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Break RSA encrpytion by Shor's algorithm
Wiphoo Methachawalit

Shor's algorithm is the one of the most famous algorithm on
Quantum computer. This is an algorithm proposed the way to break RSA
encryption in 1997. In recent year, quantum computers are now more
available for researchers. The superconducting quantum computers are
developing and investing by big name companies like IBM, Google and
Rigetti.

IBM Q experience is quantum computing that open for researchers
to develop their application or experimenting with quantum computer. The
RSA encryption will be cracked by Shor's algorithm using currently
superconducting quantum computer.

Biography:

Wiphoo Methachawalit received B.S. degree in Computer Engineering from
King Mongkut’s University of Technology Thonburi, Thailand, in 2010. He
experienced as Head Research Development Department with a demonstrated
history of working in the media production industry. Skilled in Python, C++,
Databases, OpenGL, and Software Documentation. Currently working with
Refinitiv Software (Thailand) as Lead Software Engineer.



Food image retrieval and recognition using Convolutional Neural Network
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Abstract—We propose a food image recognition system
with Convolutional Neural Networks (CNN). CNN has been
applied to image recognition successfully in the literature.
The network consists of four layers has been built. Ten
dataset are prepared from Wongnai website. We have
achieved the best accuracy of 71.02% on the dataset.
food

Keywords—Convolutional ~ Neural

photography, Image recognition

Network,

I.  INTRODUCTION

During recent decades, the role of the media - especially
the social media sites in our lives have grown significantly,
and their influence on culture and society is now extensive.
Common activities on THE SOCIAL MEDIA SITES are
viewing and posting pictures of tempting food that relies
heavily on reviews and recommendations — such as
Facebook, Instagram, Twitter, Pantip, WWongnai and etc.

Apart from food, there are numbers of new cafes that
are trending in THE SOCIAL MEDIA SITES. There are
too many for people to follow, especially in the city center
like Siam Paragon or Siam Square One. Due to the shift
toward social sharing, we often see friends’ stories or news
feed posts of eye-catching desserts that can promote
impulse cravings. Unfortunately, most of the time, these
restaurant locations are not shared. Thus, we propose an
application, which users can upload the pictures of the dish
and find out from which restaurant it is from.

Il. RELATED WORK

Image analysis has the most popular feature called
Convolutional Neural Networks. Both [1] Bag of color
features (BoCF) and Bag of texture features (BoTF) are
number of methods have been proposed by extract the
histogram based on the learned color and texture, also used
combined BoCF and BoTF and finally classify the food
images with a linear support vector machine (SVM)
classifier. The other applied deep learning, which was a
popular method recently in the image recognition field.
Weishan Zhang et al. [2] proposed four different datasets.
The model achieved an accuracy of 80.8% for the fruit
image dataset. In 2018, Ukrit Tiankaew et al.[3] built a new
CNN model architecture using transfer learning in the
modified VGG19 with 13 different kinds of Thai local food
(7,632 total images after clean the dataset). The model
achieved 82% test accuracy.

1. METHOD

Our model consists of 4-layer sub-blocks with 224x224
image input and the first layer having (32x3x3) feature

map. The remaining layers compose of (64x3x3),
(128x3x3), and (256x3x3) sizes respectively with each
sub-layer block having pooling. The final block which is
fully connected containing dropout. In summary, the
network has 9,828,426 total parameters.

A. Building a dataset using web scraping

In the process of getting and preparing data, we use
Python and BeautifulSoup to write a script that search for
images of each class on Wongnai. The brief fifth steps have
outlined [4]. The first is about connecting to a webpage.
The second step is method of parsing html using
BeautifulSoup. The third operates looping through the soup
object to find elements of dataset. The next step shows
performance of some simple data cleaning. At the Last step
creates the data to a CSV file.

B. Convolutional neural networks

In the last few years, CNN has been widely used in food
recognition applications, and it achieved better
performance than the conventional machine learning
methods.

CNN's are typically a configuration of three types of
layers. Convolutional Layer, Subsampling Layer and Fully
Connected Layer.

e The convolution layer takes the convolution of the
input image with the convolution matrix and
generates the output image. Usually, the
convolution matrix is called filter and the output

image is called filter response or filter map.

This layer is mainly to reduce the size of the feature
map for a faster processing time. A widely used
pooling algorithm is max pooling. It extracts sub-
sections of the feature map finds their maximum
value, and drops all the other values

This layer perform classification on the extracted
features after the down sampling process by the
pooling layers

HIDDEN LAYERS

Fig. 1. Example convolutional neural network architecture
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C. Food retrieval

First step for retrieving input images. We list 10 bakery
shops’ links around Siam Paragon from website
www.wongnai.com into CSV file. Then we run our Python
program for collecting list of photo’s URL and photo’s
name from elements of Wongnai’s website inserts into
bakery shop’s name CSV file. In the python program has
processed getting 200 photos’ data elements of each bakery
shop by using requests library of python programing
language.

W wongnai_image_hijacker.py

Oct 10, 2019 at 14:00

Oct 10, 2019 at 11:04

& leadlist.csv

v img_list Oct 10, 2019 at 13:33
& twg.csv Oct 10, 2019 at 13:09
@ pablo.csv 0Oct 10, 2019 at 13:09
@ milch.csv 0Oct 10, 2019 at 13:09

Oct 10, 2019 at 13:09
Oct 10, 2019 at 13:09
Oct 10, 2019 at 13:09
Oct 10, 2019 at 13:09
Oct 10, 2019 at 13:09
Oct 10, 2019 at 13:09
Oct 10, 2019 at 13:09

&, kanom.csv

%, harrods.csv

& gram.csv

& brix.csv

&, bangwan.csv
&, bake_a_wish.csv
& afteryou.csv

v img Today at 17:05
> twg Oct 10, 2019 at 13:54
> pablo Oct 10, 2019 at 13:53
v milch Oct 10, 2019 at 13:52

Oct 10, 2019 at 13:52
Oct 10, 2019 at 13:62
Oct 10, 2019 at 13:52
Oct 10, 2019 at 13:52
Oct 10, 2019 at 13:52
Oct 10, 2019 at 13:52
Oct 10, 2019 at 13:52
Oct 10, 2019 at 13:52
0Oct 10, 2019 at 13:52
Oct 10, 2019 at 13:562
Oct 10, 2019 at 13:52
Oct 10, 2019 at 13:52

s ff8c36a369fedbe68beSad7422aebc24.jpg
= fd96535d883bac1babd222ad01ef2a99.jpg
|® f793524ca25343caa9890e39fd85dbc8.jpg
® f887b84717f44780b86afb9d436edcdb.jpg
H f0302a08ab6445fcal2zb08151a0d8das jpg
|& f85d4caBcff048dafe6c0a28e00876d9.jpg
= fA6bcB35d26b48298e196cedfe76c5b.jpg
= f4f35c4b6afd4106b03337dc240f628¢.jpg
™ efeb774c6d584892b16ef574ci6b9abe.jpg
% ef23beadBe054f81b3947a561¢91a7060.jpg
B e080644d411490f8eBb75aal79f9952.pg
‘& ee73dab6edab4e8c854df6737c141f59.jpg

Fig. 2. Example images from Wongnai’s website

IV. EXPERIMENTAL ANALYSIS

A. Dataset

To demonstrate the validation accuracy of our proposed
model, we used the dataset which we get from Wongnai
website. The dataset consists of 2,000 dessert images of 10
restaurant including: After you, Bake a wish, Bangwan,
Brix, Gram, Harrods, Kanom, Milch, Pablo and Twg. 70
percent of the images were allocated to training set and the
remaining 30 to validation set.

S En‘rﬁ

hnod

0d%aba19760540 OdbbctOcébbadb  0e983d8500404e  1aSbBccS6Tbdel  02e32b24e1724b5 2201128226464 2bb0alOAbA94S
4g6dcaabdedbdad  608151050adcofb  TbB17c2E8a8T2  Gal03ebefTdead  dbbSF3T4adBdd02  6BATIISFS2b3dS0  ATbEAF2DIfeaBad
fipg acBjpg 17ipg 3ajpy Tajpg 3ipg ed%jpg
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Ao Mg B
ARk L& N 2 ]
* » 4 ~
- & v 4 1
14 6475123602547 Giclded3fc5947e  7cS20496ac1d%a  Td1a54b8bbbedS
b3bd033177ec61  3b6836ea3adedc 7a950bmassm 6b6c6020577d8d  7a50454db0af758  2ad0eSd992bcl9  228¢53222362754
23b,jpg 0fjpg 3jpg 363jpg jpg 9bb.jpg dd3jpg
Fig. 3. Example dataset
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Fig. 4. Proposed CNN architecture

B. Result

A lot of technique like dropout were employed to fit
our small dataset into our large model. We solely used 30
epochs in the entire experiment. In addition, we adopted
smaller batch size to improve the classification
performance of our model although with higher
computation demand and time. In figure 3, we obtained
93.02% training accuracy and 71.02% test accuracy with
training size of 224x224 on both dataset.
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V. CONCLUSIONS AND FUTURE WORK

We presented a convolutional network for classification
of dessert categories and achieve an accuracy of 71.02% for
the dessert image dataset. In future, we plan to introduce
more dataset and classification scenarios to improve the
accuracy of the proposed model.
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Extract keywords embedded in comments from YouTube to predict trends

Nattakorn Kointarangkul, Nuttapol Thitaweera, Chittipat Pasomsup
Department of Computer Engineering
Faculty of Engineering
Chulalongkorn University
Bangkok, Thailand
{6270076621, 6270086921, 6270034221} @student.chula.ac.th

Abstract— We propose a program written by using TF-
IDF algorithm to extract Thai YouTube video keywords.
This research is based on identifying Trend Keywords from
other keywords by using stop-words algorithm. For the
evaluation part, we use various media genres to classify
specific types of keywords. As a result, our algorithm was
able to identify the targeted keywords and grouped them in
accurate genres. The results show that accuracy levels varied
between 43% and 69% depend on genre. However, the
performance of TF-IDF depends on the numbers of video
comments. To sum up, the more keywords we have, the more
accurate the prediction will be.

Keywords— TF-IDF;
keyword extraction

text representation; YouTube;

I.  INTRODUCTION

In these modern days, YouTube has become a vital part
of our lives. No matter which country you are from, one
could not deny the effect it has on us. At this very
moment, there are more than 1.9 billion YouTube’s Active
Users in each month. Furthermore, according to the
statistics gathered, YouTube is ranked, “second” in the
most popular Search-Engine Category, of which, each user
is likely to spend no less than 40 minutes per access on the
platform. Interestingly, the time spent on each access for
every user is predicted to raise to more than 50% per year.
To add on, for each and every poll conducted, Thailand’s
YouTube users are ranked among the top 10 list of
countries, which have highest YouTube users: 93% of the
YouTube users in Bangkok and its surrounding counties
are active ones, and 92% of the rest of the country are
active ones as well. YouTube consequently is considered
as one of the strongest marketing channels apart from
Facebook. However, it takes a considerable amount of
effort to try to follow the YouTube’s trends, since they
could not be measured precisely and as a result, could not
be predicted in an effective manner. Hence, there is still
room for improvement, which will make the data from
YouTube become more visible and valuable. Our
challenge is to bridge that “gap” and come up with a newly
invented solution to detect various trends embedded in the
platform such as emotions and toxicity. We propose a
framework to extract YouTube video keywords in order to
capture YouTube’s trends from users’ comments

Il. RELATED WORK

Term frequency-inverse document frequency (TF-
IDF) is one of keyword extraction methods [1] that cloud
find related words in a document which are embedded in
the context. It allows us to get rid of unnecessary words,

hence only the targeted ones are left for us to examine
further. However, for Thai language, one of the many
difficulties is that there exists of no space within and
between sentences, which undoubtedly causes the TF-IDF
algorithm to be less effective. N. Ousirimaneechai, et al.
[2] has proposed an algorithm which would find a stop-
words without using the word tokenization or other
training data sets and corpora. He presented a solution for
finding the Trend Keywords from using Character n-
Grams, TF-IDF, K-Means and Elbow method, and
validated the result by classifying his output.

Moreover, P. Sarakit et al. [3] considered how to
automatically recognize the emotions which were
embedded in YouTube videos. They use 6 basic emotions:
Anger, Disgust, Fear, Happiness, Sadness, and Surprise.
Performances were measured by using 3 alternative
machine learning algorithms, namely, multinomial naive
Bayes (MNB), decision tree (DT) and support vector
machine (SVM). The results have shown that this
particular algorithm could actually classify sentiment and
moods in the videos. Moreover, the further study of
classifying emotion in YouTube video has been conducted
in 2017; J. Savigny, et al. [4] compared the results by
weighting with unigram, bigram and trigram methods
which involved a number of word embedding techniques
such as average word vector, average word vector with
TF-IDF, Paragraph vector and Convolutional Neural
Network (CNN), of which, illustrated the achievement of
extracting the focused contexts in the video comment.

Finally, the social-media contents and their topics are
characterized by some keywords and their scale of impact
changes over time. As a result of these behaviors, a method
to extract and explore the dynamic of data from tweets was
proposed. In this paper [5], they proposed a dynamic-
keyword extraction method from social media topics, that
outperformed all the baselines and produced the value of
exploited keywords.

I1l. METHODOLOGY AND RESULTS

In this work, we propose a framework to Capture
YouTube’s Trend from Thai YouTube Comments which
consist of 7 main steps (A) Collecting YouTube Comment
(B) Data Cleansing (C) Word Tokenization (D) Bag of
words (BOW) (E) TF-IDF (F) Visualization (G)
Evaluation

A. Collecting YouTube Comment

We collect data from YouTube by using YouTube data
APl V3. API is an Application Programming Interface
designed to retrieve various types of data from YouTube
such as trendy videos, channels, playlists, and comments
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Our targeted data is the comments based within Thai
YouTube channels. At this very moment there are a total of
28,500 comments embedded within trending YouTube’s
video, as shown in Table I.

TABLE I. A SAMPLE OF TRENDING VIDEO COMMENT ON
YOUTUBE
Index Vllcé)eo Catlelgory Title Tags Conl'lgent D}I;?)Ttay
0 xQI9% 10 GOT7 JYP UgzWu9 1like =
ZEY- bt Entertain 8MUBK 1
BO soL ment{JYP| TBSmyvl ahgase.
T=T IB|0HE B4AaAB <br
Lo LIPS A9 /2L <br
- _Te />l<br
°|E_(You o) />1
Calling
My e
Name)" Z|GOT...
MV
28500 | mYby 10 aalmas il
ﬁlCLG [ mahi | il U?(W@QSS wh
aiga 2019 egaline WKJ Playlist
] ERITICE] ;‘,‘,:’;L“::: rscOR4Aa wrrwy
o ABAg
gnijadailaay Mz
i 15
mal...

B. Data Cleansing and preparation

In Text classification we use words as one of the main
features so it's important to remove unwanted characters
such as numbers, emoji, HTML tags. For this research we
focus on Thai Language, therefore, none Thai characters
will be removed during the process of this step. We used
regular expressions for validating Thai Characters, which
automatically will help filling in missing comments, as
shown in Table II.

TABLE II. RESULT AFTER PROCESSING OF COMMENT
Index Video Categor - Comment Text
ID o Title Tags ID Display
61 xQI9 10 GOT7 JYP Ugzn3adq | wnafe
ZEY- bt Entertain OE3Ejsw Fevudn
BO ment[JYP 1wpN4Aa

Hoo wanqa'hi
FE=

pB|ot| | ABAg

R fianta

U1
Lkel

O|E(You o ...
=]

. |
Calling
My R
Name)" AlcoT
MV e
255 xQl9 10 GOT7 JYP UgytORf Tnown
ZEY- gup Entertain W2sqKz0 .
BO mentJYP tG2V14A >t
‘?—EE aABA AT
|9B|ot3| g
Hel Seym
0|2,
I S(vou | o x|
Calling
My R
Name)" (GoT...
MV

C. Word Tokenization

Tokenization is the act of breaking up a sequence of
strings into pieces such as words, keywords, phrases,
symbols and other elements called tokens. Tokens can be
individual words, phrases or even whole sentences. In the
process of tokenization, some characters like a punctuation
mark, and stop words are discarded we used PyThaiNLP
(Thai Natural Language Processing in Python) for word
tokenize and remove stop words. An example result is
shown in Table I11.

TABLE Il RESULT OF WORD TOKENIZATION
Title Comment ID Text Display Tokenized
cot7 L% _ N .
soL Lo Ugzn3adqOE3Ejs nansendudannguhi [nnasai, fu, udn, ©i
T== tel wilwpN4AaABAg e T, g, W, Aavdy, ..
0|5 (You Calling
My Name)" M/V

D. Bag of words (BOW)

Bag of words (BOW) the bag of words model is a
simplified representation used in natural language
processing and information retrieval. We will generate our
model by applying these following steps. First of all, for
each word in a sentence we check if the word exists in our
dictionary or not. If it does then we increase the count, on
the other hand, if it does not, we will add the word to our
dictionary. Secondly, we construct a vector if a word in a
sentence a frequent word, we set it as the previous one, else,
we set it as 0 but for our research, we decided to use TF-
IDF Vector Space Representation.

E. Term Frequency-Inverse Document Frequency

Use the TF-IDF algorithm for keyword extraction on
comments made in YouTube: words with high-frequency
will be marked as keywords, on the other hand, words with
low frequency will be regarded as the opposite. The TF-
IDF is an information retrieval technique that weighs a
term’s frequency (TF) and its inverse document frequency
(IDF). TF-IDF is evolved from IDF that proposed by [6]
for each word or term has its respective TF and IDF score.
The product of the TF and IDF of a term is called the TF-
IDF “weight” for The Calculation for TF-IDF that used for
term weighting is shown in the equation (1) as provided by
[7]

(TF-IDF); = TF; x Log(IDF)) Q)

Leading to an assumption of their relationship and
correlation in one or many ways. Therefore, we could
expect an output of emotions and reactions based on a
particular video. An example results are shown in Table IV.

TABLE IV. EXAMPLE RESULT OF TF-IDF oF GOT7 "L|7}
£ 2& LE9| 0|&(You CALLING MY NAME)" M/V
Keyword Value

was 0.3103992424729721

it 0.17970482458961543

kBl 0.1306944178833567

1 0.09802081341251752
Auds 0.04901040670625876

F. Visualization

Mapping a group of words which could be categorized
into its genres. Hence a graph theory could be
implemented to enable the result to be visualized. To show
the relationship between weight and its frequency, the
scatter graph enables us to do so by showing the significant
keywords below in Fig. 1.
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TF-IDF vs. TF
0.4
0.3 @ was
0.2 e
[
0.1
[ ] -
® Aung
[
0 ® ® °
0 0.02 0.04 0.06 0.08
Fig. 1. Relationship between TF-IDF and TF
G. Evaluation

Evaluate the result by experimenting with the
“keywords” found and examine their differences. For
Evaluation Method we used a human for validating the
results of keywords, Fig. 2 show the accuracy of keywords
in each genre. Conclusion and future work should be
conducted based on previous results.

Accuracy of extracted keyword in each genre

NEWS
MOVIES
GAMING
SPORT

MUSIC

BO

Percentage

Fig. 2. Accuracy level of keywords in each genre

IV. CONCLUSION AND FUTURE WORK

After implementing the program, we have reached a
conclusion that the algorithm has the ability to identify
various types of keywords and results show that the lowest
accuracy levels is news genre, 43% and the highest is
music that is 69%. The reasons that can support this maybe
the meaning of words in each genre which not comparable
when we separate them into keywords. Therefore,
performance of TF-IDF depended on the number of video
comments and word tokenizes. In a case where a list of
various types of videos are given, the Word Tokenizer
performance could significantly be improved, hence the
upcoming trend of each video genre could be forecasted
more effectively . In the future, we should collect keywords
from different video genres, because the pool of keywords
may lead to a significant discovery of a new upcoming
trend. Moreover, we should be willing to try out other data
models to improve the accuracy of the predictions.
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Abstract—People use ATM service to pay bills, daily
spending and withdrawn cash for their personal use. Being
able to predict amount of daily cash needed in each ATM
is very important to financial institutions as it ensures cash
is used efficiently and effectively throughout the branch
network. In this paper, we will use the method of moving
average to forecast future cash flow from historical data.

Keywords—ATM, cashflow, moving average

I.  INTRODUCTION

ATMs are considered very important tool for
interaction between bank and customers. People use
ATM service to pay bills, daily spending and withdrawn
cash without worrying about bank’s working days,
business hours, etc. To be able to serve customers when
they need cash at any time is beneficial to the bank.
However, storing cash in the ATMs have costs, for
example, overstocking cash means banks cannot invest
this non-earning asset to generate interest income and
delivery cost that bank absorb when deliver cash to each
ATM. One of the primary concerns with ATM
management is to determine the efficient level of cash
inventory in each machine and there are different
techniques offered to handle this problem.

Il. MOTIVATION

ATMs are like major physical laws of open system
environments with dynamic cash balancing within the
boundaries of the machine. Running out of cash at an
ATM or other location means reduced revenue from lost
surcharge fees and increased expenses due to emergency
currency deliveries. ATM forecasting and services
availability is one of the most crucial factors in the ATM
network services business. Using ATM cash
management optimization and efficient cash loads
routing, banks can avoid too much cash in the ATMs.
The key to the ATM’s forecasting is to capture and
process the historical data such that it provides insight
into the future.

I1l. LITERATURE REVIEW

A. ATM Cash Flow Prediction

For many financial institutions, ATMs act as facility
that serve their customers for daily needs such as bill
payments, transfer of funds, and cash withdrawn.
Customers need to be able to withdraw cash for their
personal use 24/7. Being able to predict amount of daily
cash needed in each ATM is very important to financial
institutions as it ensures cash is used efficiently and
effectively throughout the branch network. Serengil and
Ozpinar (2019) claimed that some banks might store
40% more cash in ATMS than its demand. Finance

institutions might have thousands of ATMs. That’s why
even small optimizations in business operations would
contribute high earning. This concern becomes even
more critical for countries having high-interest rate and
overnight interest rates are higher.

One of the most crucial factors that impact the
amount of cash in the ATMs is the location of the ATMs.
According to Genevois, Celik, and Ulukan (2015), cash
management is one of the main concern of a bank and the
problem is to determine how much cash should be put in
each ATMs, so it satisfy customer demand. If the
demand is higher than the amount of cash in the ATM,
then the bank will have to pay for the cost of refilling
tasks. Other factors related to the prediction of cashflow
in the ATM are population density, population salary,
and holiday effect.

B. Cost Function

Running out of cash at the ATM is not an ideal
scenario for the bank since it means bank lost revenue in
the form of surcharged fee and impact bank reputation.
However, by overstocking cash means bank cannot
invest this unused cash to generate interest income.
Serengil and Ozpinar (2019) claimed that refilling low
amount of cash in the ATM would not be a solution
because each refilling has a cost of out-of-service time
and overtime pay of employees. In their study, they
evaluate expected demand, duration, and transportation
expenses to find the cost for the following seven days
cumulatively. They found both negative interest
reflection and transportation cost for a candidate pair of
amount and days.

C. Methods

There are many research related to the prediction of
cashflow and the cost optimization for refilling cash at
the ATM. Bhandari and Gill (2016) used artificial
intelligence concept to develop ATM forecasting system.
In their study, they used artificial neural networks which
provide a methodology for solving many types of non-
linear problems that are difficult to solve by traditional
techniques. Artificial neural networks can be described
as a pool of processing units which communicated
among themselves by sending signal. Then each of these
units accumulates the input its received, then produce
output according to some defined function. The steps
they used for ATM forecasting model are as follow.
First, they collect past data which contained detail of
total amount withdrawn with dates. Then, they
normalized such data into values between 0 and 1. The
purpose of this step is to allow the activity function to
work at least at the beginning of the learning phase.
Therefore, the gradient which is a function of the
derivative of the nonlinearity will always be different
from zero. Next is feature extraction including day
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number, week day, weekend effect, salary effect, and
holiday effect which also extract from past data.

Next, method used to optimize ATM cash
management is generic algorithm. Armenise (2012)
suggested the application of generic algorithms as means
for searching and generating optimal upload strategies,
aimed at identifying a set of uploading rules able to
minimize the residual stock and to guarantee service
availability at the same time. He believed that generic
algorithm is the best search to find the optimal solution.
Instead of using generic programming which gives a
more general structure, it used higher cost of space than
generic algorithm. The data used in this study consists of
30 ATMs which divided into 2 groups of 20 ATMs and
10 ATMs with at least one representative for each class.
Also, 70% uptime of ATMs is being recorded that is the
time of service availability for cash withdrawals.

Another popular method used for predicting cash
flow in ATMs is machine learning. Machine learning
code is responsible for predicting daily demand of
customers. Serengil and Ozpinar (2019) used neural
networks model to predict daily expected cash
withdrawals and deposits for the following 15 days. The
difficult part is that the model assumes all the workload
from the previous n days as inputs. So, today prediction
can be done by upload yesterday’s workload since we
already known the previous day workload. Therefore,
tomorrow workload can be identified by catching today’s
prediction as an input and tomorrow’s forecast will be
given as an input for the next day prediction and so on.

There are research shows that the location of the
ATMs is also very important to predict the cash flow of
the ATMs. Chowdhury (2017) studied how we can
optimize the location of the ATMs networks. The
methodology used is divided into the following sections:
data pre-processing, visualization of extracted features,
inferring the priority weights to be assigned to each
features and deduction. After that we exploit the weights
to fit a regression to compute revenues generated by each
ATM. The data consisted of 11,229 ATM locations in the
state of California and for every zip code 73 more
features are observed from the website. For the accuracy
of the analysis, they deployed 2 separate models: one for
capturing the global features and another for the local
features. Both models are used to compute the weight of
the features and predictions are computed. They
observed that the factors with higher weights vary greatly
with the counties.

IV. DATA COLLECTION

Experimentation made use of data collected by a pool
of 5 ATMs, chosen to represent a wide range of different
location around Bangkok area. The following is the
summary of where the ATM are located.

The sample data is collected from a commercial
bank based in Thailand. The period of data used is 6
months from January to June 2019. Our sample consist
of daily information such as number of customer
withdrawn both bank own customers and other bank
customers. Also, the amount of money being withdrawn
from both bank own customers and other bank
customers are collected. Hence, we can see the cash flow
movement of each ATM.

TABLE I. ATM ID NUMBER

ID Number Location
BK1001 BTS Station Saladang
BK1005 Paragon Mall
BK2500 Q-House Office
BK2506 7-11 Store Rama 3
BK3001 Central World Mall

V. PROPOSED MODEL

In this section, we will outline the methodology used
to forecast the amount of cash flow needed for each ATM
around Bangkok area. Predicting how to fill cash in ATM
each day is difficult to do. There are so many factors
involved in the prediction — people behavior, weather,
rational and irrational behavior of people spending. All
these aspects combine to make ATM cash flow
prediction very volatile and very difficult to predict with
high degree of accuracy. So, we introduce the method of
machine learning to help predict the amount of cash flow
needed in the next 7 days.

In this research, we introduce the method of “Moving
Average” which is a technique often used in technical
analysis that smooths price histories by averaging daily
prices over some period of time. The predicted cash flow
for each day will be the average of a set of previously
observed values. Instead of using the simple average, we
will be using the moving average technique which uses
the latest set of values for each prediction. In other
words, for each subsequent step, the predicted values are
taken into consideration while removing the oldest
observed value from the set. Fig. 1 show a simple
illustration that will help understand this with more
clarity.

Observed
F b Average

values

1 <— Prediction
Tobe
predicted

Fig. 1. Moving average framework

- Average

< Prediction

Therefore, the first step is to create data frame that
only contain only the date and amount of cash
withdrawn, then split it into train and validation sets to
verify our predictions.

VI. RESULT

The amount of cash withdrawal from ATM depend
greatly on what day of the week it is and whether it is
the beginning of the holiday period or not. Fig. 2 to 8
below illustrates Paragon Mall withdrawal cashflow
each day and the forecasting period (July 2019). On
most days, the amount of cash withdrawn increases as
holiday period approach. This implied that people tend
to withdraw cash to spend during the holiday.
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Fig. 7. Paragon Mall Saturday Withdrawal
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Fig. 8. Paragon Mall Sunday Withdrawal

The result of forecast cashflow in each ATM on each
day is summarize in the table below.

TABLE |l 7-DAYS CASH FLOW FORECASTING RESULT

1-7 July 2019)
ATMID Location Monday  Tuesy Wecnesday Thusdy  Frday  Saurdy  Suncay

BK1001 BIS Saladarg 186200 70000 26400 | 20400 21220 2440 19250
BKI06 Paragon Mal 7140 2690 2970 20630  B160 2500 26680
BK2S0  QHouseOffice | 188300 220700 23530 28400 262900 | 125000 102000
BK26 71 Rama3 216200 194500 21020 184000 164800 110500 %500

BK3001 Central World 183,000 215000 220900 283700 254,000 271500 221,000

The forecasting result showed that location and
holiday period are important factors to the amount of
cash flow in ATM. From our ATM selected for this
study, the highest amount of cash been withdrawn is the
ATM located at the shopping mall especially on
weekend period. As we can see from Fig. 6 and 7, the
amount of cash being withdraw on Friday and Saturday
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is significant higher than other days. Moreover, during
holiday period the amount of cash withdraw increase
almost double. On the other hand, the amount of cash is
low for the ATM located at the working office during
weekend but high on weekdays.

VII. CONCLUSION

To be able to predict ATM cash flow accurately,
banks could potentially benefit from it in term of
increasing profit in the form of fees or reduce costs such
as delivery cost, interest rate cost etc. However, it is a
challenging since there are many factors that could
influence the amount of cash flow needed in each ATM.
Moreover, there are some other factors such as people
spending pattern that cannot accurately forecast.

In this paper, we used 6 months historical cash
withdrawal data of 5 ATMs around Bangkok area and try
to predict next 7 days of cash needed to fill in each ATM.
We found that ATM at the shopping mall such as
Paragon and Central World mall need the highest amount
of cash on the weekend. As for ATM at the public
transport such as BTS station, we need to fill the cash
during weekdays and not much on weekends. As for
ATM at the working office area, filling cash before
holiday period is recommended.

In this study, we use the method of moving average
for forecasting future cash flow. There are drawbacks to
this methodology. Since moving average draw trends
from past information, they do not consider changes that
may affect the amount of cash being withdraw such as
new competitor ATM being place around that area.
Moreover, moving average does not consider any
seasonal change that past data represented. Therefore, for
future study one might try to use time series approach to
forecast amount of cash needed in ATM.
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Abstract—This work proposes a system to detect violence
events from surveillance camera in order to improve the
speed and autonously report the event. The analysis is based
on the technique of bag of visual words. The dataset consists
of 1,000 video clips that contains violence scenes and 1,000
video clips that does not contain violence scenes. The

accuracy of the model is 90%. The limit and the challenge of
the work is discussed.

Keywords—Video surveillance, image processing, security
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Abstract YouTube viewers can limit the view of
inappropriate content with the restrict mode using title,
description and language. This work proposes a method to
filter the content without inspection on video data but using
comments of that video to classify violence/not-violence. The
technique employs Convolutional Neural Network. The
accuracy achieved is 84%.
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Abstract—A popular topic on social media in Thailand is
the review of touristic places. This research focuses on the
use of data on social media. This work analyses the
popularity of touristic places from Facebook. Various data
collecting techniques are used and the data analysis is used to
marketing in order to improve the economic situation of
touristic places.

Keywords— sentiment analysis, social analysis, Facebook

I.  INTRODUCTION

v e

RN

9 '

ATUNITIN

AN 1o w

fegdnin laenaly

YIHIUNIGE D FIRUNATS ) D171 U

lusfinnsidnfisteya DuLNYIUY

Y

arunsardfedouali

Y
wiiadefiant mlsdeuusiinisvieniivanuaniuiisng q Wusiu Jeya

Y e Y

Friagimul

U

v 1y =

ANNIZAU JIUDIATINU

P ]

Yagivyay

U L]

lssuiseglunsuay uazliaunsas
wanuany wagldyuveanisiauede 199770 woily
Yagtudieaiuienvedlu@uaiife (Soical Media) #1149 9 L¥u
Twitter)

wlgdn (Facebook) 8uansiwnsa (Instagram) N3nmas (

Hudu sihlinsdhdsdeyaldietu Sammindodenniudes
sufsannsadududeyauasAnufiniyldlasde
wednduledoailifefldsunnudouuniigarlan saudily
Uszindalve nisléedndmsudnulnelutagduuenmileluain
mslfiftennshndedoans wouns uashnniunnuiadeuln sauss
wanseuARIusEIanguiou uazngudnlumetnud Sneg
vileilFsuaudenliusitu de nsléimednlunsdeu waven3n
(Review) A9 o AildSuauiey wierdudu nsvua Semsatu
mwaulavefliinadnudazau Tasvane q auuenainyiiiiuile
Wunsuisludeyatuiiieu 1 lumednud Ssinmsamamssas
dieliaumlufiauladndstoyasin 9 Iésuidenty
anuivieaiiealulssmelnefiudmd gl dmagnionthun
Guidelunshiindusiwaumn fiinszaniuiiveaiedlu
Uszmelnefioglunnimin uazanuiivieiloaluusaz Sminusas
anufifauaieay s uaziendnualiiunnsdreiueonly

wenwieanidyuANImsNNvesaranuvieuigui Jadedu

-19-

Adgrtesiunisviesdien Adumdefidudiunidunsnisi way
v P ' aa a9 v I ad a a o
drudidraneusiiilinnuaula wu Bnisdiunis aauiinlu
UsnadlndiAes Suens Wudu
- v e L v a
woAnssuvesfldiadndiulngasiinisnovanes wazidlull
drutuiulnadiferdesivaauiindléadnIuveu wieidu

o
19

a = = 0§ YVyaw = a
anunfinuesaulaseinfiagll Fuihlifidoaulafinw uaziien
ANUTENANIUNYIDUNEINANIANTITE TaAuUTeNe uazdl
v & v o @ o A g v o
Arudndadudununn dwedulsgleviluiunsiiniseaiaves
npdusguaazionyy wazsilulsslevivedauriodiureanui
vioufigadie 4 Mazaunsalddeyanendry uldiienisusuuss
WagukUas AuALazUIn1svemue M AAANIINTEAUATEEAY
vosaulunuile

ns3deluatuiliinissiusudeyaannamadnalsisaey

v o '

Werdasiunsvieniisrilésuaudesludsemelng Taonisiiv
Yoyavesaniufivosiiiuadie q deduiugiinagnla $1udu
pawLLF (Comment) waziifonnilusngluaousud aandui
anuiviendisausdazanuiiinndanguaudssinvuesaniud i
thieyarfinagnls uazduiuaeumus 11inanudouvesaniud

NoAleIUssnne 9

Il. LITERATURE REVIEW

A P ' %

anuiviesfienlulssmdlneauisanisesnlsvateUssinnany
Aanssu Belananlilunuide 7] lnsnwddednanlasndadeya

' = ' o ' ' o a oA
NnMsviesfigiuissendlveg sndorau nagde Wul Yuen
voaendeimusssy Wudu Tuaudde (2] 1014 K-Nearest Neighbor
Algorithm (K-NN) Tun1sdanguaniuivieuiies Ainguvesdoya
TndiAeeiu wagld Semantic Web Rule Language (SWRL) Tunas
P e ° a0 an' ' g v
asengildlunisuuzihanuivieaiznannguussiavvasanuili
uiazyaaa agldiudseing q Ao 01y A Auaula wagUsean

a

Ao uNviaaNgInINAINTSY

Inanis3dend@nwnnerfuldledeaiiifefineideeiunis

a

viendleruasanuiieniisaludszimalng Tnaidunisinwiing
puduiugseninennsld wasanuidedoludelniuatunsvieniien
wiold [3] :inmsAnwanudn dnslddeledvaludou sewing uas
mendinsvisadior Wulvluniswdeumsveaniien mussuaala
LLazm‘ﬁa;&aLﬁ'a'sﬁugwmaﬂmww wavaonuitin %ﬁﬁ@lm%ﬁﬁgﬂ
Hundign fie dolnTuavesypnaiian
lun1siaaudenvedliledeailine aunsaldguuuunisin

wannvatawuulunsiiansan wu Snnuglinduiiou nafianu na



Research Methods in Computer Science Conference 2019

gnlawa (Page) Snnuglinidmngleyasgaiiane 91uiunisng

o

[2¢]

o
o

gntasilemiiutaliu Srunupeuudvesild Judu Taedaiausa
goufimudidgyuazdininlunisfiansananudenfiunnaieiu
ponlU luside [1] wuindrinnfinnuddalunisianuaaulaun
nsiidusnvesyld Msuinszatevesdaya Auidnsiu Tuvaed
a o Y o YV aa I3 (3 ° a v
N3y [6] Whdeyan1situwiuleduyinsieseilagld n1s
Mnilesdoya (Data mining) WagN15UTTUIANANIVITITUYIR
(Natural Language Processing) 1n97alunisadnenszuiunisdu
Faanu wazanuAaiuiiiendedaensaiudiiiinissii lngazie
v a | = & o @ v PR v Y = o
Pdennufignnaninluiiuunnidudeauineides wdda
msudsenludazaseidnisnantadunisnandduwiuin wie

au

I1l. METHODOLOGY
A. dulddndula (Decision Tree)

dulildn

a

aula (Decision Tree) [8] Wuluinaildlunisduun
Usginndeyavesnisiisusiaies (Machine Leamning) wuumnila @

Wunisdrwundeyafiuvimunmaudideya Jelaseadneae

a

Usenausme 50 (root) iua (node) At (branch) uaglu (leaf)
mu"?5aﬁi%ﬁu1ﬁé’m§u1ﬁ]1ummﬂﬁa;&aﬂisLﬂwuaﬂmi‘via&Lﬁm

A1N9UATe [7] Fearunsaudedsziannisvieaiisrsenidu 19

Uszam Taud 1) ieafloananyie 2) Tudn 3) Tumes @) T4 5) Ty

19Uzn13 9) Meie

3

ihan 6) dous 7) Tudnserudoniun 8) s
a1dn 10) Tnuads 11) nselansy 12) veudisndanisunnd 13)
Viouflendesssuead 10) vieufiondaTmusssy 15) vouiiends
quam 16) ieaiflendeeusy 17) doule 18) vieadisadaim 19)
Vieudflendanisane Lﬁaﬁﬁa;ﬂauﬂmmasﬂizLﬂwmﬂuoﬁ’umﬂu
msTarufenluusazlssnanuasnsvioniien
B. msiasizsiensual (Sentiment Analysis)

A153AT12 151l (Sentiment Analysis) LunsgUIUNT
Tnzionsunl uagauidnvegldinumedeninu laensiesed

¢ & a =gy a
2150 JUNTUTZUIANANTYITITUYIA %&Lﬂumuaamu&mluma

A

SyusiaTes
au & a ¢ ¢ o < o <
MmAelieriinsgionsuaivesdldanaeumudiednlulnad
o A ve o = 5 . &
vaunedning 1danuidndeaniuiveuiiedty 9 egls 10u
AFEnAuUINVTeuaY wazlauauladeanuiity q wntey
= Y o ' o - a 3 a
Windle udrihunudasaeenuiduan weldlunsirszviauioy

C. waused (PageRank)

v
o

WauseA (PageRank) [5] WuduneuisdnAdiavusvenis
AudAguesteyalunguuesyateya lagnsuItngina (Google)
1dlun1s9ndunuvetdsyioulu (search engine) 6189AZULUY

] v v v o & v v o v o
wakssigeazuandlindiusn 9 denazuanslimiluddudnall
TaeAuININEUNITN (1)

PR(A) = (1-d) + d (PR(T1)/C(T41) + ... + PR(T,)/C(Ty)) (1)

MU Rl nAlANaLSIAlUNISTADUAUAIIURUVDINTS
Noufiglnenniulseiannisvieadien Tnsdrsiuiulan $1uau

c a s L4 v L%
ABLLIUA LazATLUUNTIATIEYoNsul W lddududs

IV. PROCEDURE
A. wnteya

o UszlaMnsviaailen endegnaty Wulh Jun viewdivn
a @ [ v
WFaTausssy Wudu

*  ATLUUNITIATIENDITUIINABILIUA
o dayanniledn
= Fpanuil
FIUIUADUHUAVDILABLINER
Wemmauudvoswsay lnan

Fuulanvesusazlnad

15199 | feeateya

" I .

Useim Ln) . MUY

e 4 ARy ADULUUA P ATLUY
viowiigy | d@anun . lad

e
voufley | douudy 361 {“Wusnuiinl | 15000 | 0.69679
5K AN 9 1247
5ITUYA ”, gender: ‘M’
age:’23’}]

-20-

B. fumeuis

1. ivdeyennmamedniideassaminiufeniadonn
AsEUNTLSU Lms‘lfﬁmﬂﬁﬂmsv‘hmﬁm%gaLﬁ'aﬁwmmazmm
foya (Data cleaning) Lleanmiianainvasdoya

2. ﬁﬁwaslﬁamsﬁa;ﬂaamuﬁﬁaﬂLﬁaaml,l,ﬂammﬁsuﬂwuaa
anuivieaiion detuneuitvesdulsidingule

3. FUTWADILUANNUARL INERLNARLEN LazARERNRNIY
AeuLUATanID sUalRaLTITL 9 WitudedEnsUsvanana
sy lagazlithiomauiidunisfamany vieufinderausld

4. d1AIuUAINNLAaYINERNAIINAALENUTELANTD
AouLR wiATgviorsualie aowdity 4 SiflawiEndeuan
w3oLfau LLé’aLLamwaaaﬂmLﬂuﬂ'ﬁéﬁLamﬁaﬁw%'agauﬁmswﬁ
puflnvesanuiiviendion

5. drgrurumeuuug 31uiulan AzuuunsIATIviesual
wazUsziannisvieaniisanndaainuieudswmadamansed anu

UsgLAnnisvaaiien



Research Methods in Computer Science Conference 2019

C. nan1nag

m7370ﬁllmaﬂ73w@aad

ﬂizLﬂVlﬂ’]iViiJ\iL‘ﬁEI’] ATLUY ﬁo’W‘fU
Meufiendwssuui 0.96249554 1
a93150 0.88785646 2
Bt 0.77709928 3
Funey 068731178 4
Vioadieamany e 063056012 5
Tnuads 0.59312412 6
Meufiendousy 0.5294589 7
Ftgusmia 0.46914937 8
wsenEn 0.36898011 9
ﬂ@QLﬁEJ']L;Nﬂ’]‘JLLWMEj 0.30487469 10
vieafivadaguam 0.29893621 11
nszlaasy 0.24644307 12
Hudnserudosin 0.23876106 13
vieuflondefiun 023179328 14
Yudh 0.21440466 15
Meufiendensin 0.18285863 16
Yuthan 0.15739424 17
A09UAY 0.08128913 18
eoufiendemusisy 0.05591258 19

V. CONCLUSION

annsadadusumnuisvesamuivieaiivrnnmeininalagly
suldidndula nsleszionsual wagdane3fiumaussiungaelunis
Jangudeya JnTzrinuuud warSesd1Auaudeunuaiy

nuanITRaDsUsELANYesERLTivionfisdldnmdennnn
fign Ao vieuflondasssuvid 1iesannlulsyinalnefianiui
veuflerdssaniogifusiuiuuin feglunnnia asaunauitai
Usgna ilazanlunmaiiumaasdumiinluuinal ndifes Tu
wiazanuiduuduAinumsnuaziendnuaiiuanseiuly 39
iazBuamaivinligldmadniauals wasianuiousdenis

VAN UTITTTUVIAUINTER

REFERENCES

[1] Anuja Aroraa and Shivam Bansalb, 2019, Measuring social media
influencer index- insights from facebook, Twitter and Instagram,
Journal of Retailing and Consumer Services.

[2] Chakkrit.Snae Namahoot and Naruepo,tr Panawong, 2016, A
Tourism Recommendation System for Thailand using Semantic
Web Rule Language and K-NN algorithm, Information: An
International Interdisciplinary Journal

[3] Chalida Techajirakul and Kriengsin Prasongsukarn, 2019, Applied
social media and the effects of its use during vacation travel: A case
study of Millennials in Thailand, Journal of Thai Interdisciplinary
Research.

[4] Ghaidaa A. Al-Sultany and Asraa A. Abd Al-Ameer2, 2018,
Locations Ranking using Page Rank Algorithm.

[5] Page, Lawrence; Brin, Sergey; Motwani, Rajeev; Winograd, Terry,
1998, The PageRank Citation Ranking: Bringing Order to the Web.

-21-

(6]
(7]
(8]

Minging Hu and Bing Liu, Mining and Summarizing Customer
Reviews.

Mohamed Ali Sharafuddin, 2015, Types of Tourism in Thailand, e-
Review of Tourism Research (eRTR).

Quinlan, J. R., 1986, Induction of decision tree



Sentiment Analysis of Twitter data to predict credibility of online shops

Apisara Saelim, Nithirun Numnonda, Thanasit Rithanasophon
Department of Computer Engineering
Faculty of Engineering
Chulalongkorn University
Bangkok, Thailand
{6270312721, 6270142321, 6270111921 }@student.chula.ac.th

a

Y

¥

AL

U

UNAnga—LiNaRIANANLNL TN RIS 1A YTa U

<

o

AdeFimaila Sentiment Analysis u114lun1s3aTziAnse

e eXe

Fanuiina189Undng 9 uaziianis Classification faeluiaa

Naive Bayes wag Support Vector Machine lFlgundlanaadi

#u1saNTugANU LT etavasiuAeaulalls Tneeudde

P
a o

a < ¥ v ) . 9 &
fagymsianzianiziuainieludsemalnewinuy uaezldng

An1elnsuazni1edeangulunisitased Fawaainnisnaaess
wudnlaea Naive Bayes dinanuuaiugniigendn Support Vector

Machine Tun1sviruedndrudresuladlafilbiinnuunvete

Abstract— To assess the credibility of online shops, we use
sentiment analysis on comments that mention the shop. Two
classification techniques: Naive Bayes and Support Vector
Machine are used to predict the credibility of the online
shops. This work focuses only Thai shops. The result shows
that Naive Bayes is more accurate than Support Vector
Machine.

Keywords— Twitter, online shopping, sentiment analysis,
Naive Bayes, Support Vector Machine
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Abstract—The success and the number of goal in football
game is predicted with two methods: linear regression and
decision tree. The accuracy is used to find suitable methods.
For predicting the number of goal, linear regression is
suitable. The positive factors are the heading and the positive
of forward. Decision tree however, can predict the
success/failure of getting a goal. The variables are the
accurate shoot to the frame, the shooting in open play. The
prediction is used in the training, planning to improve the
players.

Keywords— football game prediction, linear regression,
decision tree
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B. Decomposing the Immeasurable Sport: A deep learning
expected possession value framework for soccer
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TABLE | STATBUNKER FOOTBALL STATISTICS

Player Cristiano Ronaldo
Season 2014/2015
Position Forward
Appearances 35

Right Foot 29

Header 12
Minutes played 3107

% Assists 14

Yellow Cards 5

Yellow - Away 3

Minutes per Yellow Cards | 619.8
Sent Off 1

Minutes per Red Cards 3115
Goals 48

Joyayndl 2 football events : luadfiveunnnisainisivseg
MAnTuluuraznsudeiy Wy uAndses Wiildse anuweney

a o & A ' Y 9 va o ¢
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TABLE Il FOOTBALL EVENTS

lionel messi

17
Attempt saved. Lionel Messi
(Barcelona) left footed shot from a

player
time (minute)

text difficult angle on the left is saved in
the bottom left corner. Assisted by
Pedro.

event_type 1 -attempt

side 1-home

shot_place 3-bottom left corner

shot_outcome 1-on target

location 7-difficult angle on the left-
bodypart 2-left foot

assist_method 1-pass

situation 1-open play

is_goal 0
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Abstract—It is important to understand customers’
needs. The customer opinion of products and services need to
be considered. This work use deep learning to model the
positive/negative feeling on movies review. We propose the
use of convolutional neural network and long short term
memory together and compare it with simple neural
network. The result shows that the proposed model has the
accuracy of 86.69%.

Keywords— movie review, sentiment analysis, LSTM, CNN
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review sentiment
0 One of the other reviewers has mentioned that ... positive
1 A wonderful little production. <br /><br />The... positive
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3 Basically there's a family where a little boy . negative
4  Petter Mattei's "Love in the Time of Money" is. positive
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D. wadws
Model Accuracy
Simple NN 73.93%
CNN 83.15%
LSTM 85.63%
CNN + LSTM 86.69%
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Abstract — Computer vision syndrome affects the users

who spend long time with computer sceens. This work
proposes a method to detect eye blinking to prevent it. The
proposed method uses the detection of the area around eyes
in combination with the motion of head to increase the
accuracy to detect eye. To detect head motion, the gradient
boosted tree has the accuracy to 100%. It is the fastest
method compared to other methods.

Keywords— computer vision syndrome, Gradient Boosted
Trees, eye blink detection

I.  INTRODUCTION
Yagduneuiiame sidrundunuimegiannludinusedniuves

wyud pevimeinmeifuaiesslendnlunisinnuvesdinaui
Tan fnsUsziiuindauiivduauldnavilanldinategfuntiioe
poufinmed Insdwvidede uavgunsaiduiiiutivouamwaninnit 3
Fluesiotu sidtoilarnanifie uasnereutestuilymansuiiin
Mnnslinueeufinnesiduultugufiunntulasianzdgm
Aendestuanemiiiiandy Computer Vision Syndrome (CVS)

Vs Aenguernisneniiinanmsldreufiame funnuiuly
U191 7187 a1uas a3l wazawiis Ludy nasisaneaInii
someuiameidoideaiunaruiuazdmalisnsinsnzniunian
fosasninund Fehliusinahniieenuiadoumanas Wusalsiom
wite waum weaiunnlddn 1uiTeves Blehm et al. [1] uansli
Wiudndn 70% vesflinuasuiinmesvilanyuszauiudygm Cvs
wagnusnuithefdufintugnitng suidoves Bali et al 2]
52U CVS damansenulaenssedseansainlunisviauvesdae

o s

v aw 4 o & v
Inwunnd uazinifedinannsmdnves VS Aen1sldausenin
ABNAILRBIIAUNIT 3 Talualaglifin1sinaen aunanuIteves

Akinbinu et al. [3]

-32-

MmAdeatuiiiiauedtnisnsiadudasinisneniuailusening
nsldaunsuiunes lnauszenanguinisnsiaduluntdy ngud
ATRIUAN kaENgufnsiseuivenaIos uuALLIuEluN1S

M3933U WeszuunuIglinuneuiimesisnsnseniun1indaem

o

1105510 seuvasudadeuludadldau ielvigldnupeuinnesivl

= o a Ao a a o a a
faszAuraINITnsENSUAAIas warasuianssuluviianssudu
Wunsinanem Feazshetleaty uazananuidediaziliiinenis

o o A

nusts Faduanvndrdgfazneliindani Computer Vision

Syndrome

Il. RELATED WORK
BmsvansuuuluanAdenategnimnsidunisnssniuaily

yud 3935N15urazkuuldisnts nswenns uarradwsldvintu

3

it

P

U

Y

YNUNaY

bl

Y019UNTAITUNIN AIUATLNTOVBUATBIABUNIMDT UaTAIIMLILEN

a3y 017191 ANNLINADUVINBIVIAGDY ANILANTTH

Taufsnnuswesdanesiiuildlunisnsadunisnsyniumi Diviak
et al.[4] @ueisnisuszanunisinaveuasdisnisusvaninnising
AIUA fusnnaeifivsuasuld navesideuandlindiuindanesiy
fiaruugugilunisnsradunisnendumunnnit 90% uiisnisidang
fi¥efianann S nduntiwesmasinisiedeulmiuadisanisa
A¥YIURU Morris et al.[5] l@upIsN1IMTIITUNITNENIUAIAILIINT
ms’mﬁw%nmsaumammw&jﬁums’bﬁl,l,muﬁﬂmml,ﬂsﬂiau (Various
Mapping) Bsnavesuideildaruusiuinnnit 95% uAdenany
FoRamamnAsvzvesgldnuiinsindevln TN. Bhaskar et al[6]
EueTENTInANLANAeIg MAIUATU NMIUsEInaNsIvaTes
wasEEfiAaarIue navesiTedldanuusiunnndt 97% u
FansdeuRanatamniinsndeulmvesisue

o °

Fnsisiinanuneunthil Mmaedeulmussuinumdmiy
nsasradunsnewiuan Gedideidoiudounsedl Wedsweiinng
indoulm azifamuRananelunisnsaduuinumiigndes Chau
et al.[7] Td5Unmduuuuresnsmsilamungislunismanuduiug
wazasRdunsnendumuuUEealysl ddinausiugranusaiudeya
sUiildianndesidlevesneuinmesvioly Bnsdsnantivanaiy

o w A

Fudaulunsamuwinuaivedniaianisawenadaiusuesnsilanse
Unn1a8199AauUiNtY G. Pan et al.[8] W1ld@uslUUIIaeINIeanfnun
YI8uENLEEANYULURINTUAR LY IBYIN NSRS IvEeUNISUARN

"o X e A A A o o
usiugnTuudlunsainUanlsiadnusainisimdeulmvesudnauniemn



Research Methods in Computer Science Conference 2019

111. METHADOLOGY
aruududlunisasadunisnsewsumidadudrdydinane

mwlugirensindouiivesdisys luenansatuildinaueiti
AuusluglunsnsasunIsnsEnsUMEEnISRaNsaNMSAae Ui
vosRsweiiioantefinnaislunisasadunisnseniumn Tnensiaes
Yaduite svevirmenlienauaznisindeuiivesfisesunfatsan
T
A, MIATIRTUAMTASENZUM
\eanvoualun1snTIasusnvazen1Im A. D, Joshi etal[9]
thiauemslimadanisanadulunthuazaanundszgndldiugui
IFnndeseuBunisasiadumsnseniumlaglinssuiunmsiunou
999 Viola Way Jones[10] $aUAULUUINEBIAIMSU haarcascades
484 Hameed[11] ﬁqgﬂﬁ 1 wazthwailaluldlunszuiunisduanm

ANUgIveLUFonmn

JUT 1 m3Usegndld nszuiumstuneuves Viola wae Jones 3y

LUUIa89d1MsU haarcascades 984 Hameed

1AN15ANYIVEY M.H. Baccour et.al.[12] wu3nlunis
nsEnIunasiinnIsisuulasnugevesdonnlugas 0.4 Jundl

o

iy wnansatuiRdddduvesguiisieriieatu 12 am undunildy

1y

] a A gy a o
fyreansadrgUssaniisuieldsiuiansuniunis

o

AUGNYMLE

o a a a
ATIITUNSIARDUNVDIATWY
B. nsnsiadunsindeunivasisue

nsfinsansiedeuiivesisuy sidsatuilivszyndld
ATove4 Zhao et al. [13] fifinnsldinadianisvih optical flow e
Annidnuagmsiedeuiivessynitoosuienisindouiivesdsuy
Tasauadeaduillifaduiinsuendnvurnisndouiivesisue

v

auUnd Aun1smasuNvesdseeIRnUnRoenainiu Jemnuunfinas
P a v o v v v o I a i a
Asvrvosaunindesiuldarldliogluiunisfunasniaiusaed

a o g v
NNFURULUAIRLNUILANUDE

mAFvatuiiavenisldinalianissouiveansadunisuennis

a a a a P a P Aa a
WA UNveIRswEANUNR warn1sindsuiivasfseeAiRnUnfioanann
fu lngondudnwmuzuenisiadeufnintuludie 0.4 Fund
WuldgiunsiudsuwamugweLUFena(munwITeves MH.
Baccour et.al.[12]) wiolinadnsAldanniis 2 Funauaunsafiansan

wiuldegensalunsan nedeyaiiivlu 1 uarezdszneulusie

-33-

o s o . Sy a 5 s ° .
25 ﬂ@all‘LJﬂEJGﬂLLWLN‘?JEJ\?"\]EJ“ﬂVIEJ’NENﬁ]’]ﬂlUMuﬂ‘LJLLu’JGN LY ATLLAUN

Vv

vosaynlukuILey 313U 12 90 waztheiduissyindeyadnuiu
12 gatnadu dnsiedeuiludnvasUnivieli lnsyntoyaiiinig
waeuiludnuauzUnd aziitherifiudn non_move uagyadeyani

SnwaugnsipdeunfiaUNG Aziithemiuin move mugun 2

X1 Y1 X2 Y2 X3 ¥3 X4 YA X5 Y5 X6 Y6 X7 ¥7 X8 V8 X0 YO X10 Yi0 X11 VIl X12 Y12 label

256/ 341 257 341 258 341 257 341 257 362 341 257 258 258 341 257 non_move
257,
258
257,
257|
306|
261
258
260
260
262|
264

341
341
341
362
341
357,
360|
364
370)
380
380

258
257
257
306
257
258
260
260
262
264
264

341
341
362
341
341
360
364
370
380
380
366

257
257

341
362
341
341
341
364
370
380
380
366
346

257
306
257
258

306
257
258
258
257
262
264
264
262
262
261

341
341
341
341
341
380
380
366
346
327
312

341
341
341
341
341
380
366
346
327
312
311

258
258
257
258
257
264
262
262
261,
262
263

258
257

257
258
257
258
258
262
261,
262
263
262,
263

341
341
341
342
341
i
322
348
374
387
374

258 non_move
258 non_move
258 non_move
258 non_move
256 non_move
263 move
262 move
263 move
266 move
270 move
277 move

341
341
341
341
370
380
380
366
346

327 322 262

3UN 2 fedretoya

ngadeyafegnefifiunimun Tiuseeniugadeyadmi
Hnuuudnaesuazyatoyadmiunaaeuinyszansamuuudiaes Tu
wuudiassnsifeudveandesiauenysziandeya (classification
machine learning model) §33awuduuud1aee Random forest,
Gradient Boosted Trees wag Support Vector Machine fanuusiugn
fla 1009% mugUil 3 wazilefinsanienulunisthuudrasdly
1691939 9gnudnuuudIaes Gradient Boosted Trees ldsveziann

HesgnludunauveIn smageuinUsEavEn1nuuLTIaewNLAITIN

Accuracy
100.0%
75.0%
50.0%
25.0%

0.0%

&
&
&

100% 100% 100%
kS &

© A

g

<
s
&

&
5
&
o

I’

a 1o o
E‘U‘V] 3 AMULUUEIVDAILUUIEDY

A19197 | SzEznaAunsUsEIiana

Model Training time (ms) | Testing time (ms)
Naive Bayes 749.34 933.34
Generalized Linear Model 1098.67 726.67
Logistic Regression 1120.0 353.34
Fast Large Margin 661.34 593.34
Deep Learning 247467 686.67
Decision Tree 325.34 293.34
Random Forest 1386.67 2853.34
Gradient Boosted Trees T437.34 426.67
Support Vector Machine 296.0 3126.67

IV. CONCLUSION AND FUTURE WORK
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Abstract—Major depressive disorder (MDD) is becoming
one of the most common mental illness today. According to
Word Health Organization report in 2001, the number of
patients from MDD is growing rapidly. Not all the patients
have received adequate treatment therefore. We have
received information from CLEF 2017 meeting where they
gathered data in Reddit post from MDD patient. Based on
these data, we will find the most accurate feature to early
detect person who might be possible to have MDD.

Keywords—depression, mental illness, MDD
I. INTRODUCTION

Social network is a very worldwide activity in our daily
life. You may notice that most of the people spend time on
their telephone during on public transporting almost every
day and every time. Most of the information in the social
network is very accurately because people think that social
network is one of their comfortable area to express their
feeling, record their daily activity (same as diary). Some
people might use social network to contact with their
friends by personal message or via friend’s profile. These
behaviors give us an opportunity to analyze their
information which might lead to depressive disorder.

Normally when people are sick, there are several signs
or symptoms that clearly shown and could be used to
diagnose right away in this modern world with these
advancement in technology and medical knowledge.
However, there are some sicknesses that are harder to
detect, compare to the obvious ones. Some of them are the
hardest to be detected and diagnosed as the symptoms are
not obviously shown or not be able to notice it at all.
Mental illness is among the hardest group and even harder
to know since the symptoms are not physically shown out.
People with mental illness must notice their own sickness
and be self-aware enough to know that they have a mental
illness problem or else they wouldn’t know and wouldn’t
even have a chance to receive a proper treatment.

Mental illness is now a leading cause of disability
around the world. Major Depressive Disorder (MDD or
simply depression) is one of the most common mental
illness that largely spread around the world. According to
World Health Organization, more than 300 million people
of all ages suffer from depression globally. It can cause the
affected person to suffer greatly and function poorly at
work, at school and in the family. At its worst, depression
can lead to suicide. Close to 800,000 people die due to
suicide every year. Suicide is the second leading cause of
death in 15-29 year olds. Although there are known,
effective treatments for depression, fewer than half of
those affected in the world (in many countries, fewer than
10%) receive such treatments. In countries of all income
levels, people who are depressed are often not correctly
diagnosed, and others who do not have the disorder are too

-35-

often misdiagnosed and prescribed antidepressants. The
fact and statistics about depression is quite terrifying. That
is why we want to get involved in this area, to help the
people with things we do best.

Social media is undeniably the most commonly used
platform worldwide leading by the well-known brands like
Facebook, Twitter, Instagram, etc. It is the place where
most people with internet access spend their time on. The
new generation people even have their social media
profiles created before they even born. On social media,
people tend to show their opinion and thoughts easier than
it is in real life. They can even share their experience
through text and storytelling, photos, videos, or even live
videos which will be streamed from their device in real-
time. It is true that not everyone has a Facebook account,
but people usually have at least 1 type of social media
account not necessary be Facebook. The popularity of
social media helps people generate a huge amount of
individual data which is purely focused on their
personality with some of them didn’t even realize it.

The inaccurate assessment and lack of tools to properly
diagnose depression is the gap that we would like to fill-in
here. Our goal is not to accurately detect those who suffer
from depression so perfectly that no one would have
depression anymore. The problem that we acknowledge
here is that, it is hard to reach the people that doesn’t
regularly observing their selves. We want to increase the
reach of depression detection from just using medical data
to analyzing personal data that people generated. That
way, we can evaluate their risk of having depression
earlier before they need any medical treatment. From the
social media activities, we believe that we could determine
the risk of having a depression and identify the potential
patients before they would actually have a depression.
Obviously, this method would not work for people that
doesn’t have their personal data created on social media.
But we believe that, the number of social media users will
be growing in the future as well as the number of platforms
available.

Il. RELATED STUDIES

Several previous studies have highlighted the
importance of early detection in improving outcomes
related to MDD. Cacheda, Fernandez, Novoa[5] observed
significant improve model of early detection of Depression
by use 2 random forest model in Machine Learning
technique, 1 RF use to detect depressed and 2nd
independent RF to detect non-depressed base on textual,
semantic and writing similarities. Choudhury, Gamon,
Counts [1] study use data set from crowdsourcing to detect
depression behavior, Engagement, emotion, depression
language, by SVM technique. An SVM classifier can



Research Methods in Computer Science Conference 2019

predict ahead of the reported onset of depression of an
individual with high accuracy. Stankevich, Isakov,
Devyatkin and Smirnov [2] use CLEF/eRisk dataset to
create classification model and compare the feature in the
research to find out suitable feature to predict MDD, build
the prediction model and use feature to learn. Separate
feature to 3 groups, TF-IDF, World Embedding and Bi-
Grams. On each group analyze compare between only
feature, feature with Morphology, feature with Stylometric
or feature with Morphology and Stylometric.

On our study we will focus dataset from reddit and
study from various Machine learning technique to build a
model to detect between depression and nondepression.

1. DATA

The research area of this paper will be focusing on the
dataset from the CLEF/eRisk 2017 (Conference and Labs
of the Evaluation Forum: early risk prediction on the
Internet). The CLEF/eRisk 2017 was the first year that
they held this conference. There were two possible ways
to participate which are Research Papers and Pilot Task.
The pilot task is an exploratory task on a topic of “Early
risk detection of Depression”. The challenge consists of
sequentially processing pieces of evidence and detect early
traces of depression as soon as possible. The task is mainly
concerned about evaluating Text Mining solutions and,
thus, it concentrates on texts written in Social Media.

The test collection for this pilot task is the collection
described in [6]. It is a collection of writings (posts or
comments) from a set of Social Media users. The
collection contains textual interactions (posts or
comments) from 892 users. 137 subjects have explicitly
declared that they have been diagnosed with depression,
and the remaining 755 subjects are a control group. For
each subject, a (usually long) history of writings (posts or
comments from a social networking site) is available. This
is stored as an XML file (one per subject) with the
following structure:

ID: contains the anonymised id of the subject.

TITLE: title of the post if available (if it is a comment
then TITLE is empty)

INFO: additional info about the writing (source of the
post/comment)

TEXT: body of the post or comment

<THOIVIDIAL >

<ID> ... </I0>
<WRITING>

<TITLE> ...
<DATE> ...
<INFO> ...
<TEXT> ...
< WRITING>
<WRITIMNG>

«TITLE=> ...
<DATE> ...
<IMFO> ...
<TEXT> ...
<SURITING>

</TITLE>
</DATE>
</ THFO>
<STEXT>

</TITLE=>
</DATE>
< IHFO>
</TEXT>

</INDIVIDUAL >

Fig. 1. Data structure
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AVA EVALUATING DEPERESSIVE FEATURES

The data from [6] is stored as plain text XML format.
We would like to gain some insight from these raw
data before we could proceed and use them in our research.
The data is structured in a collection of each user’s posts
and comments history records. Each individual will have
an ID and a bunch of WRITING history data as their
attributes. The structure of WRITING data contains
TITLE, DATE, INFO and TEXT.

Creating the predictive model, between 2 classes of
one being a depression patient and another is not, will be
done by using some refined features that we could extract
from the given dataset above. We could extract various
information from the data but not all of them are useful
enough to give us a precise and accurate result for our
predictive model. In this work, our predictive model will
be trained, using features like user engagement, user
emotion, textual spreading and timespan.

A. Engagement

1. Volume: Define as the normalized number of
posts per day made by the user.
Reply: Posts reply from a user per day indicating
her level of social interaction with other Twitter
users.
Links: Proportion of links (urls) shared by each
user over a day.
Insomnia index: Showing depression signs tend to
be active during evening and night. Hence we
define a “night” window as “9PM-6AM” and
define “day” window as”’6.01AM-8.59PM”
(Insomnia index=difference between “night” and
“day” post)

2.

We can apply dataset from reddit which is already
classified from person who has depressive disorder.

B. Emotion
For this feature we can use reference of LIWC
software.

Example. | feel so sad to day because | got argued with my
girlfriend and we have a little fight but at the end
everything went well

Fig. 2. LIWC structure

Finally we can classify that our message is tended
to be positive or negative meaning
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C. Texual Spreading

We characterized the textual spreading of the writings
by measuring the number of words used in each of the
writings. Textual spreading measures the amount of
textual information provided by the subject in their
writings, and collected data in the following features:
AvgWords: The average number of words per
writing.
DevWords:
writing.
MinWords:
subject’s writings.
MaxWords:
subject’s writings.
MedWords
subject’s writing.

o SD for the number of words per

. Minimum number of words in the

. Maximum number of words in the

. : Median for the number of words in the

D. Time Span

Another group of features was used to profile the
moment when the writings were created. This information
was expected to model differences in behavior among
subjects diagnosed with depression versus non-depression.
The following time features were proposed:
Day: Percentage of writings provided by the
subject, for each day of the week.

o Weekday: Accumulative percentage for all
writings created in a weekday.
o Weekend: Accumulative percentage for all

writings posted during the weekend.

e Hour: The hours of the day are divided into 4
homogeneous classes (0:00-5:59, 6:00-11:59, 12:00-
17:59, and 18:00-23:59) and the percentage of writings
that fall into each class is calculated.

As a summary, textual and semantic features are
computed and aggregated for each user in comparison with
all other users (grouped as positive and negative),
meanwhile WFs are independently calculated and
aggregated for each individual with  respect
to their postings.

V. PREDICTING DEPRESSIVE BEHAVIOR

We will now be using supervised learning
technique to construct classifiers trained to predict
depression in our two user classes. To avoid
overfitting, we employ principal component analysis
(PCA), although we report results for both all
dimension-inclusive and dimension-reduced cases.
We compare several different parametric and non-
parametric  binary classifiers to empirically
determine the best suitable classification technique.
The best performing classifier was found to be a
Support Vector Machine classifier. For all of our
analyses, we use cross validation on the set of 476
users.

VI. RESULT
We now focus on prediction of future episodes of
depression. We first present some results of statistical
significance of the behavioral features, as measured
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through their mean and variance values over the
ground truth data analysis (Table ).

TABLE I. STATISTICAL SIGNIFICANCE COMPARING THE
DEPRESSION AND NON-DEPRESSION CLASSES.

Mean Variance
Volume 15.21 14.88
Reply 22.88 13.89
Links 8.205 7.14
Insomnia Index 7.29 6.91

We present the results of these prediction models here.
The results indicate that the best performing model
(dimension-reduced features) in our test set yields an
average accuracy of ~60% and high precision of 0.61,
corresponding to the depression class. Next, we note that,
one of the main characteristics of depression is disturbed
cognitive processing of information, as well as a reduced
sense of interest or motivation in day-to-day
activities. Hence we observe better performance of
depression language features in the prediction task.
Finally, we conclude that social media activity provides
useful signals that can be utilized to classify and predict
whether an individual is likely to suffer from depression in
the future.

VIl. CONCLUSION

We have demonstrated the potential of using Reddit
posting information as a tool for measuring and predicting
major depression in individuals. First we asked for a
collected and labelled data to receive the most useful
information of depression, and proposed a variety of social
media measures such as language, emotion, textual
spreading and timespan to characterize depressive
behavior. Our findings showed that individuals with
depression show lowered social activity and greater
negative emotion. Finally, we leveraged these
distinguishing attributes to build an SVM classifier that can
predict, ahead of the reported onset of depression of an
individual, his/her likelihood of depression. The classifier
yielded promising results with 60% classification accuracy.
We hope to understand how analysis of social media
behavior can lead to the development of scalable methods
for automated public health tracking at-scale. We are also
interested in harnessing the potential of social media in
tracking the diffusion of affective disorders in populations
in a nuanced manner; for identifying the incidence and
impact of trauma on individuals during crisis events, and
for modeling of help-seeking behavior, health risk
behaviors, and risk of suicide.

REFERENCES
[1] De Choudhury, M., Gamon, M., Counts, S., & Horvitz, E.
“Predicting Depression via Social Media”. In Proc ICWSM-13,
2013.

Stankevich, M., Isakov, V., Devyatkin, D., Smirnov, 1. “Feature

engineering for depression detection in social media”. In ICPRAM,
pp. 426-431, 2018.

(2]



Research Methods in Computer Science Conference 2019

[3] Md. Rafiqul Islam, Muhammad Ashad Kabir, Ashir Ahmed, Abu
Raihan M. Kamal, Hua Wang and Anwaar Ulhaq. “Depression
detection from social network data using machine learning
techniques”. 2018.

[4] Nazanin Andalibi, Pinar Ozturk and Andrea Forte. “Depression-
related Imagery on Instagram”. 2015.

[5] Fidel Cacheda, Diego Fernandez, Francisco J Novoa, Victor
Carneiro. “Early Detection of Depression: Social Network Analysis
and Random Forest Techniques”. 2019.

[6] David Losada, Fabio Crestani. “A Test Collection for Research on
Depression and Language use”. In Experimental IR Meets
Multilinguality, Multimodality, and Interaction 7th International
Conference of the CLEF Association, CLEF 2016, Evora, Portugal,
September 5-8, 2016

-38-



