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Abstract— This study aims to develop a system
to automatically extract and select celebrity
information from websites, as traditionally
celebrity information is gathered and selected by
hand, which is rather time-consuming and often
unable to stay updated due to large number of
celebrities in Thailand, and potential ambiguity
and conflict between information sources on the
Internet. This study proposes a novel method
that uses pattern matching and association rules
to extract date of birth, height and weight of
celebrities from websites. In addition, a weight
estimation system based on height and BMI is
developed. It is found that our system is able to
obtain more celebrity information than many Thai
websites such as MThai.com. Also, the weight
estimation system is able to estimate celebrities’
weights based on height and BMI index.

Index Terms—Information extraction, personal
information extraction, unstructured data, weight
estimation

I. INTRODUCTION

Personal information of celebrities, such as actors
and singers, has been normally collected by hand
or in some examples through crowd-sourcing (like
Wikipedia), and then stored in database for further
use. One notable example is the Internet Movie
Database (IMDb), which allows registered members
(including the celebrities themselves, their agents, or
the production crew) to put in additional data as
needed. Due to its long history, ownership by Amazon,
and huge number of contributors, the IMDD is able
to keep the large amount of information up-to-date.

In non-crowd-sourced websites however, usually
the web administrator or staff must perform
research, validation and import solely by hand, which
although highly accurate, is fairly time-consuming
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and poorly-scalable against large amount of data. In
this case, the computer’s role in such data extraction
is limited to being a vessel for the human-processed
data. This can be partly attributed to lack of
punctuation mark to separate words which makes
information extraction by machine is a challenging
task.

Although there are Thai websites that collect
data on Thai celebrities such as Thaiza', MThai?,
Siamdara® and the Thai version of Wikipedia, such
efforts are not centralized and as a result, information
on celebrities were fragmented (present on one
website but not others). In addition, due to large
amount of Thai celebrities, smaller Thai websites
have limited data management abilities. One notable
example is the Siamdara website where few, if any,
Thai celebrity has information post-2015, and MThai
does not have as many celebrities as Siamdara.

Due to difficulties in updating large amount of
Thai-language celebrity information, we propose a
novel automated method to solve above problems.
Our method uses novel rules to extract possible
pieces of information (date of birth, height and
weight) or “personal information candidates” from
websites, and then association rule measures and
statistical rules are used to select the most likely
personal information candidate. In addition, weight
information is relatively rare compared to information
such as date of birth, especially for female actresses,
possibly due to privacy reasons. Furthermore, in an
effort to solve the missing weight information
problem, we propose a modified BMI method to
estimate weight for the celebrities.

The remaining parts of this paper are similar and
related works, description of the method used in this
paper, result of our method, discussions of issues

'https://entertainment.thaiza.com, accessed on 6 November 2019.

2https://people.mthai.com/starthai, accessed on 6 November 2019.

3http://www.siamdara.com/profile/thais, accessed on 6 November
2019.
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encountered while we implement the method, and
conclusion and future works.

II. LITERATURE REVIEW

Unstructured text is usually user-generated content
that cannot be easily inserted into conventional
databases.

Information Retrieval (IR) is query-based
acquisition of a piece of information from a large
collection of data. Using a search engine is basically
an information retrieval. A main difference from IE
is IR returns the result in natural language that
humans can understand, while IE returns the result in
amachine-understandable form for further processing.

Information Extraction (IE) serves as one of the
core operations of text mining. The work of IE aims
at recognizing specific types of information from
objects of interests, events or relationships directly
from text. Examples of the research attempts and
techniques used are reviewed in this section. Reviewed
works are grouped as lexicon-based works, free-text
works, and personal information extraction works.

In this section we review lexicon-based works.
Many information extraction systems and studies rely
on a certain corpus and are in medical or biological
fields. Liu et al. [1] developed AZDrugMiner to
extract Adverse Drug-Event (ADE) from online
patient forums as post-marketing drug surveillance
is deemed a highly critical component of drug safety.
AZDrugminer aimed to overcome inadequacies
in existing system by extracting information from
social media sites such as DailyStrength and
PatientsLikeMe. Instead of lexicon-based extraction
system like others, AZDrugMiner used machine
learning to determine relationship, although many
rule-based systems were also used. Likewise, Xu
etal. [2] proposed a data-driven information extraction
system for Chinese electronic medical records. This
work used a Chinese medical term lexica and
cross-domain dictionary to improve recall on named
entities. The lexica were enriched further by pattern
iteration. These systems had high precision but
reliance on existing programs and infrastructure
render this approach unsuitable for data that had
little existing infrastructure.

Non-medical examples are work by Sasali et al.
[3] who evaluated information extraction techniques
using Malay documents such as magazines, novels,
Quran, hadiths and other. The techniques used were
lookup list, morphological rules (with noun affixes
and verb/objective/noun affixes) and Rayner’s Rule.
It was found that morphological rules with verb/
adjective/noun affixes was the most effective but
further lexicon build-up was recommended.

In this section, Information extraction from
open-text corpus include work by Sharma and De
Choudhury [4] who developed a system that extracted
nutritional information of food and ingestion content

in Instagram. In this system, the researcher manually
made a list of “canonical food names” or words that
could query food-related Instagram posts. The USDA
National Nutrient Database for Standard Reference
database was used as a reference. The researcher
processed the list of tags in each post and matched it
with the list of canonical food. Also, there was a
second method that compared the tag to the food
descriptors in USDA. This method was reliable and
accurate (89%) for food of moderate content. This
work relied heavily on English language posts. On
the other hand, Li et al. [5] created a web information
retrieval system to extract news information from
Baidu through analysis of URL of search results and
the DOM structure of the web page. While it achieves
high extraction and matching rate for open-text
document, the search engine is limited to Baidu.

Works related with personal information extraction
include that of Chen et al. [6] which proposed a
hierarchical system that could extract personal
information from resume PDF files. This work used
conditional random fields and supporting vector
machine to segment resumes into blocks and extract
information. Li et al. [7] suggested a user profile
extraction (Education, job and spouse) from Twitter.
This approach requires only weak supervision but
was limited to Twitter and job recall and precision
were low as mentioning of job places in Twitter did
not always mean that person was employed in such
places.

Chen et al. [8] who introduced a robust web
personal name information extraction system
integrated with a heterogeneous attribute extraction
and disambiguation system that extract features from
multiple sources without supervision while achieving
excellent precision. However, this approach has a
relatively lower recall rate as each integrated AE
approach covers only a percentage of the heterogeneous
texts. Aboaoga and Ab Aziz [9] used rule-based
approach for Arabic person name extraction. This
approach used Introductory Words Person List and
BAMA to recognize personal names. This study
experimented on newspaper (sports, economy and
politics) and found that named entity type, corpus
size, number of keywords and rules, stop-words
detection and morphological analyzer had impact on
performance. It also found that this approached
worked best on sports content.

There was one work that use statistical feature.
Qu and Lu [10] investigated multi-translatable
out-of-vocabulary terms which had received little
attention and proposed a combined method that saw
the use of statistical feature extraction, an artificial
neural network combined with backward feature
selection, and evolutionary parameter optimization.

Majority of the aforementioned works used corpus
which was a finite, predictable set of data. Although
there were some works on free-text acquired from a
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search engine, those were primarily focused on other
languages, which already had some infrastructure.
The system proposed by this project mainly focuses
on Thai-language free-text data extraction.

One study that described difficulties in Thai
language named entity extraction is one by Imsombut
and Sirikayon [11] on Thai tourism ontology, because
agro attraction such as national parks had long word
names, while shopping stores had larger variation of
word names, in contrast with cultural attractions like
temples and people’s monuments.

The method proposed in this study uses a set of
manually-made rules to automatically extract pieces
of information related with date of birth, height
and weight as “personal information candidates”
from websites. Then, association rule measures and
statistical rules which are co-occurrence, support,
confidence, lift and conviction are used to select
the most likely personal information candidate.
Furthermore, weight of celebrities is estimated by
using available height information and two sets of
BMI values. Further details are specified in the
following chapter.

II1. MATERIALS AND METHODS

This study aims to retrieve personal information
birthday, height and weight from unstructured,
Thai-language text such as website snippets. The
experiment uses names of Thai celebrities as input.
We also develop a weight estimation system for
celebrities whose weight information is not obtained
by the pattern-matching system, which estimate
weight based on height and two sets of BMI values.
The method consists of 4 parts: web crawling,
rule-based pattern matching, selection by statistical
method, and weight estimation using height and BMI
index. The diagram is shown in Fig. 1 below:

Weight estimation
using height and BMI Web crawling
index
-~
¥
Selection by Rule-pased pattern

statistical method [ matching

Fig. 1. Diagram of the information extraction process.

A. Web crawling

Web snippets related with Thai celebrities are the
main source of information and acquired by using
Google Custom Search API*. According to [10], the
snippet limit should be 100 to ensure maximum

“https://developers.google.com/custom-search, accessed on 6 No-
vember 2019.
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coverage with acceptable noise. Example of the
obtained snippets is shown in Fig. 2.

fituain andaeny (@tanya_rsiam) - sluazidila Instagrame

https:/iwww instagram._comvtanya_rsiam/?hi=th

gane 500.6k au, Mmaddinanu 543 au, Twae 3415 5105 - @slawuarifta Instagram ann Souah
adau (@tanya_rsiam)

Fig. 2. Example of a web snippet from Google API.

A database is made to keep snippets for further use
as shown in Fig. 3. In the table, title, URL, snippet,
and the names of celebrities used to search for the
snippet are stored. Each entry is given IDs.

SID Title

19...
19...
19...
19...
19...
19...

dfuita - "au’ saudygaat...
a7 iassoda'gfiladuiin

3 uhdvamiailda...
\mnuﬁum}m\ﬁu ' ...
Ladprac General Hospita..
Download snda a.2.nAw...

Snippet

29 n.g. 2559 - wsAA...

14 w.q. 2560 - sonfim @ &L

28 A0, 2559 - Anaaisie..

15 u.A. 2561 - 'dn-9534l...
2560" o Fulsidu gud...

Result for: saila a.%.na...

Web

WWW.naewna.com/enter...
https://entertainment ka...
https://www.siamzone.c...
www.trueplookpanya.co...

www ladpraohospital.co..

www.aslady.de/video/sn...

Searcl
satla
soils
setia
sada
a1
sada

19... chanyameclory - Instagr... Ay Aandywinanad... hitps://deskgram.org/ch... sada
19... Tl muuruadueTs.. 18 w.a. 2561 - ... Tihl-s... www.becmultimedia.com... saiia
19... 'au-uanhituiauaas'ad... 11 Ao, 2559 - Andiat L... m.innnews.co.th/mobile/... saia
19... 1utiias - giudedo 'F.. 20 5., 2560 - uudin 1 ... www.banmuang.co.th/ne... sais
19... ffuiiia - "au’ S9! 'uide' L. 29 W, 2559 - thawnid.. www.naewna.com/enter... seifa
19... gawlafigns (9a) Tud 1... 14 a.a. 2559 - ... gnwdl ... lakorn.guchill.com ? azas... sadd
19.. wuAuliadendiuludiu.. 27 w.o. 2560 - nAwa 6.  https://www.tvpoolonline... seis

Fig. 3. Example of the snippet table.

B. Rule-based pattern matching

In this section, date of birth, height and weight of
the celebrities are extracted using pattern matching
approach, detail of each part shall be explained below.
Regular expressions are used to extract “candidates”
or possible words. Hand-crafted regular expression
rules are used.

The pattern matching locates the input (celebrity
names) in the snippet and then find a certain group
of keywords that matches one of the rules. Then a
personal information candidate is extracted based on
such rules. If there is no matching, the next rule will
be selected, and repeats until a match is found, or the
rules are exhausted. Diagram of the pattern matching
approach is shown in Fig. 4 below.

Import a snippet

Use the first regular
expression rule to check any
matching content in the
snippet

i
+

Y

Mo

Match? S— 3 Use the next

rule to check

Yes

h

Extract the matched
part

Fig. 4. Pattern matching diagram.
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The first group of personal information candidates
to be extracted is date of birth. Keywords such as
“Juin” or “lAnjui” and “w.a.” (Buddhist Era) are
used to locate and extract the candidate, as shown in
Table I.

TABLE 1

EXAMPLE OF EXTRACTED BIRTHDAY INFORMATION

Named entity Lo 3AM ud

Snippet Use3R weu Swman fiud inidleTud
9 nuamius 2507 WJuilnios Wnudns
HAUATAS NVANUMITEWI Uasn B
1594 Wgae1210.

%s.*2470.*2([0-912[0-91).2(\S+).*2([0-9]
[0-9][0-91[0-9)

9 nuAS 2507

Matching rules

Matched content

As seen in Table I, birthday candidate of Angkana
Timdee is 9 February 1964 as part of the snippet
matches with one of the rules.

The second group of personal information
candidates is height. In this part, the pattern matching
approach would look for any 3-digit numbers near
the keywords in the snippets, as it is improbable for
an adult celebrity to have height less than 100cm
unless they have medical issue (dwarfism etc.), before
extracting it. Examples are shown in Table II.

TABLE II

EXAMPLE OF HEIGHT EXTRACTION

Named entity mya Mgy w

Snippet 3 5.0, 2016 ... ndUITNUAUBnATY AU
aodu afarueuda dUaviAuauda
funaenves 3 wwuzi U1 Snanla
audy woudninrmanglisssum 1sly
Fnisensonq fu. Yo-wwena : T
sraugaiiu dniu ;e 24 Wiy
2536 o1y : 23 U firfeq : fiffesan 1 pu
uwidn ¢ 48 Alandu dauge : 167
WuRwns U1uia : gnssnil

Matching rules druge? (1\di2))

Matched content 167

The third personal information candidate group is
weight. The pattern matching approach looks for a
keyword such as “uwin” and then select any number

behind it as shown in Table III.

TABLE III
EXAMPLE OF WEIGHT EXTRACTION
Title Seflun fluodu | GMMS52 NEWFACE
Snippet Sasiun Huitodu. %aym'u. Sefiu. el e,

018, 31 U 5 1fiau. Uwiln. 89 nn. dauae.
184 @y, dndau. - dnn. fn. @wy. A0,
wuuRy. du. 2w, Tne/dangu/ade.
399U, 9. AIWAINTOTLAY,

URL http://gmm.52com/newface/RDMB050

Matched content 89

In this section, 3 groups of personal information can-
didate groups are extracted. Due to the large
number of candidates, statistical methods are used to
select the correct personal information candidate
which will be explained in the next section.

C. Selection by statistics

We use five statistical features for selecting the
possibly correct personal information candidate,
which are support, co-occurrence frequency,
confidence, lift, and conviction. Each of the described
statistical features is explained below.

1) Support

Support is the number of times a name of celebrity
and a personal information candidate appear
together divided by the total number of snippets.
The formula is:

Where a is actor’s name and b = information

candidate c,...c,
f(amb)

N

2) Co-occurrence frequency

Supp(a—)b): (1)

Co-occurrence frequency is a number of times
a celebrity name and a personal information
candidate appears together.
Where a = actor’s name and b = information
candidate c,...c,

Co-occurrence (a > b) =anb )

3) Confidence

Confidence is calculated by comparing the support
of a celebrity name and a personal information
candidate to support of the celebrity name.
Where a = actor’s name and b = information
candidate c,...c,

S b
Conf (a— b) = SPPort(anh)

Support(a) %)

4) Lift
To get lift of a personal information candidate,
divide the support of a celebrity name to the
candidate by multiplication of individual support
of celebrity and individual support of the candidate.
Where a = actor’s name and b = information
candidates c,...c,

lift(a R b) _ Support(amb)

Support (a) Support (b)

“)

5) Conviction

Conviction is division of support of the celebrity
name by support of named entity that does not
co-occur with candidate, and then support of
candidate is compared against support of candidate
without named entity.

Where a = actor’s name and b = information
candidates c,...c,

Indexed in the Thai-Journal Citation Index (TCI 2)
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Support (a)

—_— 5
Support(amﬁb) ©)

Conv(a — b) =

D. Weight estimation using height and BMI index

Due to unavailability of weight information, an
estimation method based on BMI index is proposed.
BMI index is an indirect measurement of body
fatness. The BMI index of less than 18.5 is considered
underweight, and more than 24.9 is considered
overweight. It is calculated by dividing the weight
(in kilograms) with a squared height (in meters)

As celebrities tend to be fitter (male), or skinnier
(female) than the average population, it is assumed
that female BMI index should be slightly under
average to maintain the slim body shape. On the
other hand, muscular male celebrities should have
BMI slightly over average due to muscle weight.
According to Kate Stinchfield of Health.com?,
Angelina Jolie has an estimated BMI of only 17.9,
while Arnold Schwarzenegger is estimated to have
BMI of 30.8.

From our previous experiment, we establish 2 sets
of BMI values for weight estimation. The first set of
BMI values used numbers 18 and 22 (slightly
underweight for female and near the upper healthy
limit for male) as the BMI values for female and male
celebrities. Then, the second BMI value for male
and female celebrity weight estimation is calculated
from average BMI of celebrities with known weight
information, which are 16.7 and 20.2 respectively.
Details of the BMI formula are as follows:

body weight (k,
su,,, = Lo weight ke
body helght(m)
Where f=(18,16.7), m = (22,20.2)

In addition to our modified BMI formula, we also
use a formula based on Martin Berkhan’s ripped BMI
(fat level at 5-6%) calculation per the following
formula.

BMl,,,., = Height (cm)—100 (7)

Berkan’s formula, however, is developed for

athletes.

(6)

IV. EXPERIMENT AND RESULT
A. Web crawling

We used 317 celebrity names presented on
MThai.com/starthai, as input. Snippets were obtained
by using Google Custom Search API, using the
celebrity name as keywords for searching. In total
we obtained 22,484 snippets, an average of 70.92
snippets per one celebrity. Some celebrities were

Shttps://www.health.com/health/gallery/0,,20460621,00.html, ac-
cessed on 6 November 2019.
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relatively obscure and resulted in less than 100
snippets being attributed to them. Additionally,
a master student was hired to manually collect
personal information to make a baseline for comparison.

B. Pattern matching

The recall number of possible candidates for
birthday extracted is 458, height is 98 and weight
is 119.

C. Selection by statistical methods

This section includes 3 accuracy graphs for the 3
celebrity candidate groups, and one graph for BMI
estimation. Fig. 5 Shows a graph for date of birth.

Date of birth

100

95

/ I
85
Accuracy (%)
W Support W Co-occurrence

Confidence Lift

O Conviction

Fig. 5. Accuracy of date of birth features.

As seen in Fig. 5, conviction has the highest
accuracy at 94.32%, followed by confidence,
co-occurrence, support and lift respectively.

Most of the incorrect result were from misattribution
as some celebrities did not have birthday information.
Another problem was some snippets included a list
of celebrities and their birthdays. As a result, the
system happened to pick the birthday of someone
other than the intended entity. Misspelling in words
such as “w.r.” or “nsngAu” also affected accuracy.
Also from observation, candidates tend to be
misattributed if multiple birthdays and actors are
included in the same snippet.

If a snippet includes a list of celebrities and their
birthdays, which still counts as co-occurrence despite
misattribution. For this reason, some candidates have
identical confidence. One Thai celebrity, Alice Tsoi,
has relatively obscure birthday information and result
in multiple contesting candidates (1 and 4 June 1991).

The next part is result from height candidate group.
Fig. 6 below shows accuracy of height candidate
features.
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Height

100
99.5
99
98.5

98
Accuracy (%)

W Support m Co-occurrence
Confidence Lift

O Conviction

Fig. 6. Accuracy of height candidates.

According to Fig. 6, accuracy for most features
are equal at 98.93% except lift, which each correct
candidate has higher than all other candidates.

On height, assessment of candidates showed that
out of 98 height candidates, 4 candidates do not
have co-occurrence with the named entities.
Gee-Thanyachon does not co-occur with her correct
170cm candidate because the candidate instead
appears with her old name: Rattakorn. Similarly,
Gale-Waethaka has height information under her old
name Wipawee. Another is due to misspelling of the
nickname in the snippet. The highest number of
co-occurrence is 9, with the celebrity name Mak Parin.

Out of 94 celebrities with collected height
candidates, only 4 celebrities have two height
candidates as shown in Fig. 7 below.

Heightcan  ActorID SupportCooc  Confidence Lift Conviction
160 137 0.0000444741 0.0238096 35.6905 1.02439
162 137 0.0000444741 0.0238096 89.2262  1.02439
165 189 0.0000444741 0.0140845 17.5939 1.01428
167 189 0 0 0 1
165 311 0.0000889482 0.0136054 16.9955  1.01379
167 311 0.0000444741 0.00680272 12.7466 1.00685
168 313 0.000266845 0.1 1499 1.11111
174 313 0.0000889482 0.0333333 53.5357 1.03448

Fig. 7. Features of all ambiguous height candidates.

As seen on Fig. 7, the candidates for the celebrity
no. 137 have similar values in all but Lift. For the
celebrity no.189 (Gale-Waethaka), the 167 cm
candidate does not have co-occurrence with the
named entity due to name changes as mentioned.
Named entities number 311 and 313 each has one
candidate with more confidence, lift and conviction
then the other, and is the correct candidate.

The next personal information candidate group
to be evaluated is weight. Result is shown in the
following Fig. 8.

Weight

| e

Accuracy (%)

W Support m Co-occurrence
Confidence Lift

O Conviction

Fig. 8. Accuracy of weight candidates’ features.

According to Fig. 8, accuracy is very low compared
to date of birth and height, with maximum accuracy
being only 3.36% for lift.

While 100 celebrities have weight attributed to
them, only 44 attributed weight values are deemed
plausible by manual inspection. The remaining 66
celebrities have attributed weight of less than 40
kilograms which is impossible for a well-looking
actor/actress, except one who is a child actor).

The next part is weight estimation using height,
2 sets of BMIs (18 and 16.7 for female and 22 and
23.2 for male celebrities) and Berkan’s fomula.
As only 94 celebrities have height attributed, weight
estimation is calculated only for them. Result of
weight estimation is shown in Fig. 9.

FName LName NickMa... Gender Weight BMIEst
ECHITRT] Wwdasau Faiiuy M 89

aataiu’ inaz IR} M 69 71.28
usInal AATUTIA [§1H] M 68 68.9238
ndng uvdwdiis  uion M 68 71.28
5UTTEU 2595ULA 1l M 65 67.375
assaviug uzag aau M 73 72.0742
Wigyz g lwdana nasan M 53 63.58
Aaunal unauaLaY vaud M 58 71.28
ARITTH LATHENT Wiz M 60 66.6072
insal dRTuIing uan M 63 71.28

Fig. 9. Complete weight information of male celebrities at BMI =22
(gender, obtained weight, BMI estimation).

As visible in Fig. 9, the estimated weight is higher
for most male celebrities except 3 male celebrities
who weigh more than the BMI estimation, out of 20
male celebrities with attributed weight. One male
celebrity does not have BMI calculation due to
absence of height information.

An example of obtained and estimated weight of
female celebrities is shown below:

Indexed in the Thai-Journal Citation Index (TCI 2)
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FName LName NickName Weight BMIEst
amalan Aunszna TRYRY] F 43 52.9891
agaan uasdu LA F 51 56.2006
WM Wuguiua wws F 49 54.91
algI9 wENAUN fhuvi F 45 51.7275
wWssua au'leiis s F 49 56.8651
Ayl Aafwimawd  wiala F 45 51.7275
SAHEEY] fimATanl iiad F 48 51.1024
Wrian Tanaued ilu F 47 51.7275
TRt i wiudl F 45 49.8636
wau wasilszau wau F 49 50.4811
1Em dudiiann wna F 47 51.7275
dusias anzdau il F 51 56.8651

Fig. 10. Example of weight information of female celebrities at
BMI = 18 (Obtained weight and BMI estimation).

On the other hand as seen in Fig. 10, female
celebrities’ obtained weight is generally lighter than
the BMI estimation. It is notable that no female
celebrity is heavier than the BMI estimation.

Then, the second set of BMI values (16.7 for female
and 20.2 for male celebrities) is used. Fig. 11 below
is a complete result of modified estimation for male
celebrities.

FName LName NickName ... Weight  BMIEstMod
aalaiun finaz A M 69 65.448
usninal AasusIas &I M 68 63.2846
Tnins W TWE RS \fan M 68 65.448
HUITTIY J5InUzNa Tihl M 65 61.8625
assAiug uzInag dau M 73 66.1772
W iig'lwanana na&#v M 53 58.378
Aanw wuALHALAY aud M 58 65.448
AT LATHENT iz M 60 61.1575
nsai dasuiing uag M 63 65.448
LATHFHIE Wigana [T M 65 64.0017

Fig. 11. Example of modified (BMI = 20.2) weight estimation (the
rightmost column) compared with the obtained weight for male
celebrities.

As seen in Fig. 11, 2 male celebrities have BMI
estimation being within 1 kilogram of the obtained
weight.

The following part is the modified BMI estimation
result for female celebrities.

FiName LName NickN... ... BMIEstMod
il duaszna LW F 43 46.5746
anaan uasdu LAN F 51 49 4053
#nnan Wugudauan e F 49 48.263
algIn WENEW fiund F 45 45.4658
WITUM an'ladie [T F 49 49.9814
Al Amfwsmaed unala  F 45 45.4658
adia&n findiani HEE] F 48 44.9163
Wi Tanuuas iiu F 47 45.4658
ATty i windl  F 45 43.8275
wau wnavilszan wau F 49 44.3702
1§ adsudiiann wna F 47 45.4658

Fig. 12. Example of modified BMI estimation for female celebrities.
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Out of 33 female celebrities with attributed height
and weight, 10 female celebrities have BMI estimation
being within 1 kilogram of the obtained weight.

Then, weight estimation based on Berkhan’s
formula is used. It was found that no celebrity with
attributed weight meets the “ripped” weight or
higher, suggesting lower muscle mass and likely poor
suitability of the formula outside of athletic circles.
Example of ripped weight estimation is shown in
Fig. 13 below:

FMName LName NickName  G... Weight ~ BMIEstean
ulan AUATENA R0 F 43 67
AnMeN  wasAu LAN F 51 72
aataifuyi Az ush M 69 80
WA viuguduen uwg F 49 70
us1itel  ARTUsTAY i M 68 77
fning NSRS fian M 68 80
oigan wdnam s F 45 65
sUISTEU 9IEUZAA il M 65 75
WIsUN1 au'laiie WS F 49 73
Aamidiy  Aafwsnaned | wiala F 45 65

Fig. 13. Example of ripped weight estimation (the rightmost column)
compared with the obtained weight.

V. DISCUSSION

Although conviction is the most accurate feature,
at least one record (Ann Thitima’s birthday), has 8
February 1988 and 4 July 1979 as possible candidates.
Although correct, the 4 July candidate has conviction
of only 1.09302 compared with the erroneous
8 February 1988 (actually another celebrity’s birthday
on the same page) that has conviction of 1.175. In
another case, the 8 February 1988 is also a candidate
for Bow Sunita (who was actually born in 1975), and
has higher lift and conviction than the correct
candidate. Despite this, high confidence (0.0434782
compared to only 0.101449) ensure that the 1975
candidate is correct.

In addition, misspelling or use of old names can
lead to incorrect candidate extraction. In our
experiment, 2 celebrities had their correct weight
information under their old names and as a result
were not selected.

VI. CONCLUSION

In conclusion, we have developed a system to
automatically extract personal information candidates
using novel rules. Moreover, association rule measures
and statistical methods were used to select the
possibly correct information. Furthermore, a modified
BMI-based weight estimation method is proposed to
overcome absence of data weight problem. We tested
the methods with Thai celebrity from MThai.com and
our method gained more information than MThai.

In future works, we plan to employ machine learning
to find other information such as work/romantic
relationship between actors, films, or production
crewmembers.
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