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INVESTMENT ADVISING SYSTEM IN STOCK MARKET

USING MACHINE LEARNING

Mr. Thanasak Phomiket 59010602

Mr. Theerawit Srinoi 59010671
Asst. Prof. Bundit Pasaya Advisor
Academic Year 2019

ABSTRACT

Nowadays, stocks investment has received a lot of attentions because it could be another income
for people who do not have enough budget to establish their company. But it would be risk investing
in stocks that have too many choices to pick in fluctuating SET. So, we figure out this project
“Investment Advising System in Stock Market Using Machine Learning” and the main purpose is to
be one of the supporting tools in stocks trading decisions for interested people. In this machine learning
model training process uses technical indicators that calculated from SET datasets between January
2015 and August 2019. Furthermore, we also develop web application for showing recommended
stocks, simulating stocks trading in the past and then showing the trading history with profit percentage
that makes us estimating efficiency of model when using it in practical stocks trading. From the research
results, decision tree model has good results through accuracy, precision, recall and confusion matrix
when comparing with the other models. Although it has good results, the model efficiency is not good
in practical stocks trading and the model cannot make the right decisions for some cases. These make
overall profit percentage negative. In further studies, we suggest using deep learning in stocks
classification instead of using machine learning and studying the other factors besides technical

indicators that could help to create a good model in predictions or making decisions of stocks trading.
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2.1 MIYUIVDUNTON (Machine Learning)

2.1.1 ANUHINEVDIN3BEU VO UAIO

=

P A 2 = Y A 7Y & A o A=
N3 ﬂugm’ﬂﬂlﬂﬁ@\? !‘]Juﬂ’]ﬁﬁﬂ]&l']“VI']\Wﬂu'J‘VlﬂWﬁWﬁﬁﬁﬂWﬂ‘ﬂu\’iﬂlulﬁﬂ\ﬁlﬂﬂﬂﬁﬂ@TﬂllLla$

Tueaneadani 1l lsudludymlvauivandisdy Tesszunneuiauwesazoudziluy

{ 1 o v a { 1
(pattern) vosyatoyasaulanianuduiusvosdoyaludednuioluyuuosnaubidwiso

<3 2
wounu'la

2.1.2 nszwawmsimaulumsisauive anies

3. SPLIT DATA

) Tost sat 5. TEST AND
1. COLLECT DATA 2. PREPARE DATA 4 TRAIN MODEL VALIDATE MODEL 6. DEPLOY MODEL

Validation set

ITERATE

gﬂ 2.1 n'sz‘u:)un15ﬁnm‘lum‘sﬁwﬁmmnﬂ%a (Machine Learning Workflow)

2.1.2.1 1HU53UINToNA

a

) A g v Y A~ s A A
‘ﬂﬂlfﬂﬁQ“ll@iJ“alW@Gl%GluﬂTii’JUi’JﬂJ"U@ll”ﬁﬂﬂ‘ﬂll‘ﬂigiﬁﬂfuﬂﬂﬁﬂﬂliWﬁuiﬂﬂlfNLiW

1]
1 A o

v { Yy 9 o & g 9
Gl'ﬂiﬂﬂﬁ’ﬁﬂmWﬂﬂﬂﬂ umﬁ]mﬂmﬂuﬂ;mayja

a

2.1.2.2 JunsaNgaToYa

v

~ ]

manuazongadeyangminusiusmdoyarr  ierh linduTuealded

u U

gnaes  lagyadeyaiininhanuazeraneui luinduldun Tueaindudeyaiviawie

A 9 A 1 Y &K Aas ~ [ o F) 1 qy 1 [ k) 1 YR
Wii’)ﬂli’)i;l‘aﬂllllQﬂ@ﬂﬂ BINEY ‘ﬁﬂ"lﬁ/l’ﬂzﬁ]ﬂﬂTiﬂU%ﬂm@Ha!WaTuLMﬂ@Nﬂu"lﬂllaﬁllﬁﬁjﬂﬂHT

2.1.2.3 milagadoya
1 Y A d Y 3 [ A 9 o o -
uisgadeyaninusswmn Iaiiu 3 dau fe gadoyadmsuinAdy (raining set)

U

gadoyad 1M UATINAOD (validation set) ttazgatoyadIMSUNAADY (testing set)



=< A d‘ [ Y
2.1.2.4 ﬂnmuazman‘l‘?ﬁmﬂa‘nmmzaunuﬂq;mua:‘gﬂmay‘a

4 T I 1
Uszinnmaisouiveunsos uiseomilu 2 Uszan 1dun

A

. . < =) 9 9 Aas LAY 1
1) Supervised Learning gﬂuﬂmismggﬂuumnﬂﬂgmauvamWmm@ﬂuﬂquma
o ) 4 o 1 o ] I
ADTNANUAINDUY Lﬁﬂﬂ1u1ﬂﬂquﬂ§ﬂﬂ1ﬁﬂﬂ mmmumaaﬂ”lﬁlﬂu 2 uuy
o 1 . . a 4 .
Ao NINUUNNQN (classification) LATNITUATIZHILULDANDY (regression)
. . I = 9 9 Ax A A J A o
2) Unsupervised Learning Lﬂummﬂugmﬂﬂ;mayaT@ﬂwmwmmﬂmmammu

Y 9 = 9 o ' A 3
Lm’ﬂ“ﬂNmaGniJ‘mg‘]JL!,llllL!,azLiElugiﬂLLHﬂﬂQiJWiE]WWW]E)‘ULEN [REVRRR]

v J

1 I [ ' @
wiseenldiily 2 wyy Ae N159ANQY (clustering) HAZMTHIANUTUNUT

(association)
| a “Super @;!.;,44 f/ H = Unsupervised Learning

X 70
X O
X, A X % S ') \\Q__O
O QO
|

X3 X1
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Split2 Fold1 Fold 2 Fold 3 Folda  Folds  Metric2
Splits|  Folds Fold 2 Fold 3 Fold 4 Folds | Metric3
Splita Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Metric 4
Splits Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Metric 5

s
Training data, Testdata. |

gﬂ 2.3 5-fold cross validation
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Total number of prediction
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relevant elements

false negatives true negatives

. . o How many selected How many relevant
L o items are relevant? items are selected?
Precision = —— Recall = ——

P

selected elements

31 2.4 Precision and Recall
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Actual Values

Positive (1)  Negative (0}

Positive (1) TP FP

Negative (0} FN TN

Predicted Values

gﬂ 2.5 Confusion Matrix (two classes)
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2.1.3.2 Decision Tree
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Humidity ‘ Wind
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High  Normal Strong  Weak
No Yes No Yes
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2.1.3.3 Random Forest
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e e e _e
A Y (D) - (6] 7 o A
O M T s & 4. 0o ©
TREE #1 TREE #2 TREE #3 TREE #4
| | | |
CLASS C CLASS D CLASS B CLASS C
L qd l J

FINAL CLASS

31 2.7 1NN 3UD9 Random Forest
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2.3 MFIAMINAUA (Technical Indicator)
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2.3.1 yaﬁmmﬂmﬂmﬂ (Market Capitalization)
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Market Capitalization = Close Price x Volume (2.4)

2.3.2 [@uAnagmao Ui (Moving Average: MA)
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1) Simple Moving Average (SMA) 11150/ 19910

P1+P2+P3+ -+ Pn
SMA = - (2.5)

Tasfmuald n=szeznanmuua ()
Pn = 51AY09HANNSNS & SuA n
2) Weighted Moving Average (WMA) enunsafmuia 18an
Plxn+P2x(n—1)+P3x(n—2)+--+P

nx (n+1)
2

n
WMA = (2.6)

Tasmvuald n=szeznammuua (1)
a @ v J ] d'
Pn = 590710 U091aNNING 8 IUA n

3) Exponential Moving Average (EMA) 1413 afualdnn

EMA = Pt x k + SMAy x (1 — k) (2.7)

0 2
Tagfviualan k= ——
n+1
d‘ o v
n=3YLANNNMYUA (IN)
= [ o Y dy
Pt= ﬁmﬂmmwaﬂmwﬂmuu
o v @ A
SMAy = SMA mawaﬂmwmﬁmm
2.3.3 Moving Average Convergence Divergence (MACD)
5 % 3 @ dyw a o & =R =®R A
Moving Average Convergence Divergence AUMTIAMUNAUAAIN Y BIVONDINAN
[ o o 1 [ o o
LLH’JIﬁjiJ"UENﬁﬂ1WﬁﬂVI§WEJ (trend) HAZLUITITIVDITINNHANNITNY (momentum) llé]} IﬂﬂﬂWH’Jm%1ﬂ
1 ' Y 1 A A ~ Y A ' Y g o w A Ay [ A
FEYLVTNICUINFAUAURAYIAADUN 2 muma@m 2 muuumaamaaumgmmﬂummwﬂaaﬂ

Y
AU MVFUNT A9

MACD = EMA(12) — EMA(26) (2.8)

2.3.4 Relative Strength Index (RSI)

b4
v A o a

. I @ : : ' o @
Relative Strength Index !ﬂu@l?%?ﬂﬂ’]%ﬂﬂuﬂ@?ﬁﬁﬂ %QU@ﬂﬁQ!LﬁQﬁQm@QﬂﬁﬂﬂﬁWﬂ ﬁ}

° Y [ dy
Iﬂﬂﬂ"lu')ﬂ!ulﬂﬁﬂﬂﬁilﬂ1§ ANU
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100
average gain
average loss

RSI =100 — | 1(2.9)

1+

number of positive percentage change

n
number of negative percentage change
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2.4.2 NumPy
g NumPy
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2.4.3 scikit-learn
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DecisionTreeClassifier(class weight=None, criterion="'gini', max_depth=None,
max_features=None, max_leaf nodes=None,
min_impurity decrease=0.8, min_impurity split=None,
min_samples leaf=1, min_samples split=2,
min_weight fraction_leat=8.@, presort=False, random_ state=None,
splitter="best')

31 3.6 MiBnduve)Iaa decision tree 911aUs13 scikit-learn

2) Random forest 1915 uAMY0 9 TMAa A9g17 3.7
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min impurity decrease=0.8, min_impurity split=None,
min_samples leaf=1, min_samples split=2,
min_weight fraction leaf=0.8, n_estimators=1@, n_jobs=None,
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objective="multi:softprob', random state=e, reg alpha=e,
reg_lambda=1, scale pos weight=1, seed=None, silent=None,
subsample=1, verbosity=1)
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3.2.2.2 Sequence Diagram
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22/08/2019 — 29/08/2019 0.16 0.68 0.16 0:50 0.34
29/08/2019 —05/09/2019 109 2.91 1399 2.91 1.86
05/09/2019 — 12/09/2019 -2.14 2259 -2.14 -1.49 -0.54
12/09/2019 — 19/09/2019 -1.43 -0.95 -1.72 -1.53 -1.20
20/09/2019 —27/09/2019 -1.20 -1.92 -1.20 -1.92 0.46
11/10/2019 — 18/10/2019 3.47 3.08 3.47 3.63 0.33
18/10/2019 —25/10/2019 1.90 1.90 1.44 1.83 -2.33
25/10/2019 — 01/11/2019 -0.09 -2.61 0.43 -2.61 -0.04
04/11/2019 - 11/11/2019 -1.34 0.18 -0.55 0.18 -0.008
12/11/2019 — 19/11/2019 -0.32 1.38 -0.32 1.38 -1.16
19/11/2019 — 26/11/2019 0.64 0.20 0:64 0.20 0.13
26/11/2019 — 03/12/2019 =03 ) -1.50 -1.90 -2.59
04/12/2019 - 11/12/2019 -0.19 -1.00 -0.19 -1.00 -0.87
11/12/2019 — 18/12/2019 -0.64 -0.61 -0.64 -0.61 0.76
20/12/2019 — 27/12/2019 0.59 1.20 1.24 0.02 0.33
27/12/2019 — 03/01/2020 0.50 0.29 0.44 0.29 1.06
03/01/2020 -10/01/2020 0.59 -1.34 -0.29 0.38 -0.89
10/01/2020 — 17/01/2020 -0.51 1.48 -0.51 1.48 1.25
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21/01/2020 — 28/01/2020 2.24 2.07 2.24 2.21 -3.91
28/01/2020 — 03/02/2020 -0.98 . -0.98 - 0.40
05/02/2020 -12/02/2020 0.33 0.80 0.33 0.80 0.37
-1.94 -0.15 2.14 0.33 -5.74
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i Yoprofit #1 %profit #2 Y%profit #1

UBN SET

Y%profit #2

22/08/2019 — 05/09/2019 1.28 2.66 1.28 2.74 2.21
05/09/2019 — 19/09/2019 -1.54 -1.38 -1.54 -2.28 -1.74
20/09/2019 — 04/10/2019 -2.77 -3.72 2.77 372 -1.84
11/10/2019 — 25/10/2019 5.76 5.04 5.76 6.19 -2.01
25/10/2019 — 08/11/2019 -0.15 -1.81 0.37 -1.81 2.79
12/11/2019 — 26/11/2019 -0.04 0.93 -0.04 0.93 -1.03
26/11/2019 — 11/12/2019 -1.41 -1.80 -ZO -2.98 -3.57
11/12/2019 —25/12/2019 -0.55 -0.19 -0.55 -0.19 1.36
27/12/2019 — 10/01/2020 -1.59 -0.77 -2.39 -0.77 0.15
10/01/2020 — 24/01/2020 0.77 2.26 0.77 2.26 -0.70
24/01/2020 — 07/02/2020 -3.24 2.02 -3.24 2.02 -2.18
-3.48 3.24 -4.60 2.39 -6.02
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%profit #1 ‘ %profit #2 ‘ Yoprofit #1

22/08/2019 — 19/09/2019 0.34 0.65 0.34 0.03 0.43
20/09/2019 — 18/10/2019 -4.97 -3.62 -4.97 -3.62 -0.29
18/10/2019 — 15/11/2019 -2.29 -1.60 -1.28 -0.76 -1.78
15/11/2019 — 13/12/2019 0.50 -2.93 0.50 -2.93 -1.76
20/12/2019 - 17/01/2020 -4.51 -0.43 -2.46 -2.86 1.75
21/01/2020 — 18/02/2020 -4.84 -5.03 -4.84 -3.97 -3.88

Sum of %profit } -15.77 -12.96 -12.71 -14.11 -7.34
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1 Yoprofit #1 ‘ Y%profit #2 ‘ Yoprofit #1 %profit #2
22/08/2019 — 17/10/2019 1.44 2.00 1.44 15 -0.04
17/10/2019 — 12/12/2019 ) -3.00 -4.36 147 422
12/12/2019 — 06/02/2020 0:45 2.99 0.45 299 -1.79
of Yopro -1.33 -3.99 247 -3.61 -5.99
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3885L’Jﬁﬂﬂﬂﬁﬂﬂﬁ@\i ‘ i ﬂ‘V]ﬁ“WET Y%profit %change Y99 SET
16/08/2019 — 26/08/2019 KTC -2.11 -0.53
26/08/2019 —27/09/2019 GULF 5.15 1.30
27/09/2019 — 30/09/2019 PTTEP -0.17 -0.39
30/09/2019 — 10/10/2019 PTT -1.25 -1.82
10/10/2019 - 30/10/2019 BGRIM 0.20 -0.35
30/10/2019 — 13/11/2019 GULF 1.28 0.83
13/11/2019 —26/11/2019 BH 0.78 -0.36
26/11/2019 —29/11/2019 SCC -0.40 -1.17
29/11/2019 — 02/01/2020 GLOBAL -3.19 0.33
02/01/2020 —23/01/2020 PTTEP -0.96 -1.39
23/01/2020 — 19/02/2020 CBG 0.47 -4.33
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16/08/2019 — 26/08/2019 KTC -2.11 -0.53
26/08/2019 — 02/10/2019 WHA -5.19 -0.56
02/10/2019 — 30/10/2019 INTUCH 3.45 -0.73
30/10/2019 - 13/11/2019 GULF 1.28 0.83
13/11/2019 —28/11/2019 BDMS 0.87 -1.08
28/11/2019 — 06/01/2020 TMB 4.24 -1.83
06/01/2020 —20/01/2020 BDMS 0.81 1.32
20/01/2020 —27/01/2020 BEM -1.36 -4.09
27/01/2020 — 19/02/2020 CBG 1.43 -1.22
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