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Appendix A

Machine Learning Algorithms Used in the Research

Appendix A discusses the various machine learning algorithms used in the research
system as well as the results obtained from those algorithms. All the algorithms are
presented in pseudo code format. When constructing the system these algorithms were

converted into the Java [7] programming language.

[

. Multinomial Naive Bayes Algorithm

:TRAINMULTINIMIALNB(C, D)

V « EXTRACTVOCABULARY (D)

N « COUNTDOCS(D)

: foreachc €C

doN. « COUNTDOCSINCLASS(D, c)

AN A

prioydel « NC/ N

text~& CONCATENATETEXTOFALLDOCSINCLASS (D, c)
foreacht €V
doT,, « COUNTTOKENSOFTERM/ (text,,t)

10: foreacht €V

T +1
2T + 1)
12: returnV,prior,condprob

11: do condprob[t][c] «

1: APPLYMUKTINOMIALNB(C,V,prior, condprob, d)
2: W « EXTRACTTOKENSFROMDOC(V,d)
3: foreachc € C

4: do score[c] « log(prior[c])

5: foreacht €W

6 do score[c] += log(condprob[t][c])
7

return arg max.c score|c]
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Figure A.1 - Naive Bayes Multinomial Algorithm

Source: In interdiction to Information Retrieval, Christopher D. Manning and et al

Figure A.2 shows the confusion matrix for a training set of 200 source code files.
CONFUSION MATRIX FOR MULTINOMIAL NAIVE BAYSE CLASSIFIER

#1  #2 #3  #4 #5 #6 #7 #8 #9 #10 Tot: Suc: %

## 9 0 o0 O0 0 0 0 0 0 1 10 9 9

#2 0 9 0 o0 0 1 0 0 0O 0 10 9 90

# 0o o0 8 o0 O0 O O 0O 2 0 110 8 80

#4 0 0 O 10 0O O0 O O0 0 0 10 10 100
Actual 45 0 O ©0 O0 8 0 1 0 0 1 10 8 80
Author #6 0 O 0 O 0 10 0 O 0 0 10 10 100

7 0 0 ©0 0 O O0 10 0 0 0 10 10 100

#8 0 0 O0 0 O 0 O 10 0 0 10 1.0 100

#9 0 0 0 O0 O 0 O 0 10 0 10 1.0 100

#00 0 0 O 4 O0 O0 O 1 0 5 10 5 50
TOTAL FILES CLASSIFIED : 100
TOTAL SUCCESSES : 89
TOTAL FAILURES ¢ 11
SUCCESS RATE : 89
o Figure A.2 4€onfusion matrix for multinomial naive:bayes, for 200 source code files

Figure A.3 shows the confusion matrix for a training set of 300 source code files.
CONFUSION MATRIX FOR MULTINOMIAL NAIVE BAYSE CLASSIFIER

#1 #2 #3 #4 #5 #6 #7 #8 #9  #10 Tot: Suc: %

#1 10 O 0 0 0 0 0 0 0 0 10 10 100
#2 0 5 0 1 0 0 0 0 0 4 10 S 50
#3 0 0 9 0 0 0 0 0 1 0 10 9 90
#4 0 0 0 7 0 0 0 0 0 3 100 7 70

Actual #5 O 0 0 0 10 o0 0 0 0 0 10 10 100

Author #6 0 0 0 0 0 10 O 0 0 0 10 10 100
#7 0 0 0 0 0 0 10 0 0 0 10 10 100
#8 0 1 0 0 0 0 0 9 0 0 10 ¢ 90
# 0 0 0 0 0 0 0 1 9 0 10 9 90
#10 0 1 0 0 0 1 0 0 0 8 10 8 80

TOTAL FILES CLASSIFIED : 100

TOTAL SUCCESSES : 87

TOTAL FAILURES : 13

SUCCESS RATE : 87

Figure A.3 - Confusion matrix for multinomial naive bayes for 300 source code files
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Figure A.4 shows the confusion matrix for a training set of 400 source code files.

CONFUSION MATRIX FOR MULTINOMIAL NAIVE BAYSE CLASSIFIER

#1  #2  #3  #4 #5 #6 #7 #8 #9 #10 Tot: Suc: %

# 10 O 0 0 0 0 0 0 0 0 10 10 100
#2 0 10 O 0 0 0 0 0 0 0 10 10 100
#3 0 0 10 O 0 0 0 0 0 0 10 10 100
#4 0 0 0 8 0 0 1 0 0 1 10 8 80

Actual #5 O 0o 0 0 8 0 1 0 0 1 10 8 80

Author #6 0 0 0 0 0 10 O 0 0 0 10 10 100
#7 0 0 0 0 0 0 9 0 1 0 10 9 90
#8 0 0 0 0 0 0 0 9 1 0 10 9 20
#9 0 0 0 0 0 0 0 0 10 O 10 10 100
#10 O 0 0 4 0 1 0 0 0 5 10 5 50

TOTAL FILES CLASSIFIED : 100

TOTAL SUCCESSES : 89

TOTAL FAILURES 11

SUCCESS RATE : 89

Figure A.4 < €onfusion matrix formultinomial maivé bayes for 400 source code files

Figure A.5 shows the confusion matrix for a training set of 500 source code files.

CONFUSION MATRIX FOR MULTINOMIAL NAIVE BAYSE CLASSIFIER

Predicted Author
#1 #2 #3 #4 #5 #6 #7 #8 #9 #10 Tot: Suc: %

#1 10 O 0 0 0 0 0 0 0 0 10 10 100
#2 0 9 0 1 0 0 0 0 0 0 10 9 90
#3 0 0 9 0 0 0 0 1 0 0 10 9 90
#4 0 0 0 8 0 0 0 0 0 2 10 8 80

Actual #5 O 0 0 0 8 0 0 0 0 2 10 8 80

Author #6 O 0 0 0 0 10 o 0 0 0 10 10 100
#7 0 0 0 0 0 0 9 0 1 0 100 9 90
#3 0 0 0 0 0 0 0 9 1 0 10 9 90
# 0 0 0 0 0 0 0 0 10 O 10 10 100
#10 O 0 0 0 0 0 0 0 0 10 10 10 100

TOTAL FILES CLASSIFIED : 100

TOTAL SUCCESSES : 92

TOTAL FAILURES : 8

SUCCESS RATE : 92
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Figure A.5 - Confusion matrix for multinomial naive bayes for 500 source code files

Figure A.6 shows the confusion matrix for a training set of 600 source code files.

CONFUSION MATRIX FOR MULTINOMIAL NAIVE BAYSE CLASSIFIER

#1 #2 #3 #4 #5 #6 #7 #8 #9 #10 Tot: Suc: %

# 10 O 0 0 0 0 0 0 0 0 10 10 100
#2 0 9 0 0 0 0 0 0 1 0 10 9 90
#3 0 0 9 0 0 0 0 0 1 0 10 9 90
#4 0 0 0 8 0 0 0 0 0 2 10 8 80

Actual #5 O 0 0 0 7 0 i 0 0 2 0 7 70

Author #6 O 0 0 0 0 10 © 0 0 0 10 10 100
#7 0 0 0 0 0 0 10 O 0 0 10 10 100
# 0 0 0 0 0 2 0 7 1 0 10 7 70
#9 0 0 0 0 0 0 0 0 10 O 10 10 100
#10 O 0 0 0 0 0 0 0 1 9 10 9 90

TOTAL FILES CLASSIFIED : 100

TOTAL SUCCESSES : 89

TOTAL FAILURES 11

SUCCESS RATE : 89

Figure A.6 4C€onfusion matrix foraultinomial maive bayes, for 600 source code files

Figure A.7 shows the confusion matrix for a training set of 700 source code files.

CONFUSION MATRIX FOR MULTINOMIAL NAIVE BAYSE CLASSIFIER

#1  #2 #3 #4 #5 #6 #7 #8 #9 #10 7Tot: Suc: %

#1 10 O 0 0 0 0 0 0 0 0 10 10 100
#2 0 10 O 0 0 0 0 0 0 0 10 10 100
#3 0 0 8 0 0 0 0 1 1 0 10 8 80
#4 0 0 0 10 O 0 0 0 0 0 10 10 100

Actual #5 O 0 0 0 10 O 0 0 0 0 10 10 100

Author #6 O 0 0 0 0 9 0 0 0 1 10 9 20
#7 0 0 0 0 0 0 10 0O 0 0 10 10 100
#8 0 0 0 0 0 1 0 9 0 0 10 9 20
# 1 0 0 0 0 0 0 0 9 0 10 9 90
#10 0 0 0 0 1 0 1 0 1 7 0 7 70

TOTAL FILES CLASSIFIED : 100

TOTAL SUCCESSES 92

TOTAL FAILURES : 8

SUCCESS RATE : 92

Figure A.7 - Confusion matrix for multinomial naive bayes for 700 source code files
46



2. Bernoulli Naive Bayes Algorithm

1: TRAINBERNOULLINB(C, D)
2: V< EXTRACTVOCABULARY (D)

3: N« COUNTDOCS(D)
4: foreachc € C

5. doN, « COUNTDOCSINCLASS(D,c)

6: prior[c] « NC/N

7: foreachteV

8: do N., « COUNTDOCSINCLASSCONTAININGTERM (D, c, t)
. (th + 1)/

9: condprobt][c] « (N, +2)

10: return V, prior,condprob

1: APPLY BERNQU LLINB (G, Viprior.condpriobsd)
2: V.« EXTRACTTERMSFROMDOT(V,d)

3: foreachce C

4: doscore[c] « log prior|c]

5 foreacht €V

6: doift €V,

7 then socre[c]+= log condprob[t][c]

8 else socre[c]+= log(1 — condprob[t][c])
9: return arg max.cc scorejc]

Figure A.8 - Naive Bayes Bernoulli Algorithm.

Source: In interdiction to Information Retrieval, Christopher D. Manning and et al
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Figure A.9 shows the confusion matrix for a training set of 200 source code files

CONFUSION MATRIX FOR BERNOULLI NAIVE BAYSE CLASSIFIER

Predicted Author
#1 #2 #3 #4 #5 #6 #7 #8 #9 #10 Tot: Suc: %

#1 10 O 0 0 0 0 0 0 0 0 10 10 100
#2 0 7 0 0 0 0 3 0 0 0 10 7 70
#3 0 0 6 0 0 0 1 1 2 0 10 6 60
#4 0 0 0 8 0 0 2 0 0 0 10 8 80

Actual #5 O 0 0 0 5 0 5 0 0 0 10 5 50

Author #6 0 0 0 0 0 9 1 0 0 0 10 9 90
#7 0 0 0 1 0 0 7 0 0 2 10 7 70
#8 0 0 0 0 0 0 0 9 1 0 10 9 90
#9 0 0 0 0 0 0 3 2 5 0 10 5 50
#10 0 0 0 0 0 1 2 0 2 5 10 S 50

TOTAL FILES CLASSIFIED : 100

TOTAL SUCCESSES 71

TOTAL FAILURES : 29

SUCCESS RATE : 71

-,

’ Figure A 9=€onfusion matrix-for Bernoulli naive bayes for 200 source code files

Figure A.10 shows the confusion matrix for a training set of 300 source code files

CONFUSION MATRIX FOR BERNOULLI NAIVE BAYSE CLASSIFIER

Predicted Author
#1 #2 #3 #4 #5 #6 #7 #8 #9 #10 Tot: Suc: %

#1 8 0 0 0 0 0 1 0 0 1 10 8 80
#2 0 9 0 0 0 0 0 0 0 1 10 ¢ 90
#3 0 0 8 0 0 0 0 1 1 0 10 8 80
#4 0 0 0 9 0 0 0 0 0 1 10 9 20

Actual #5 O 0 0 0 8 0 1 0 0 1 10 8 80

Author #6 O 0 0 0 0 9 1 0 0 0 10 9 90
#7 0 0 2 0 0 0 7 1 0 0 10 7 70
#8 0 0 0 0 0 0 1 9 0 0 10 9 90
# 0 0 0 0 0" 0 1 4 5 0 10 5 50
#10 O 0 0 1 0 0 0 1 1 7 10 7 70

TOTAL FILES CLASSIFIED : 100

TOTAL SUCCESSES 79

TOTAL FAILURES ¢ 21

SUCCESS RATE : 79
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Figure A.10 - Confusion matrix for Bernoulli naive bayes for 300 source code files

Figure A.11 shows the confusion matrix for a training set of 400 source code files

CONFUSION MATRIX FOR BERNOULLI NAIVE BAYSE CLASSIFIER

#., 9 0 0 0 O O 1 0 0 0 10 9 9
# 0 10 0 0 0 ©0 O0 0 0 0 10 10 100
# 0 o0 5 o0 ©0 O 1 2 2 0 10 5 50
#4 0 0 0 10 0 0 O 0 0 0 10 10 100

Actual #5 0 0 ©O0 O 9 0 1 0 0 0 10 9 90

Author #6 0 0 O O O 9 O O 1 0 10 9 9
#7 0 0 1 o0 0 0 9 0 0 0 10 9 9
#8 0 0 0 o0 o0 1 1 3 5 0 10 3 30
#9 0 0 0 O O O o0 3 6 1 10 6 60
#0 0 0 o0 O0 O O 2 1 0 7 10 7 70

TOTAL FILES CLASSIFIED : 100

TOTAL SUCCESSES 1 77

TOTAL FAILURES : 23

SUCCESS RATE 1 77

D Figure A. kL =Confusion matrix for Bernoulli naive bayes for 400 source code files

Figure A.12 shows the confusion matrix for a training set of 500 source code files

CONFUSION MATRIX FOR BERNOULLI NAIVE BAYSE CLASSIFIER

Predicted Author
#1 #2 #3 #4 #5 #6 #7 #8 #9 #10 Tot: Suc: %

#1 9 0 0 0 0 0 0 1 0 0 10 9 90
#2 0 9 0 0 0 0 1 0 0 0 10 9 920
#3 0 0 8 0 0 0 1 1 0 0 10 8 80
#4 0 0 0 8 0 0 1 0 0 1 10 8 80

Actual #5 O 0 0 0 9 0 1 0 0 0 10 9 90

Author #6 O 0 0 0 0 9 0 0 1 0 10 ©° 920
#7 0 0 0 0 0 0 6 1 0 3 10 6 60
#8 0 0 0 0 0 0 0 8 2 0 10 8 80
#9 0 0 1 0 0 0 0 4 5 0 10 5 50
#10 0 0 0 0 0 0 3 0 1 6 10 6 60

TOTAL FILES CLASSIFIED : 100

TOTAL SUCCESSES 1 77

TOTAL FAILURES : 23

SUCCESS RATE 1 77
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Figure A.12 - Confusion matrix for Bernoulli naive bayes for 500 source code files

Figure A.13 shows the confusion matrix for a training set of 600 source code files

CONFUSION MATRIX FOR BERNOULLI NAIVE BAYSE CLASSIFIER

Actual #5

Author #6
#7
#8
#9
#10

OO O0OO0COOOO OV
COO0OONOOO

COO0OOCOOKHO®WMOO
C O OO0 O WO OO

TOTAL FILES CLASSIFIED : 100
TOTAL SUCCESSES : 76
TOTAL FAILURES : 24
SUCCESS RATE : 76

Figure A. l3msConfusion matriX for Bernoulli naive bayesfor 600 source code files

Figure A.14 shows the confusion matrix for a training set of 700 source code files

CONFUSION MATRIX FOR BERNOULLI NAIVE BAYSE CLASSIFIER

COO0OO0OO0OXOOO O

Predicted Author

#6

OO OO NODOOOO

#7

CWOWONOKH OO

#8

H & OOOOORKROO

WWNOHFEHOODOOO

OO O0ORFRPR OO, OOR

W 00 W N o 0o o

#1 #2 #3 #4
#1 7 0 1 0
#2 0 10 0 0
#3 0 0 5 0
# 0 0 0 10
Actual #5 O 0 0 0
Author #6 0 1 0 0
#7 0 0 0 0
# 0 0 0 0
#9 0 0 0 0
#10 0 0 0 0
TOTAL FILES CLASSIFIED : 100
TOTAL SUCCESSES : 76
TOTAL FAILURES . 24
SUCCESS RATE 1 76

C OO0 OO NOOOO

Predicted Author

#6

OO OO0 WOOoOOoOO OO

#7

O WO WO WOREOHKH

50

#8

ONOOOOOCOOO

NOOROOOOORK

100

100

100
70
20
90
100
20
70



Figure A.14 - Confusion matrix for Bernoulli naive bayes for 700 source code files

3. k-Nearest Neighbor (kNN) Algorithm

1: TRAIN — kNN(C, D)
2: D' « PREPROCESS(D)
3: k< SELECT — K(C,D")

4: returnD' k

1: APPLY — kKNN(C, D", k, d)
2: S, « COMPUTENEARESTNEIGHBORS(D', k,d)
3: foreachc; € C

4: dop; < IS" n le/k

5. returniarg max}p;
Figure A.'15~ kNN Algorithm

Source: In interdiction to Information Retrieval, Christopher D. Manning and et al

4. Ada Boost Algorithm

1: function ADABOOST (examples, L, M)
2:inputs: examples,a set of N labelled examples
L,a learning algorithm
M, the number of hypertheses in the ensemble

3: local variables: w,a vector of N example weights, initially 1/ N

h,a vector of M hypertheses

z,a vector of M hypertheses weights

4: form=1toMdo
5:  h[m] « L(examples,w)
6: error « 0

7: forj=1toNdo
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8: ifh[m](x;) # y;then error « error + wij]

+73
& 9:  forj=1toNdo
) 10: ifh[m](x;) = y; thenw[j] « w[j] * error/(l _ error)
11: w < NORMALIZE(w)
log(1 - error
12:  z[n] « 9¢ )/error
13: return WEIGHTED — MAJORITY (h, z)
Figure A.16 - Ada Boost Algorithm.
Source: Stuart J. Russell and et al (2003), Artificial Intelligence a Modern Approach
4
*
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Appendix B

Contents of the CD-ROM

1. Full source code of the implementation: CD-ROM contains the complete Java
source code of the project including the Eclipse [4] project file.
2. The training dataset used for the research.

3. The soft-copy of the dissertation.

File or Directory Description
/readme.txt This file describes the contents of the CD.
/dataset/*.* The training and validation dataset used for the
research.
/src/* * The complete Java [7] source code of the
project including Eclipse [4] project file
/Thesis/*# The thesisjand selated references.
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