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Modeling data accurately i1s the main focus of data mining process. Reliable model is
the final product of the search process through the well-prepared and properly collected data
records. High quality of the original data can greatly help the data mining tools to discover better
models in less time. Data preparation is, however, an extremely time-consuming process and
traditionally has been done manually or semi-automatically with some simple tools such as
spreadsheet, This project is thus proposed to automate the tedious data preparation tasks, These
tasks are comprised of data transformation, data cleaning, data selection and reduction. We develop
techniques to transform textual data into Horn clauses that are ready to be processed by logic-based
mining programs. All missing values in the data set are handled by several methods, i.e. replace
with some constants, replace with majority values, or remove feature in which its values are highly
missing. Data reduction is achieved via a sampling method. We implement three sampling methods:
random sampling with replacement, random sampling without replacement, and density-biased
sampling. The developed data preparation tools have been proved beneficial to data analysts as they

can reduce the preparation time and gain more insight in their data.
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yes, no.

outlook: sunny, overcast, rain.
temperature: hot, mild, coocl.
humidity: high, normal.

windy: true, false.

names file

sunny, hot, high, false, nc
sunny, hot, high, true, no
overcast, hot, high, false, yes
rain, mild, high, false, yes
rain, cool, normal, false, ves
rain, cool, normal, true, no
overcast, cool, normal, true, yes
sunny, mild, high, false, no
sunny, cool, normal, false, yes
rain, mild, normal, false, ves
sunny, mild, normal, true, yes
overcast, mild, high, true, ves
overcast, hot, normal, false, yes
rain, mild, high, true, no

data file

s U

514 2.2 dedna lWadeyalugiuniy UCT repository

% Golf data set
%

% Header file for attribute declaration
attribute( outlook, [sunny, overcast, rainy] ).
attribute( temperature, fhot, mild, cool] )
attribute( humidity, [high, normal] 3.
attribute{ windy, [true, false] )
attribute( class, [yes, no} ).
Y% Data instances

instance(l, class=no, [outloock=sunny, temperature=hot, humidity=high, windy=false}).
instance(2, class=no, [outloock=sunny, temperature=hot, humidity=high, windy=true}).
instance(3, class=yes, [outlook=overcast, temperature=hot, humidity=high, windy=false]).
instance(4, class=yes, Joutlook=rainy, temperature=mild, humidity=high, windy=false}).
instance(5, class=yes, {outlook=rainy, temperature=cool, humidity=normal, windy=false]).
instance(6, class=no, [outlock=rainy, temperature=cool, humidity=normal, windy=true]).
instance(7, class=yes, [outlook=overcast, temperature=cool, humidity=normal, windy=true]).
instance(8, class=no, [outlock=sunny, temperature=mild, humidity=high, windy=false]).
instance(d, class=yes, [outloock=sunny, temperature=cool, humidity=normal, windy=false]).
instance(10, class=yes, [outlook=rainy, temperature=mild, humidity=normal, windy=false}).
instance(l1, class=yes, [outlook=sunny, temperature=mild, humidity=normal, windy=true]).
instance(12, class=yes, [outlook=overcast, temperature=mild, humidity=high, windy=truel).
instance(13, class=yes, [outloock=overcast, temperature=hot, humidity=normal, windy=false]).
instance(14, class=no, [outlook=rainy, temperature=mild, humidity=high, windy=true}).

ot 1
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Algorithm 1. Data transformation
Input’ names file and data file
Output: a data file as Horn clauses
(1) Open names file and read the value list in the first line
{(2) Write to the output file the clause ‘attribute(class, [value list]).
(3) While not end-of-file do

(3.1 Read attribute name
(3.2} Read attribute-value list
(3.3) Write to the output file the clause ‘attribute(attribute name, [value Hstl).’

(47  Close names file
(8) Open data file
(6) Setinstance counter I =1

(7)  While not end-of-file do

(7.1) Read each value that appears in CSV format

(7.2) Match attribute name with corresponding attribute value

(7.3) Construct attribute-value pair format (i.e. attributeName=value)

(7.4} Remove last attribute-value pair to be class-value

(7.5) Write a clause ‘instance(I, class-value, [attribute-value list]).’ to output file
(7.6) Increment I

(8) Close data file
(99 Return the output file
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attribute( outlook, [sunny, overcast, rainy] ).
attribute( temperature, [hot, mild, cool] ).
attribute( humidity, fhigh, normal] )
attribute( windy, [true, false] ).
attribute( class, [ves, no) ).
% Data instances

instance(l, class=no, foutlook=sunny, temperature=hot, humidity=?, windy=?]).
instance(2, class=no, [outlook=sunny, temperature=hot, humidity=high, windy=true]).
instance(3, class=yes, [outlook=overcast, temperature=hot, humidity=high, windy=7]).

at L}

. _ .
11 2.4 dveeneldddoyaitlsng missing values

315109 missing values sslinaifonenszuoumsiunieadoyn thid1dluea
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Algorithm 2 Data cleaning

Input: a data file containing Horn clauses with some missing values
Output: a data file that its contents had been cleaned

(1) Show the GUI of data cleaning component
{(2) Get the response from user's choice
(3) If choice = ‘replace with missing’, then

(3.1) Read each data instance

(3.2) Replace attributeName=? with attributeName=missing
(4) If choice = ‘replace with majority’, then

4.1 Scan the whole data set

(4.2) Count the majority value of each attribute

(4.3 Read each data instance

(4.3) Replace attributeName=? with attributeName=majority

(5) If choice = ‘remove attribute with missing values’, then
Call feature selection module to remove unwanted attributes
(6) Return the output file that all the missing cases have been cleaned
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Alporithm 8 Feature selection
Input- a data file that contains complete Horn clauses
Output: a data file with reduced features
(1) Show the GUI of feature selection component
(2) Get the user’s response to obtain the desired attribute names
(3) Scan the input data file
(3.1 Remove unwanted attribute clauses from the header file
(3.2)  Remove unwanted ‘attributeName=value’ from every instance clauses
(3.3)  Write the new clauses to the output file
(4) Return the output file
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Algorithm 4 Data sampling
Input: a data file
Output: a data file with reduced instances
(1) Show the GUI of random sampling component

(2) Get the user’s response to obtain the desired random sampling methods and the
percentage of sample size

(3) Set the instance counter, I =0
(4) Compute the number of instances to be sampled, S

(5) If choice = ‘random sampling with replacement’, then

(5.1 Generate random number, N, N ¢ [1.. Totallnstances]
(5.2} Write the instance N to the output file
(5.3 Increment I

(5.4) If I<S, then repeat step (5)

(6} If choice = ‘random sampling without replacement’, then
(6.1) Generate random number, N, N e [1.. Totallnstances]
(6.2) If instance N does not appear in the input file,

(6.2.1 Then re-generate the random number N
(6.2.2) Otherwise write the instance N to the output file
(6.3) Delete instance N from the input file

(6.4) Increment I

(6.5) If I<S, then repeat step (6)

(7)  Assert header (attribute clauses) to the output file

(8) Return the output file
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Algorithm 5 Density-biased sampling

Input: a data file, sample size S,
minimum number of matched attributes M, minimum density D

Output: a data file with reduced instances

{1) Show the GUI of density-biased sampling component
(2) Get the user’s response to obtain the sample size S,

minimum number of matched attributes M, density threshold D
(3) Set the instance counter, [ =0

{4} Compute the number of instances to be sampled, SS

* Compute similar instances and their density values */
(5) Open data file and read data instance

(6) For each data instance do

(6.1) Scan data file to collect instances, Ins, with matched attributes > M
(6.2) Compute density, Den, as proportion of Ins to total instances in data file
(6.3) If Den z D, then record this instance in temporayy file F

/* Sampling from the dense area */
(7)  Ifinstances in F < 88, then output file is F
(8) Otherwise,

(8.1} Generate random number, N, N ¢ [1..TotallnstancesinFj
(8.2) Write the instance N to the cutput file

(8.3) Increment I

(8.4 If 1<88, then repeat step (8.1)

(9)  Assert header (attribute clauses) to the output file
(10) Return the output file
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(golf.names) UAE data file (golf.data) Llﬂﬂdﬁ\‘lgﬂ'ﬁ 3.1

I golf - Notepad . . -

Fite Edt Format View Help
sunny, hot, high, false, 1o
gblf-the:ﬁad' ST sunny, 7, high, true, no
. - . overcast, hot, high, false, yes
File Edt Format view Help rain, mild, 2, false, yes
Yes, No. Fain, cool, normal, false, yes
outlook: sunny, overcast, rain. rain, cool,  normal, true, no
temperature: hot, mild, cool. overcast, cool, normal, tfrue, yes
humidity. high, normal sunny,  mild, high, faise, no
e g T \ ) sunny, cool, normal, false, yes
windy. true, false. rain, mild, normal, false, yes
sunny,  mild, normal, true, yes
overcast, mild, high, true, yes
overcast, hot, normal, false, yés
Fain, mild, high, true, ne

golf.names golf.data

o o da w o =t g/
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vinsenmGuAuAIzn 3.2 idldidenfiscununiimelldredenny missing’
iiandnfitjy Enter Tunis1aues SWI Prolog ssuanamatinulussnhumsilasdeyads
{ 3 < Y 3 4 =2
st 33 wazdemsulasdoymadedu axdsng Iddoyade golf oue Tulaianed

(RoIfUdeYA golf.names U golf.data

; 5% 1-Prolog -~ d:73-2009 Nittaya/3-Research-Grants/NRCT/malasans/Final-Reports/roject-1-Preproces

Copyright (C) 1993-2009 University of Amsterdan.

XPCE cores with ABSOLUTELY NO VARRANTY. This is free software,
snd you are welcome to redistribute it under certain conditions.
The host~lsnguage is SWI-Prolog version 5.7.11

For HELP cn prolog, please type help. or apropos{topic}.
on xpce, please type manpce.

1 7- transmenu.
true.

2 71— (121, 1031, 115, 44, 32, 11D, 11i, 46)lyes. nol
[1ii, 117, 11e, 108, E11, 121, 107, 58, 32, 115, 117, 110. 110, 121. 44, 32. 111, 118,
114, 99, 97, 115, 116, 44, 32, 114, 97, 105, 110, 46][outlook, sunny, overcast, rain]

assertCN=ci[116. 1061, 109, 1312, 181, 114, 97, 116, 117, 114, 161, 58, 32. 104. 111. 11
. 32, 109, 105, 108, 100, 44, 32, 59, 111, 1it, 108, 46][temperature. hot. nild. cool]

assertCH=c2[104, 117, 109, 105, 1
, 111, 114, 109, 97, 108, 467{huw

golf LKB MAMESFile

essertCi=c3[119, 105. 118, 108, i} L
&) qof 1KB DATA File
goIF__Out 2KB File

71U 3.3 909 MUD3 SWI Prolog yaizitlasdoya uaz 10 golf out 114
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‘I% goll__out - Notepa

Fle Edt Format View Help
% fife golf_out
name(golf).
missingi{missing).
attribute(class, [yes, no)).

attribute{out]

ook, [missing, sunny, avercast, rain]).

attribute{ternperature, [missing, hot, mild, cooff).
attribute{bumidity, fmissing, high, normal]).

attributewindy, {missing, true, faise}).

instance(1, class=no, [outlook=sunny, temperaiurezhe humidity=high, windy=faise]).
instance(2, class=no, [ocutlook=sunny, temperaturumidiw:high, windy=true]).
instance(3, class=yes [outtook=overcast, temperature=Hor; humidity=hig windyzfalsel}.
instance(d, class=yes [outlook=rain, temperature=mild, humidiwindy:false}).
instance{5, class=yes [outlook=rain, temperature=cool, humidity=nofmal, windy=false]).
instance{B, class=no, {outlook=rain, temperature=cool, humidity=normal, windy=true]}.
instancet’, class=yes [outlook=overcast, temperature=cool, huridity=normal, windy=true]}.
instance(8, class=no, foutlook=sunny, temperature=mild, humidity=high, windy=false]}.

instance(9, class=yes Joutlook=sunny, temperature=coel, humidity=ncrmal, windy=false]).
Instance(10 class=yes [outlook=rain, temperature=mild, humidity=normal, windy=false]).
instance{11 class=yes [outiook=sunny, temperature=mild, humidity=normal, windy=trus]).
instance(12 class=yes [outiook=overcast, temperature=mild, humidity=high, windy=true]}.
instance(13,class=yes [outlook=overcast, temperature=hot, humidity=normal, windy=Ffalse]).
instance(14 class=no, {outlook=rain, temperature=mild, humidity=high, windy=true]).

el % oy i
37 3.4 Yoyalu e golf_out Hisnfigaymivgaunuidsdenny ‘missing’

© golf_out - Notepad. - -
File Edit Format view Help

% file goff_out

name{qolf}.

missingT{missing),

atiribute(class, fyes, noj).

atirbute{outiook, [missing, sunny, overcast, rain)).
attribute({temperature, [missing, hot, mild, cool]).
attribute(humidity, Imissing, high, normal]).
attribute(windy, {missing, true, false]).

instance(1, class=no, [outlook=sunny, temperature=hot, humidity=high, windy=false]).
instance(2, class=no, [outiook=sunny, temperaturd=mild_| humidity=high,  windy=true]}.
instance(3, class=yes [outlook=0vercast, temperature=hot, humidity=high, windy=false]).
instanced, class=yes [outlook=rain, temperature=mild, humidity=normal, |windy=Ffalse]).
instance(5, class=yes [outlook=rain, temperature=cool, humidity=normat— windy=false]).
instance(B, class=no, [outlook=rain, temperature=cool, humidity=normal, windy=true]).
instance(7, class=yes,[outlook=overcast, temperature=cool, humidity=normal, windy=true]).
instance(8, class=no, {outiook=sunny, temperature=mild, humidity=high, windy=faise}}.
instance(8, class=yes outlook=sunny, temperature=cool, humidity=normal, windy=false]).
instance{10 class=yes foutlook=rain, temperature=mild, humidity=normal, windy=false]).
instancef11,class=yes [outlook=sunny, temperature=mild, humidity=normal, windy=true}}.
instance(12 class=yes,[outlook=0vercast, temperature=mild, humnidity=high, windy=true}}.
instance(13 class=yes [outiook=overcast, temperature=hot, humidity=normatl, windy=false]).
instance(14 class=no, [outlook=rain, temperature=mild, humidity=high, windy=true]).

{ l'd I o P | ]
307 3.5 doyalulva golf_out Aisfigumiognunuidlomiauing
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%eWant 14 records, but has 14 records
atiribute({outlook, [missing, sunny, overcast, rain}).
attributethumidity, [missing, high, normaf]).
attribute{windy, [missing, true, false]).
attribute{class, {yes, no]).

%Density Parameter={1,0.01] Sampling[Percent, Type]=[100.1]

instance(1, class=yes, foutiook=overcast, humidity=high, windy=truel]),
instance(2, class=yes, [outiook=rain, humidity=missing, windy=false]),
instance{3, cdlass=no, [outiook=sunny, humidity=high, windy=trug]).
instance(d, class=yes, [outlook=sunny, humidity=normal,  windy=true]).
instance(5, class=yes, [outlook=overcast, humidity=nommal,  windy=false]).
instance(6, class=yes, [outiook=overcast, humidity=normal,  windy=true]}.
instance(7, classzno, [outlook=sunny, humidity=high, windy=false]).
instance(8, class=yes, [outicok=rain, humidity=normal,  windy=false]).
instance(9, class=no, Joutlook=stunny, humidity=high, windy=falsel}.
instance{10, class=yes, [outiook=sunny, humidity=norma,  windy=false]),
instance(11, class=yes, [outlook=rain, humidity=normal,  windy=false]).
instance{12, class=yes, [outlock=overcast, humidity=high, windy=false}.
instance(13. class=no. [outlcok=rain, humidity=normal,  windy=true]).
instance(14, class=no, [outlook=rain, humidity=rnild, windy=trua]).

51

3.7 HOOWFUDY Feature selection Iﬂaﬁzuaiﬂﬂﬂgﬁ’;ﬁ [outiook, humidity, windy]
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/*---Histogram---
Column outlook

sunny 5 XXXXX

overcast 4 XXXX

rain 5 XXXXX
Column temperature

hot 3 XXX

7 1 X

mild 6 XXXXXX

cool 4 XXXX
Column humidity

high ? iXXXXX

normal 7 XXXXXXX
Column windy

false g8 XXXXXXXX

true 6 XXXXXX

i
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%Density Parameter={1,0.01] Sampling[Percent,Type}=[50,2]

%Want 7 records, but has 14 records
attribute{outiook, [missing, sunny, overcast, rainj).
attribute{humidity, [missing, high, normal).
attribute(windy, [missing, true, false]).
atfribute{class, fyes, no]).

instance(7, class=yes, [outlook=overcast, humidity=normal,  windy=true]).

instance(b, class=yes, [outlook=rain, humidity=normal,  windy=faise]).
instance({11, class=yes, [outlook=sunny, humidity=normal,  windy=true]).

instance(3, class=yes, J[outlook=overcast, humidity=high, windy=false]).
instance(1, class=no, [outlook=sunny, humidity=high, windy=false]}
instance{1, class=no, [outiook=sunny, humidity=high, windy=false]).
inotoma I D 13 PR s Fovigtl Le—rrim byt mdi 6 g i e ok aand e s—fole ATY
HIGLUIILW‘\J, f¥) o pu Ju 3 yGD, LUUL]VUT\ TCTFE, HUIII!U'LY"“EIUIIHUI, VVBIIUY—IUIDUJJ.

A o o v = 10 [ ]
1 3.8 madnsvesmsgudoyauuuiims ldmadudu
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A1INATOY Sampling without replacement
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Datafile: Igotf_cut

Choose attribute: I[outlonk,humidity,windy}

Sampling 1WithOut 2With Replacement: # 1 (" 2

Percent: IﬁD 3:

Density parameter: l{! 001

Cancel l Enter

Fle Edt Format View Help

%Density Parameter=[1,0.01] Sampling[Percent, Typel=[50,1]

%Want 7 records, but has 14 records
attribute{outlook, [missing, sunny, overcast, rain]).
attribute(humidity, [missing, high, normal]).
attribute{windy, Imissing, true, false]).
attribute(class, [yes, no]).

119 3.9 msqudeyaivuia 50% uag lulinsldandudu

instance(3, class=yes, [outlook=overcast, humidity=high,
instance{2, class=no,  [outiook=sunny, humidity=high,
instance{5, class=yes, [outiook=rain, humidity=normal,
instance{11, class=yes, [outiook=sunny, humidity=normal,
instance{1, class=no, [outiook=sunny, humidity=high,
instance(12, class=yes, [outlook=overcast, humidity=high,
instance(8, class=no, [outiook=sunny, humnidity=high,

windy=false]).
windy=true]}.
windy=false]).
windy=true]}.
windy=false]).
windy=true]}.
windy=false]}.
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N1INAYD1} Density-biased sampling
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%Density Parameter=[3,0.23] SamplinglPercent Type]=[20.1]

%Want 3 records, but has 1 records

attribute({outlook, fmissing, sunny, overcast, rain)).

attribute(humidity, [missing, high, normal]).

attribute{windy, [missing, true, false)).

attribute(class, fyes, no}).

instance(S, class=yes, [outlook=rain, hurnidity=normal, windy=false}).

= ' ' 7o 5
71U 3.10 MsguatuanunuuiudlenuRudl [3, 0.23]
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instance(4,
instance(b,
instance(11,
instancef{10,
instance(7,
instance(13,
instance(12,
instance(1,

class=yes,
class=yes,
class=yes,
clags=yes,
class=yes,
class=yes,
class=yes,
class=no,

Y%Want 8 records, but has 14 records
attribute(outiook, [missing, sunny, overcast, rain}).
attribute(humidity, [missing, high, normal]).
attribute{windy, [missing, true, false}).
attribute(class, [yes, no]).

{outlook=rain,
foutlook=rain,
{outlook=sunny,
loutlook=rain,
[outlook=overcast,
[outlook=overcast,
[outlook=overcast,
[outlook=sunny,

%Density Parameter={1,0.14} Sampling[Percent, Type)={60,1]

humidity=missing,
humidity=normal,
humidity=normal,
tumidity=normal,
humidity=normal,
humidity=normal,
humidity=high,
humidity=high,

a

windy=faise]).
windy=falsel}.
windy=truej}.
windy=false]}.
windy=true]).
windy=false]).
windy=truse]}.
windy=false]}.

= w o 1 » &g
5171 3.1 HAENTYRIMIFUAUATLUEUAIBIN T [1, 0.14]
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Data file

rushroom_data compiled 1.12 sec. 0 bytes
odor=missing => [ (class=edible)~0]}
odor=almond => [ (class=edible)}s274]
odor=anise => [ {class=edible} 257]
odor=crensote => [ (class=poisonous)/135]
odor=fishy => [ (class=poisonous)}/368]
cdor=foul => [ (class=poiscnous) 1411]
odor=musty => [ (class=poisonous)- 28]
ocdor=none
spore-print-color=missing => [ (class=edible} /0]
spore-print-color=hblack => [ {class=edible}~875]
spore-print-color=brown => [ {(class=edible}~929]
spore-print-color=buff => [ (class~edible}~ 35]
spore-print-color=chocolate => [ (class=edible) 32]
spore-print—color=green => [ {class=poisonous)~-41]
spore-print-color=orange =» [ (class=edibls)~ 27}
spore~-print-color=purple => [ (class=edible)~ 0]
spore-print—color=vhite
habitat=missing => [ (class=edible)~ 0]
habitat=grasses => [ (class=edible}~177]
habitat=leaves
population=missing => [ (class=edible) 0]
population=abundant =5 { (class=edible)~0]
population=clustered =5 [ {class=poisonous) 9]
population=numerous => [ (class=edible)~ 0]
population=scattered => [ (class=edible) 0]
population=several => [ {class-edible)~ 33]
populatipon=solitary => [ (class=edible} /0]
habitat=meadows => [ (class=-edible)~ 0]
habitat=paths => [ (class~edible)~33]
habitat=urban => [ (class=edible)/0]
habitat=waste => [ (class=edible)~/118]
hahitat=woods
population=missing => [ {class=edible)~ 0]
population=abundant => [ {class=edible)~0]
population=clustered =»> [ (class=edible)}~0]
pepulation=numerous => [ {(class=edible}~0]
population=scattered => [ {class=edible) 0]
population=several => [ {class=poisonous)/20]
population=solitary =» { {class=edible)s5]
spore-print-color=yellow => [ {(class=edible)}~30]
odor=pungent = [ (class=poisonous}~180]
odor=spicy => [ {(class=poisonous}~399]

Size of tree: 42 internal nodes and 38 leaf nodes.

ROBUST-TREE: : robust level 0. Hodel building time = 21.801 sec.
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/* s Pre-Data Mlnlng B R 'k/

To run the program, call this procedure:
transmenu.

¢ o oo

Then call:
premenu.

v

oe

:~-dynamic amountItem/1l,instanceR/3,attributeR/2,columni/1.
:—dynamic instance/B,instanceM/3,aitribute/2,col/l,missingT/l,modeM/Z.

/* input has 3 files
l.'dna_d'-data file
2.'dna_n'--names file

{or 3.'dna_t'-test)

cutput 1 file: ‘dna out'

must transform dna out -> dna da {final result)
call run. dna. file name('dna').

'dna'=name of file

file type('_t'). % _t = test, _d = data

k/

trans{fkn,T,M,His) ;=
retractall(modeM(_,w)),retractall(instanceM(_,_,_)},
retractall (missingT(_}),retractall (columni( }),
clearill,

atem_concat (Fn, ' .names’, Names),
term to atom(MissT,M),
assert (missingT (MissT) ),
(T='data_file'->atom concat(Fn,'.data',Data);
atom_concat (Fn, '.test',Data)),
open (Names, read, 51),
% open names file(attr file) :read line by line
readAllNameRec (S1},
close (81},
open{Data,read,S), % open file :read line by line
readAlilDataRec(S),
cleose (8),
Swrite to out file
atom_concat (Fn, ' out',Out),
(tell (Qut),
format ('% file ~w out
~nname (~a) .~nmissingT{~a).', [Fn, Fn,MissT] ),
{ His ='yes'~> ({(format('~n/*--—-Histogram---
') ,showHistogram, format ('~n*/"})};
true)},
( attribute(A,B), format{'~n~w.", {attribute(A,B})]),fail;true),
{ MissT=mode->
{ modeSelect,

f£indall(_, {instance(Al,Bl,L}),maplist (change,L, Lnew),assert{in
stanceM(Al,Bl, Lnew) ),
format{'~ninstance (~w,~w,~w).', [ALl,B1,Loew]) ), _})
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;(instance{11,12,I3),format(’~ninstance(~w,~w,~w).’,[Il,I2,13
1), fail;true)

)

,told) .

change (C=missing, C=M) : ~modeM (C,M}, !.
change (C=V,C=V) .

readAllNameRec(S) : - % N is the running number
mem(O),retractall(cA(_)),
% output file
repeat,
read line to_codes(S,X),
{X = end_cof file,c(¥),assert(cA(N)), !
% record the number of attribute
;i  %not eof
write (X),
{member (124,X) *-> append (X2, (124} ]1,X); X2=X),

a

% delete line comment |

split_string(X2,L),

maplist(codes“atom,L,Res),

write{Res),nl,nl,

Res \==[] ->

{ C (N}, Nl is N+1,mem(N1),
add_attr(Nl,Res)
).

fail
).

add_attr (N, [HIT]):~

{(Ne= *-> (assert{attribute(class, [HiT]})) }:
% **¥#xx first row is class

(N1 is N=-1, atom codes (N1, Codes),atom codes(CN, [99]Codes]),
Zascil 99 is ¢

nl, write({assertCN=CN}, missingT(M1),

{ (Ml=missing;Ml=mode) =->M=missing;M='7'),
%assert{attribute{CN, iM!T]))

assert (attribute(H, [M|T])) %add missing value

o,

r assert (columnN (H)) % to store column name

)% Hrk**kk+ ther rows

).

% find mode
% % 11 7~ findall(F,(instance(NO,CLASS,LI),member(c2=F,LI)),X),length(X,Len).

find(C, {C,Res) ) :-
findall (F, {instance{NO,CLASS, LI}, ,member (C=F,LI)),Res).

% show Histogram

showHistogram:- findMode (R),maplist (writeHis,R).

writeHis((C, [])}:-t!.

writeHis{{C,FregqlL)):~ format('-~nColumn ~w~n',C),
maplist{writehis, Freql).

writehis(F-A):-format {'~w~t~w~10|"', [A,F]),WwriteBar(F).
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writeBar (G}:-nl,!.
writeBar({F):~write('X'},Fl is F-1,writeBar(Fl).

% modeSelect,

% findall(w,(instance{Al,Bl,L),maplist(change,L,Lnew).assert(instanceM(Al,Bz,Lnew))),_)

modeSelect:~ findMode(R),maplist {maxmode,R). % assert (mode).

57~ findMode (R) ,maplist (maxmode,R}).

findMode (Result) :~findall (C, {attribute{C,L)),AttrList),
maplist{find,AttrList,Res),
maplist {mycount, Res,Result).

% (cl,(92~f,3-m])
% mus
maxnmode ((_, (1)) :=!.
maxmode ( (C, L} ) :—
findall (F,member (F- ,L),Resl),
max_list (Resl, FMax},member {FMax~V,L),
assert (modeM (C,V)),!.

countl ([1,X,0=-X):-!.

countl{[X|T],%,Res-X}:~ countli (T,X,Resl-X),
Res is Resl+l,!.

countl{[_{T],X,Res-X}:~ countl{(T,X,Res-¥).

% +{a,a,a,b,al,-[a~4,b-1]
count (Y,Resg}:-1ist to_set(Y,X),maplist (countl(Y),X,Res).

mycount { (C, L}, {(C,Lnew) }:—count (L, Lnew)

readallDataRec (8} :- $ N is the runping number , now-writing to out file

mem (0},

repeat,

read line to codes(S,X},

(X = end of file, !

write (X},

(member (124,X) *~> append(X2,[124]_1,X): X2=X)

; % delete line comment |

split_string(X2,L),maplist(codes_atom,L,Resl),
missingT (M),

( (M=missing;M=mode) -> maplist(miss,Resl,Res);Res=Resl),

i1f missingT= missing

write(Res),nl,nl,
Res \==[1 ->
( c(N},N1l is N+1,mem(N1),add inst(Nl,Res}),

fail
).

% replace ? with missing
miss{'?', 'missing'}):~!}.
miss{X,X}.

% check
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clearAll:—retractall(instance(_,_, 1),

retractall (attribute( , )),mem(0}.
Ye=mmmmmwo=—mma tokeni ZRY S mmmmmoooommoTmmo oo
split_string(S, L} :- phrase(split_stri(L), §).

scan a list of werds separated by spaces

-3
i
4
@

split_str([BIT]} --> blanks, inwords(#), blanks, !, split_str(T).

split str([], ., ).

% a word 1s a sequence of {at least one!) not blanks
inwords{[CI|Cs]) =~> [C], { ok{C) }, inwords(Cs).
inwords|[C)) --> [C], { ok(C) }.
% skip blanks (test and lese...)
%
blanks --> {C], { ko(C) }, blanks.
blanks --> [].
ok{C} :- \+ ko(C}.
ko {C) :- code_type(C,period);C==44;C==58.
kG (C} :- ceode typel(C, space);C==46;C==44;C==58.
% skip space and dot and comma and colon
codes_atom(C,A} :- atom codes(A,C). % for maplist-=second order
mem{N) :-retractall(c( )),assertic(N)}.
add_inst(N,L):-  last{L,E,X),% col(Cl), %columnN(ColName},

findall (Name, columnN (Name),Cl),
mmerge (Cl,H,Hl) ,missingT {Mode),
assert(instance (N, class=X,H1}}

last ([X1,01,%):-!'. % find First and Last
last ([HIT], [H|F1},X):- last(T,T1,X}.

% max column = 70

col{[cl,c2,c3,c4,¢5,c6,c7,¢8,c9,cl0,cli,cl
cl9,c20,c21,¢c22,c23,c24,c25,c26,c27,
c35,¢36,c37,c38,c39,c40,c41,¢42, 43,
@5l b2 Jeb3 ,ebd ;655 »eH6 +E57 B
c65,c66,c67,C68,c6%,c70 ).

mmerge({ ,{1,[1}):-!. % merge cl=red
mmerge{[]1, ,[]}:-f.
mmerge ( [H1|T1], [H2|T2], [H1=H2|T3]) :-mmerge

% <<<< EDIT HAER

2,cl3,cl4,ci5, cl6,¢c17,¢18,

c28,c2%,c30,c31,¢32,¢33, ¢34,
c44,cd45,c46,c47,c48,c49,c50
58 ,¢59,c60,c61,c62,c63,c64,

(T1,T2,73).

i e end of transformWekal.pl-~------

r
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B Find density --==-———-~
- dynamic dens_list/1,dens_rec/l,no_rec/2.

% +1,+5,-11.,2,3,4,5;
runlist (7, F, [F]}:-1).
runlist (S, F, {S|IT]):- 81 is S+1,runlist (S81,F,T).

comp (E1,E2,V) :—(El==E2~>V=1;V=0) .
mycompare {L1,L2,CL) :-maplist {comp,L1,L2,CL).

%test 2 instances, M=number of match

F41,+1,+4,1

similarc{Il,I2,M,V):- instance(Il,_,Ll),instance(l2,_,L2),
mycompare (L1,L2,VL), %compare 2 instances
sumlist (VL, SumV),
{SumV>=M ->V=1 ;V=0 Yo

%+[1r2r314]r+[112r3r41r+3:’L)-

all dens(IL1,IL2,M,L}:-
findall((X,Y,V),(member(X,ILl),member(Y,ILZ),similar(X,Y,M,V)
Yo L)

% +[(1flll)l(1r2l0)l"]f+1r “1_1)
each_dens(L,I,I—Dens):—findall(v,(member({I,_,V},L)),VL),
sumlist (VL, SumDens), Dens is SumDens/14

$+3,-assert (dens_list{[1-1,2~1,...1))
%+No_of att_match, -assert (dens_list)
all inst(M):-runlist(1,14,L1},
all dens(L1,L1,M,L},
maplist (each dens(L),L1, DL},
retractall{dens_list(_)),
assert (dens_list(DL)),!.

% +3
maindens{M}:-all_inst(M),listing(dens_list).

all_rec_dens (M, D) :~maindens (M}, dens_list{L},
findall (X, (member (X-D1,L},Di>»=D),Al1Rec),
retractall(dens_rec(_}},
assert {dens_rec{AllRec)),!.

o

————————————————————— PREPROCESSww——m—mm e —
pre.pl

=)

o o

%create_attr(+ListofAttr)
create attr([]):- H=class,attribute (H,R1l},assert{attributeR(H,R1)},!.
create attr{[HIT})):-attribute (H,R1},

assert{attributeR{4,R1}),!,

create_attr(T).

choose_sampling (Per,C,A) =~
write{'Per, Type,AttrList'+{Per,C,A]),
sampling (C,Per,A),writeln{samplingh+A).
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SR b retractall {amountItem(_)),retractall(instanceR(_, ,
retractall {attributeR(_,_}},retractall(no_rec( , )},
assert{amountItem(l4)),!,true.

frandom without replacement- L1 for temp List
grandi (+100,+30,+[}, -Res}.
rand{l, ,Nsel,Ll,[}):-length(Ll,Len),Len is Nsel,!.
rand(l,Nall,Nsel,L},LZ):—densurec(DensRec),
H is random({Nall-1)+1,%shift to 1...Nall
{ {memberchk(H,L1) ;not (memberchk (H, DensRec) ) )
->» rand{1l,Nall,Nsel,Ll,L2};
{ L2=f{HIT],L=[H[L1l],rand(1,Nall,Nsel,L, T}
).

Srandom with replacement -L1 for temp List
%randZ (+100,+30,+[), -Res}.
rand(2,_,Nsel,Ll, [}}:-length{Ll,Len),Len is Nsel,!.
rand(2,Nall,Nsel,L1,[H!T}):—dens_rec{DensRec),
HI is random(Nall-1}+1,

(memberchk (H1, DensRec)-> (H=H1, rand(2,Nall,Nsel, [E|L1],T));

rand{2,Nall, Nsel, L1, [H|T]) }.

gsampling (+Type, +Per, +Attribute)
%quit if NoSampling < len of Density List
$sampling (+Type,+Per, +Attribute)
sampling{C, Per,A) :—amountItem(N),NoSel is round{ (Per/1G0)*N),
dens_rec(Rec),length (Rec, DensLen),
assert (no_rec(NoSel, Denslen)), !,
{ NoSel>Denslen ->
(NumSel=DbensLen,

format {'~n--densRec size<sampling size->choose all

density list=~a records:~n’,
[Denslen])) :
NumSel=NoSel),
rand(C,N, NumSel, [],LS),
create rec{0,LS,A).

%create sampling rec
%(+0,+ListofRandkey, +Attribute)
create_rec{_,[],_):-true.
create_rec{N, [HiT],A):~instance(H,R1,R2},
include(filter (A),R2,R22),
N1l is N+1,
assert (instanceR(N1-H,R1,R22}),!,
create_rec(N1,T,A}.

$filter(+AttrList, +Element)

% true or false —-- filter for selected attri
filter(i}, ):-false.

filter([(H} ], {H= )):-true,!'.

filter([HiT], {(M=V)):-M\==H, filter (T, (M=V) ).

$TLL=[ [outlook+sunny+3, outlook+overcast+l, cutlook+rainy+3],...]

$tally {-TLL}
tally(TLL) :-findall (A+VL,attributeR{A,VL},L),
maplist (map,L,LL),tallyAtt (LL, TLL) .
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tallyAtt (LL, TLL) :~maplist{tallyEach, LL, TLL) .
tallyEach(L,TL) :-maplist{finda, L, TL).
finda (A+V, {A+V+N}) :-findall (A+V,

{instanceR({_,class=C, L), {(member (A=Y, L) ; {A=class,V=C))), Res),
length (Res, N} .
map (A+VL,EL) :~maplist (add(A),VL,EL) . add(A,B,A+B).

)

% mainp('data.pl’, [outlook, humidity),+20,+1, {3,0.23])<~- called from MENU GUI.

mainp (D1,Al, Per,S,ParaDensl) : -
reconsult (D1},
init,
term to_atom(AL,Al),
term to_atom(ParaDL,ParaDensl},
[M, Dl=ParaDl,
all rec dens(M,D),

create attr (AL},

choose sampling(Per,S,AL),
taliy(TLL),writeln(TLL),
writeln{end+main), no_rec(Want,Actual),
tell('ple.pl'),
format ("~n%Density Parameter=[~a,~a]
Sampling[Percent,Typei=[~a,~al~n', {M,D,Per, 8]},
format {'~n%Want ~a records, but has ~a
recerds~n', [Want,Actuall),
{attributeR(X,Y¥),write(attribute(X,Y)),writeln('."), fail:true
e
(instanceR (N4~
_+K4,1L4) ,write{instance{N4,K4,L4} ), writeln('."),fall;true),

I, told.

premenu: -

new(Dialog,dialog('Preprocess')),sendmlist{Dialog, append,

[ new{Dl, text_item(datafile,'outlook_out')),
new(Ai, text item(choose attribute, '[outlock,humidity,windy)')),
new(S, new(S, menu('sampling IWithOut 2With Replacement'))),
new(Per, int item('percent', low := 1, high := 100)),
new(Dens, text item(density parameter,'{3,0.23]')},
button(cancel, message (Dialog, destroyl)),
button{enter, and{message{€prolog,mainp,

Di?selection,
Al?selection,
Per?selection,
S?selection,
Dens?selection
Yo
message{Dialog, destroy))} % entersadestroy

I},
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send list (S, append, [1,21),
send(Bbialog, default button, enter),
send(Dialog, open).

transmenu: ~
new{Dialog,dialog('Transformation')),send_list(Dialog, append,
[ new(Dl, text item{datafile, 'outlook')},
new(s, new(s, menu(replace missing)}),
new(S8, new(SS, menu{histogram))},
new(C, menu(file type, cycle)),
button({cancel, message{Dialog, destroy)),
button{enter, and{ message(@prolog, trans,
Dl?selection,
O?selection,
S?selection,
S8?selection
Y
message (Dialog, destroy))) % entersdestroy

1 ¥4

send_list (S, append, ['?",missing,medel),
send_list (S5, append, [yes]),

send 1ist (0, append, {data_file, test file]),
send(Dialog, default button, enter},
send(Dialog, open).
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ABSTRACT

A reservoir-sampling algorithm is a simple random algorithm for drawing a sample of size n without
replacement from a population of size N, N 2 n. We adopt the algorithm to get the benefit from its advantage
of efficient memory usage and extend it to deal with clustering large data of varying cluster sizes. Our
proposed algorithm is a density biased sampling using only a single scan of the data, Thus, goed efficiency can
be expected. Moreover, our experimental results reveal its effectiveness on the subsequent clustering phase.
Noise-tolerance is additional characteristics of our method.

KEYWORDS

Clustering, Density biased sampling, Reservoir sampling

1. INTRODUCTION

Clustering is a task of grouping similar objects into classes or clusters based on their attribute
values. It is an unsupervised learning in the sense that the class labels of objects are not predefined.
The grouping process searches for groups of objects with maximum similarity within group and
minimum similarity between groups. Many clustering algorithms determine clusters on the basis of
some distance measures such as Euclidean or Manhattan. Based on such measures, discovered
clusters tend to have spherical shape with simifar size and density. This is an important limitation
on clustering real-world data, especially spatial data with non-uniform density among regions.
Density-based clustering methods ({11, [2], [3]) have been developed to discover clusters of
arbitrary shape. Generally, the methods connect regions with sufficient high density into clusters.
Each cluster contains a maximum set of density-connected objects.

However, the inherent complexity of clustering is high and its application on large data sets is time
and resource consuming. Sampling is a powerful data reduction paradigm to improve the efficiency
of several algorithms ({4], [5}). The sampling techniques used in these algorithms is uniform
random sampling, which assigns every object the same probability of being included in the sample.
But many data sets in real life do not foliow the uniform distribution scheme. It instead seems to
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follow the Zipf’s distribution ([6]), for instance, income and population distribution. In these data
sets, some areas such as large metropolitan area have much higher population density than the small
cities. If all the populations have equal opportunity of being selected as a representative, sparse
areas may be missed and not be included in the sample.

Density biased sampling ([7]) is a sampling technique that takes into account the different sizes of
the groups. Small groups or sparse regions are assigned higher probability to be included in the
sample than the large groups or dense regions. By biasing the sampling process, small clusters will
not be missed or overlooked as outliers.

In this paper, we propose a novel approach of adapting reservoir technique ([8], {9]) to perform a
density biased sampling on large data sets. Our algorithm can obtain a desired sample through a
single data set scan. The proposed method is simpler and requires less resource than the hash-based
method ([7]). The rest of the paper is organized as follows. Section 2 reviews related work. Section
3 explains reservoir sampling. The proposed algorithm for the density biased reservoir sampling is
presented in Section 4. Section 5 shows experimental results on sampling quality and efficiency.
Section 6 concludes the paper.

2. Related work

On scalable popular and successful clustering methods such as k-means and k-medoids to work
against large data sets, many algorithms like BIRCH ([10]) and CLARANS ([11]) employ the
sampling technique to minimize data sets, In BIRCH, a CF-tree structure is built after an initial
random sampling step. The CF-tree is used as a summarized data structure with statistical
representations of space regions stored on leaf nodes. After the phase of CF-tree building, any
clustering algorithm can be applied to the leaf nodes. CLARANS is an extension of k-medoids
algorithm. It uses uniform sampling to derive initial representative objects or medoids for the
clusters,

Recent advancement on clustering very large data sets in which summarized data structure is even
to big to fit into main memory, sampling is independently applied to the data set prior to the
subsequent clustering phase. Palmer and Faloutsos ([7]) develop a non-uniform sampling method
for clusters that differ very much in size and density. Their method is a generalization of uniform
random sampling in that every group of data sets can be assigned different probability of being
drawn. When sampling is biased by group density, smaller groups are oversampling, whereas Jarger
groups are undersampling. Since clusters are not known a priori, Palmer and Faloutsos combine the
phase of density information extraction with the biased sampling phase using the hash-based
approach. They argue that the inherent collision problem of any hash-based approach will not
dramatically degrade the sample.

Nevertheless, their method is significantly affected by noise due to the tendency of oversampling
noisy area. Qur approach adopts the reservoir technique to eliminate the collision problem of hash-
based approach and it is independent on the assumption regarding cluster distribution to avoid the
impact of noise.
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3. Reservoir sampling

A reservoir-sampling algorithm ([8],{9]) is a simple random sampling algorithm for drawing a
sample of size n without replacement from a population of size N (N = n). Vitter ([8]) has developed
a one-pass reservoir-sampling algorithm when the population size (V) is unknown and cannot be
determined efficiently. The term “reservoir” defines a storage area j ( = n, but mostly j = u) to store
the potential candidates of the sample. The J reservoirs is initialized to store the first j records of the
file, that is, all areas of the reservoir pool are initially filled up. Then the algorithm starts scanping
the remaining part of the file with a randomly skipping steps. The random picked record is
evaluated whether to replace the existing one in the reservoir pool. If it passes the test, the position
in the reservoir is also randomly selected. The process stops when the end of file has been reached
and the records in the reservoir form a simple random sample of the population. The general
procedure of reservoir-sampling algorithm ([93,[12]) is given in Figure 1.

The time complexity of the algorithm is shown ([81,[9]) to be O(n (1+ log(N/n)). In the reservoir
sampling algorithm, each record of the file is assigned uniform (0,1) random number. When the
reservoir is needed to be updated, each record in the reservoir has the same chance to be replaced
by the new record.

Algorithm Reservoir sampling
Input:  a sequential file of N population
Output: a random sample of size n (n < N)

Steps:
1) Initialize the reservoir X, ..., X, to be the first n records of the file
2) W<« exp(log (random()} / n) // initialize W to be the largest value in a sample of

// size n from the uniform distribution on the
/I interval (0, 1),
3) While not eof do
4)  Sellog (random()) / log(1-#} | // generate the random variate $ to denote
/! the number of records to be skipped over
/1 before a new record can enter the reservoir
5) If (not eof) Then ¥ ¢ (5+1)" record /1 search for the next potential record
/f 10 be in the reservoir
6) Else retuml, .., X,
8) X 1+ e randomy J6— ¥ // update X
9) W< W*exp(log (random()) / n) // update W
10} End While

Figure 1. Reservoir-sampling algorithm
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4. Density biased reservoir sampling

Our sampling algorithm generalizes the reservoir scheme for the case of data with different density
distribution. In our proposed method, the initial step of partitioning data into groups resembles that
of Palmer and Faloutsos ([7]). But our subsequent steps are not based on hashing scheme in order to
avoid the effect of noise and collision problems.

After the initial step of dividing the data space into equally sized bins, the information of the first n
groups are put into the » reservoirs residing in main memory (see Figure 2a). The collected
information includes the number of points in each group and the id of the group.

The algorithm performs a single scan on a data set in a random manner controlled by a random
variate § with the distribution W. The density biasing (step 7 in Figure 3) is achieved through the
consideration of two consecutive data groups. If the density difference of the two data groups is
above some threshold & (i.e., detecting cluster edge) or the sum of density on both groups is above
the threshold value ¢ (i.e., avoiding noisy cases), then the denser group is a candidate to be included
in a sample. This new candidate is put in a reservoir pool at a random position (the reservoir update
is pictorially shown in Figure 2b). The density-biased sampling proceeds until the skipping variate S
reaches the end of the data groups.

Algorithm Density-biased reservoir sampling

Input:  a data set of N objects
Output; a density-biased sample of size #n (n < W)
Steps: '
1} Partition data into g groups (with group-id 1,2,..., g).g= »

2) Initialize the reservoir X, ..., X, to be the first n <group-id, density>-pairs of the data groups

3) Set W < exp(log (random(}) / n) /f initiatize ¥ that will be used in the
1 generation step of random variate §

4) Set S« log (random()) / log(1-#)

5) While S<g do

6)  Read data group g5 and gg., // read two consecutive data groups
7)  If (|density(gs ) — density (gs.)| > &) OR ((density(gs) + density (ggn)) > &)

/' Gand ¢ are predefined density threshold values
Then /f randomize the reservoir area to be updated

X 1+ random 3 | € <group-id, density> of maximum density { g5, g5, }
3) W W= exp(log (random()} / #) / update W for the skipping process

9)  §<| log (random()} / log(1-W) |
il generate the random variate S to denote
/f the number of groups to be skipped over

10} End While
i1) Returnk,, ..., X,

Figure 3. Density-biased reservoir sampling algorithm



48

5. Experiments and results

We evaluate the performance of the proposed reservoir-based density bias sampling method against
the hash-based sampling method ([7]). The efficiency regarding memory usage of our reservoir-
based sampling method is obviously better than the hash-based method. In the hashing scheme,
some amount of memory is needed to store the hashing table in addition to the memory required for
storing the drawn sample. Thus, it requires twice the amount of memory comparative to those
required by our method.

Effectiveness of the proposed sampling method is examined by measuring the quality of a sample
with respect to the number of correctly found clusters. We run clustering using BIRCH ([10])
algorithm. We use a synthetic data generator to generate d-dimensional data sets having k clusters
and N data points. We vary d from 2 to 5, k from 2 to 10, and N from 50,000 to 100,000,

The measurement Number of Clusters found (NC) is the metric defined in ([7]). NC is calculated by
comparing the distances of the cluster centers found by the clustering algorithm with the true cluster
centers. We say that the cluster is found if the calculated distance is less than a predefined threshold
(e.g., 0.001),

The results in Figure 4 show the NC when run clustering on various sample sizes with the presence
of noise. The reported results are observed from the experiments using 3-dimensional data set
having 7 clusters. One cluster contains 50,000 points and the other six clusters contain 500 points.
The results obtained from other experiments on data sets with different dimensions, various number
of clusters, and varied number of data points are confirmed with the one presented in Figure 4, so
we omit them for brevity. The experimental results reveal the efficiency of the biased reservoir
method especially in the presence of noise.

6. Conclusions

We propose a density biased sampling technique based on the reservoir method. The inherent
advantage of efficient memory usage in the reservoir scheme is adopted and extended with the
additional capability of dealing with data that are much different in density distribution. The
proposed technique is designed to lessen the effect of noise as it is the case in the hash-based
approach. The experimental results have shown that the proposed method is as good as the hash-
based method in discovering correct number of clusters. Our method, moreover, is less sensitive to
noisy data even when the percentage of noise is greater than 20. The evaluation of the proposed
method on real large databases and the consideration of outliers are our future work.
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Abstract: Determining clusters in large data sets takes a very long time and consumes many
resources. Data reduction is an important step to increase the efficiency of determining clusters in
large data sets. Our work is intended to examine the appropriate sampling techniques as a data
reduction scheme for clustering which require only a single data set scan. A good sample of the data
set shall be a good substitute for the original data set while also keeping as much important cluster
information as possible. Our experiments show that 2% of density-biased sampling (DBS) of the
original data set can group clusters as well as clustering on the whole original data set and also help
reduce time to cluster by over 95%. And the sampled data sets with density-biased reservoir
sampling (DBRVS) technique report 2 noise tolerance property while the original data set is
surrounded by many noises.

Introduction: Clustering in data mining is the process of discovering the clusters in a set of data,
by maximizing the intra-cluster similarity and minimizing the inter-cluster similarity between
clusters ({1}, {3]). An efficient clustering method needs many difficult and complicated techniques
to find the correct clusters from a very large data set. Clustering on large data sets is time and
resource consuming ([3]). Many researchers have proposed sampling techniques to efficiently
reduce the size of the data set, while keeping all important cluster information as much as possible,
In this paper, we study three sampling techniques which can draw the samples by only a single scan
over the data.
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Random Sampling with a Reservoir (called RVS) ([1]) is the sampling technique which selects
a random sample of size » from a data set of size N in a single data set pass
within O(n(1 +log N / n))expected time, where the size of the data set is unknown prior to

sampling. The process is started by initializing first » objects to the reservoir output buffer of size n,
And then, randomly select a number of objects, £, to be skipped in the main data set to select a new
sample object. When the object is selected, it becomes a candidate and randomly replaces one
object in the reservoir buffer. This step is repeated until the end of file has been reached. Finally, all
objects in the reservoir buffer of size n become a final sampled data set.

Density Biased Sampling (called DBS}) ([2]) is the sampling technique that is proposed to take
into account the sampling over a data set which follows the Zipf's distribution. The sampling
process is started by partitioning data into groups using a hashing function. And the biasing process
is to draw an object by considering the reverse density of its group. It probabilistically over-samples
sparse regions and under-samples dense regions. With this biased sampling, small clusters will not
be missed.

Density Biased Reservoir Sampling (called DBRVS) ([3]) is the adapted sampling technique
which combines the density biased scheme together with the reservoir scheme. The sampling
process is started by partitioning the data space into a finite number of equiwidth bins in the
quantized space. Then apply random sampling with a reservoir scheme to the series of binning
groups. The biased reservoir sampling draws a group by the consideration of two consecutive
binning groups. The denser group is a candidate to be included in the sample if the density
difference of two groups is above some threshold & or the sum of the density on both groups is
above the threshold ¢.

Methodology: In our experiments, we studied both efficiency and effectiveness of each sampling
technique with some synthetic data sets. We monitored sampling time and memory usage on
varjous sizes of samples. Then we determined the clusters for the sampled data sets using k-means
(the partitioning clustering algorithm) and monitor time to discover clusters. After finishing the
clustering process, we compare all found clusters with the original clusters and calculate the value
of Number of Clusters found (NC), which is defined in [2].

Results, Discussion and Conclusion: From the experimental results, we found that DBS is the
most accurate sampling technique. It shows that a 2% DBS sample of the original data set can
produce the same result as the whole original data set as show in Figure 3, and also help reduce
time to find the clusters by over 95%. On the other hand, it requires more memory and takes longer
time of sampling process than the others (Figures 1 and 2). RVS is the most resource saving
technique. It consumes a small amount of memory and runs faster than the others, but its NC tends
to decrease after the sample size has reached some value (Figure 3).



53

Memory Esage Running Time of Sampling phase
500.0 T e H
[ e rES —+—~DBS
450.0 4 .. .u.--CBRVS /‘ ! 69 2. . .a...pRRYS
400.0 1~ 4 RVS = J n.sv-*--lm
350.0 / E 0.7 S —
g 3000 = 1 g 06 1 R
£ 2500 ; T 0.5 1- o -
e / ‘ g .,_,_..-0'7;‘ I R
Z 2000 = T e T TR GRS 2
/ ! u | SRR A4
150.0 -~ f £o3
100.0 1> ] B2
5.0 o T T T TS T TS W T TN i 0
0.0 ] ke s e 0.0 e
3 2 3 4 § [ 7 ] 9 1Q 1 z 3 4 3 1 3 -] S 10
Sample Size (%) Sample Size (%)
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Figure 5 show that DBRVS has a noise tolerance property. It has the least impact when many noises
occurred although its NC is less than satisfactory, while DBS is very sensitive to noises. Our future
research is to extend our study and to design such a sampling technique that computes densities
accurately and efficiently and also is less sensitive to noise.
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