying distributions in data.

Using partial evidence

Another way of using the Bayesian network is by enteringgbavidence. In this way
we can investigate how the class probabilities are affectadsimg different attributes,
and how much each attribute value is relevant to the classficati a particular
instance. This can be done by setting the observation for one vaiabléme and then
checking the class probabilities. The following table shows the results okpesraent:

No research=v] science=v(Q concentrations=v() ba=v1| social=v0
evidence
P(Alevidence) 0.545 0.901 0.337 0.448 0.448 0.448
P(B|evidence) 0.455 0.099 0.663 0.552 0.552 0.552

It is clear that research is the strongest attribute to supfams$ A, all others actually
misclassify instance number 8 (Economics). It's interestinglate these results to the
bar diagrams for the attributes that we see in Weka'’s preggocede. This may suggest
the explanation for these results.

Now let us run the same experiments on the network with dependarxyetiveen
independent attributes (load the second BIF file created with )Mé&aexample, setting
the observation for research=v1 produces the same class distribution (0.901/0.099).




probability ( "research") {//1 variable(s) and 2 values
table
1.0 /I p(vl]evidence)
0.0; /I p(vO | evidence );

}
Posterior distribution:
probability ( "document_class" ) { //1 variable(s) and 2 values
table
0.9013657056145675 /I p(A | evidence )

0.09863429438543249;  // p(B | evidence );

However, the other single attribute observations produce diffei@sd distributions. It's
interesting to find the connection between these changes and ticelpastructure of
the dependency arcs.

Investigating the role of dependency arcs between “independent” variabsé

Experiments can be done with pairs of variables and then resulizamnwith the
Bayesian network with dependency arcs between independent attribotesxample,
when research and science are independent (Naive Bayes) we have

p(A | research=v1, science=v0) = 0.795
p(B | research=v1, science=v0) = 0.205

While if there is a dependency arc from research to science we have

p(A | research=v1, science=v0) = 0.901
p(B | research=v1, science=v0) = 0.099



Comparing the two class distributions shows how the dependency betgeanch and
science affects the classification. Obviously adding a dependarmcyncreases the
likelihood of class A for this particular evidence.

Relationships between non-class variables

Another type of experiment is to look at the relationships betweertlaes attributes.
Let us investigate the relationship between research and sciesttiag $esearch=v1
produces

P(science=v1|evidence)= 0.5
P(science=v0|evidence)= 0.5

While research=v0 produces

P(science=vl|evidence)= 0.296
P(science=v0|evidence)= 0.704

In the original context of text documents these numbers can benrtafollowing way.
If a document contains “research” it's likely that it also corgtdscience”. However it
does not contain “research” we cannot say anything about “sciefmg”sounds quite
feasible for our domain of sciences and humanities.

Further experiments

We suggest the following further experiments:
- Investigate the improvement in accuracy when dependency arcs aré adde

(Bayesian networks) compared to Naive Bayes.
Investigate how adding irrelevant attributes changes thefadasisin accuracy of
the Bayesian network model.
Investigate the difference in the effect of adding observationsdgpendent and
dependent variables with respect to the class distribution. Doefirdation of
the dependency make a difference?
Create more general Bayesian networks by abandoning thetrestta start the
search for the network structure from the Naive Bayes netwedt (
initAsNaivebayes=false) and by allowing more than 2 parent nddse
maxNrOfParents>2). Compare the classification accurachieset more general
networks with that of the simpler ones.
Repeat all experiments with Naive Bayes and Bayesian netwseitkg the term
count and TFIDF data sets. Note that for the term count repatisenthe
multinomial distribution has to be used. Also, when creates the Bayestwork
with numeric data (TFIDF) Weka first applies attribute discretization.

Thedeliverable for this phase is the results of all experiments (with tbgiged data as
well as with new data collected and preprocessed by the studadtsomment of these
results including the answers to the questions and suggested explanations.



Prerequisites and requirements

Students should have basic knowledge of algebra, discrete mathenaatlcs
statistics. Another prerequisite is the data structures courskile Wot necessary,
experience with programming in Java would be helpful as the progest Java-based
packages. These packages are open source and students may waspécifisgarts of

their code to implement stand-alone applications for Bayesian learning or ngasoni

The project is customizable and can accommodate different tgaapproaches and
different implementations depending on the choice of particular preblerbe solved
and tools to be used. The data collection step can be implemented lgnanigl using
some software tools. The learning and reasoning steps use imm@&orentof Naive
Bayes and Bayesian Networks algorithms available from free eparce software
packages. This allows the project to be extended to building stand-gphea@ions
depending on the particular teaching goals and student experience in programming.

The software packages and data sets used in the project are freely evailtdid Web:

1. Weka 3 — Free open source Machine Learning and Data Mining sefiwalava
available fromhttp://www.cs.waikato.ac.nz/~ml/weka/index.html

2. JavaBayes - Bayesian Networks in Java, available from
http://www.cs.cmu.edu/~javabayes/

3. Data sets for document classification accompanying the Batk Mining the Web:
Uncovering Patterns in Web Content, Structure, and U§gp available from
http://www.cs.ccsu.edu/~markov/dmwdata.zip

It is recommended that before starting the project studentsQleapters 13 and 14 of
Russell and Norvig’'s book ([1]), Chapter 1, Chapter 3 (Section “Protyabdsed
clustering”) and Chapter 5 (Section “Naive Bayes Algorithm”) @frlkbv and Larose’s
book ([2]), or Chapter 6 of Mitchell’s book ([3]).

While working on the project students can use Witten and Frank’s booland]
Bouckaert’s documentation [5] to get additional information on how to use the algorithms
for Naive Bayes classification and Bayesian Reasoning.
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