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ABSTRACT

While we have seen the number of new investors is increasing, most of them lacked
fundamental knowledge and a proper understanding of a good investment planning. Consequently,
it is more often than not that they have made poor decisions on theirs investment.

While there are a number of investment planning providers through mutual funds that
are offering online investment advice with a number of features for each investor. None aimed to
help investors in developing self-investment skill. Not one of these online features allow investors
to actually grasp the consequences in each step of theirs investment planning from selecting the
funds to investment proportion. Not only that, we also found that all of these online financial advice
tools lack a comprehensive feature that can help reduce complexity in each step of investment
planning while still are tailored to suit each investor to achieve theirs objectives and financial goals.

In this research, we implemented a comprehensive step by step investment planning
advisory tool that aim to facilitate each investor based on his or her objective. We provide an
interactive decision support tool that allow investors to develop skill and learn during the process
of creating an investment plan manually. We also provide a visual analytic tool that helps investor
analyze risk and compensation for each investor. Moreover, our system calculate complexity of
data and analyze data by allocated asset from Modern Portfolio Theory. Last, we also utilize

machine learning for funds ranking recommendation for each investor.
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2.4.5 Skewness
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Equity General Mid/Long Term Money Market Commodities
Bond General Precious Metals
RMSE | R’ RMSE | R’ RMSE | R’ RMSE | R’

Random 0.0333 | 0.7150 | 0.0012 | 0.8565 | 0.0002 | 0.6400 | 0.0072 | 0.9629

Forest
OLS 0.0570 | 0.1666 | 0.0030 | 0.7935 | 0.0001 | 0.9067 | 0.0294 | 0.3748
Lasso 0.0573 | 0.1590 | 0.0030 | 0.7802 | 0.0001 | 0.9027 | 0.0305 | 0.3268
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XGBoost | 0.0201 | 0.8962 | 0.0010 | 0.8974 | 0.0001 | 0.9108 | 0.0066 | 0.9686

SGD 3.09E+10 | -4.34E+23 | 0 0030 | 0.0760 | 0.0001 | 0.8951 | 0.0302 | 0.3419

ANN 0.0567 | 0.1763 | 0.0333 | -115 0.0640 | -28576 | 0.0529 | -1.0244
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1/6/2018 | OE Fixed CIMB- neanudladledy | CIMB-Principal (FAM) CIMB-PRINCIPAL | 4,014,037,181.38 13.3202 133203 133203
Income Fund | PRINCIPAL P-W3uana () Fixed Income Fund (FAM) FI
ANl
1/6/2018 | OE Fixed ONEAM TnseamsTans 1 A.M. Daily Fund 1AM-DAILY 1,547,546,799.99 12.0730 12.0731 12.0730
Income Fund neanwialadssaua
3
1/6/2018 | OE Fixed ONEAM noaulaITIY 1 A.M. Thai Government 1AM-TG 475,766,583.33 11.8347 11.8348 11.8347
Income Fund Wusiiagny Bond Fund
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Statistics of returns of mutual fund portfolios
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Decile 2 3 4 6 7 8 9 10
Portfolio

Ann Return 2.68 2.02 2.05 241 3.52 2.73 3.35 3.81 4.03 4.47
%

Ann 8.61 8.86 8.91 8.90 9.87 991 | 10.07 { 10.19 | 10.55| 10.85
Volatility

Sharpe Ratio 0.31 0.23 0.23 0.27 0.36 0.28 0.33 0.37 0.38 0.41
Skewness -0.24 | -042| -0.14| -034( -0.27| -022( -0.29] -0.31| -0.21 | -0.15
Kurtosis 2.60 2.74 3.88 1.88 1.77 1.73 3.26 2.90 2.58 2.16
Max Draw% -2.58 | -3.10| -3.01 | -2.62| -3.11| -335( -3.58| -3.72 -3.35] -3.33
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Baseline Portfolio

Recommended Portfolio <A

Select Portfolio
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CUSTOMIZED PORTFOLIO
1
Asset Allocation + 15
SET50 29.70% 0 v
naanuilla SET50 - -
=l ] 8
& =
2 2
FIXED 45.05% Z £
. &0 6
noanuilaasiaanil
= , o
Money Market 12.05% . L]
" . -10
noanuilaaTiaTiiy 2
— Baseline Portfolio Recommended Portfoli Cuslomized Portfolio 0 5 10 15
Gold 13.20% Risk (Standard Deviation)
nodnuilAnasAILng @ Baseline Portfolio @  Recommended Portfolio ®  Fortiolio 1
—
Category
Equity General ”
RISK MEASURES
3 R $ > R {ARPE ¢ SORTINO & VOLATILITY
1 namu 2,323.57 0.04% -0.03% 0.14% 0.09% -0.17 -0.28 0.12
Wenih
nan
NANG
+ Add 2 naInu 2,167.85 0.05% -0.05% 0.12% 0.07% -0.31 -0.50 0.12
e #ia
Tini
nu
3 namu 2,130.57 0.05% -0.07% 0.11% 0.08% -0.52 -0.84 0.12
Weua a
a9 W
nu
4 nBInu 2,112.29 0.04% -0.06% 0.06% 0.08% -0.59 -0.96 0.09
Wasu
270
Low
Beta
5 naInu 2,083.57 0.06% -0.02% 0.06% -0.14 -0.23 0.08
asu
Eatd)
Prime
Low
Beta

show 10 entries Showing 1 to 10 of 104 entries _
Previous 2 3 4 5 " Next
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DIY Portfolio
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awiutinaauiilyaediuiudviunisnusurmmaasu AtayluluaTiuidusnniu
wifsarnudrmandlalumsusunsamuiimneay sainsnaeisdlslunstsasmiy
Fudaulunsinedunauranisiauuuniinisanulimusasmuudasyres Meliaunsoussg
WoUsrasuandmnenantsiu

wiidresluflagUiussdgliuinisnnanunsasyuirunasusulidenagwatnvais Ali
fuvzihlunsasudmivinasunedesiudamasaulm! Fausasdwineifyaey Tumsinsi
wanshafuly wilissdudlivimsmele snddmuusiludneasiliamu nemuilasndanliud
wazimuRdndunsamuy Teitdnasueraslimunsofisesyfudsmlonswfisnseuuidlunns
Fadannamuusa: Frdruasinsanls Saildnaeiedafeelflunsdouiuaeimuimeelunns
amuiionues tofswuBsuusunsamulimnzayluusdasypna

dmiurdosdlewmur@unasiiu interactive decision support tool Rzt aimuinueLay
Guufnsrurumislunsaiiausunisamuiienuies wae Visual analytic tool fierliinamuainie
TATedradsuasRass UL sAazRIINTanL Welilunifenuwunsamuitanzauiy
prsAswaamuies venTmiutsludes nsrvaunsduingeIiidudeusasnisiassidaya
Uaanasnn Tunsdauuunsamu meiEnsnssngneanuludunindvaisdssum (Asset Allocation)
R1UNEN] Modem Portfolio Theory uaztalun1sfindannamuimensindufunamusiy Ae
Machine Learning

Andhdny: mﬂwﬂw&'wqumsiniu'h, nﬁﬁuuiﬁ‘:mﬂaa, Lﬂ?mﬂﬂﬁmﬂrﬁﬁﬂgaﬁmmn, Anduns

amu, miArdnnaa, nsaRmILkassuulusAe
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Abstract

General investors and beginners for investrment planning which is curently trend s
increase but still lack of knowledge and understanding in proper investrent planning. Including
the lack of tools that help to reduce the complexity in each step of investment planning which
suits with each person. In order to achieve the objectives and financial goals.

Atthough currently there are variety of investrnent planning providers through mutual
funds to choose from that provides investment advice for individual imvestors through online
channels which has different features. Even there are different services, the selected funds and
irvestment proportion by which investars may not be able to adjust or know the process that
used far selecting funds and proportion of investrment which causes to lack of tools to be used
in learning and developing skills in self-investment In order to adjust the investrnent plan to suit
in each person.

For developrment tools, an interactive decision support tool that help to develop skills
and leam the process of creating an investment plan manually. Visual analytic tool is the one
tool that helps investor analyze risk and cornpensation for each investor that are suitable for risks
af the investors themselves. Moregver, these tools can calculate complexity of data and analyze
data by allocated asset from Modem Portfolio Theory and Machine Leaming will help you to
select funds by ranking of funds.

Keywords: interactive decision support tool, machine learning, visual analytic tool, asset
allocation, fund selection, mutual fund retumn prediction

51



unALTY

umin

welsdnamuannsofissinuineuaedoudnssviunslumsaiiunsamuiioaue
Fudugaduiulunisinuaislefdialidnamuaiunsefsdoud st lugluuy
interactive decision support tool fizieliiensanauasFsuiisvusumsamuiivszneuluie
asnaanulunsaususa avanadseia frelidnamuiauinssuunisamy wedeliiely
dnduladanuey nsamuiivenzaudumsidsessfaoulafinsuarsaime visual anatytic tool Tu

- a we & e 3 -l

M aue UL AU ATUR Ui AR BULULAZ A TEIER

-l = w -l [ I w

dlssnmaasunaspusaiivlssnaulumensmuiiaauluduniiwanwaedssum Tz
ademdanslunsdenedansamy lauflifuethuvawliud nanssremsavpludumindwans
UszLom (Asset Allocation) rumauf] Modem Portfolio Theory' Fuflunsaimansuunugsgamels

- - - & MO - = = w

sefiuRIdsmils 1 ddnasueduasruannsoiuld Faemeedarmenduindmiudnaamanialy

- w L | - = - [ TR 13 sl - - w
desnduudgsliirdalauasmadnuidsuinsfuiou tadefiuuiurasimiiuns

w o om a e - w . T ow -

witlywmaduliina muasrsefivedrassdndiumsanuldinedady Snieyadnnunesmuis
Fnnunuasfivi N niugn® ilifsgUasilumsfrd@snnamuiitsthunlflunisaou

" = - - iow - s -l - W m

dmivandietiul seilunmadaiulufinmiaulusunsfisnsefiselbilna annmamu
Temneaniuddnamuies anssgeramuasraugetn Tunsfivenausunis amu Taseidonsin

- - ] -l w -

eudsilussivyana waxiauanisdlefvedelutainsaiiusnunsamumundnns Modem
Portfolio Theory uasiAasllafian lunisdmdennomusnalasmsdaduiu wafidoafajmds dn
aMUIEANNTD UsrauAnuEEIlun R uTEREET)

TnguszaaAnTie

fauadeadloftslidnamuaiusafinsusunisamuisaues Tugluuy interactive
decision support tool Tunmsaiuasnfufisuusunsasuitseneulufmensnamulunaaqusm
vannmanglssion wasliieludndulufsauumsamuiivenesauiurudss gamue visual

- e me W i -
analytic tool dmTvuansrrAuTuSTeWITHaN FULLLALAT A

| Markowitz, H. (19521 Partfolie Selectian The jounat of finance 7011, 77-91
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AEnaaudurnide
1. msUszdluseduATsEssine Sultability Test (Risk Profiling)

reudsdulaamu dnamuismaiuuudsaiussfvanuiedumsasyuigamuanse
aeuiule Jsuitability Test) el i mmannsefurudsdfunniasudlvy uasiih vene
fumsasulunasusuwuulvy Fsilagduddnnusmenssumsiiusdnninduassannudnning
Dudrwn 2 Wsendedsrliinamuiimisediurnuissisunsamuuas nmudayann 4 (nan)
limmaumnuuulssdiurnidss sedwssnadussivarmidedidnanuiuls sk profite) uaed
MsuLEtNERAaTINTIAMN Jsset Allocation)

wiimaiuuwsedurudios sedslidnamunsuissdueudsfininamuiula
wid sl uasdedn enanelinnmuandaguindussiuasEssimumiuld sk tolerance) waedn
amuusazsts Talidmhduiudaliiraauliiinsuiufsumsamulirevaussiuiadnamu
TIYAFE
2. msiRATINTIANN (Asset Allocation)

n3inassmIamu Jasset Allocation) unsevIunIfifiTsuTh wiasdunindese
awuudrdruninlug Fesmneauiudnamunussdueoufesiiuls dednasuliiuvlsedy
rudsaisuiosud v ldfuduusniftnaauldfuduiosedediudoudmiuinamuusios
UszLampraseAuAamdes Tasaaenssunisnanliimuniuuumiedadiunisamu. Tasandded
FnBsIRaN TSR U TASUE ssunAE e W T

Tufunsuiitnasuiiuindiunsamy Welddnamuluwmslunauivindiy nsaau
Fal#emigul] Modem Portfolio Theory (MPT) ulilsins1ulédn ununTsamuiiyudqeegdud
UseAviEnmuiads

minimize E?:l |E?=l{rﬂ _ﬁ‘i}mii
T T
Aunld r, Wunaravunursiwdazunindlulsasthanasiig q saseezne T, Rl
HARDULVLATAWTS, 1, AoAOREKaRa UL Uay x ARdIuduning
3 ASUARSHARBULYULAZAT LSS
Tumaiauslithaspuirmmudlsluds meseuuuasrudsdignunniy de
wWisuisuiunsiasilugiuuuresiey Ay fmumarsuwumsamuluenaTsirumEanu

#a 9 Sslihiemdnnisann PortfoliocCompare fiiaualuziuuumuglammd 3 fuansisansuwn
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fimiEl# Jexpected return) unzrnuidssitarl#iy Jexpected risk) TIngUnuvIBInT iUz
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Al 3 nruaRsFERENaRULILLAL FEERINTLA O visual analytic
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Al 4 nnsansaRauLILATURTURTISUNIURE visual analytic

4. msfmBannasuisaimnamu (Fund Selection)

wasnilafinsdmundadiunsamurssduninduiasyseumudy dunsudalyseduy

nssuumslunidafannesuiissiiunany JFund Selection) #mivAunindusazuzsian Tnoms

fasananuantsAdunuyanamy JMutual Fund Performance) iiwasmulffndnnamuiu

afsashie

nansAtdusnulnudarnanulsgnitn iadsmisssavinmeausasnamuluuday

nauAuning Tnelumsfiasuidsednininie Ininazuuunadiiduau Jperformance score) uaz

prLuuATAIAY Jpersistent score) MntuTadennemudmiuwiarAuning Areuuugeilud
19 dusiuaz maaue

2 e w e ow w o . 2
Performance score finszuiuniadsil drisya mamﬂmmﬁamumaﬂwaumzmaﬂu e

sanifiuefidulnd Jpercentile rank) Wahaiufrsuuudsstausastda ntiunasuuy

performance score 9INRDTIRIDIRELlULAARE TR

wampuuLtaUVAY 1 RBY, 3 Wey, 6 B, 9 oy, 12 ey, 37,50
uamuuuirAnsalluawnan 1 @eu, 3 ey, 6 Wou

Sharpe ratio tasfeyadounds 12 ey, 37,57

Sortino ratio vasiayadiaunds 12 Wau, 37,51

Skewness Tasboyadoids 12 woy, 37,57

Kurtosis yodayatisuwds 12 feu, 39,59

Ormega ratio nadloyadauwds 12 Wew, 37,57

Max Drawdown yadiayadounds 12 oy, 37,51



Persistent score 3xAnnalATIndayanansuLnusRautaudaznamuiaundly 12
vy warluwdasiRauss Treonuniuaiiiulnd mn&uﬂi’nmﬁﬂgmﬂ&%liﬂwﬁum 12 #au 3
Fwdeiteldidu persistent score Tnenesuiiiduduasivelirsuuugs
W dnduunamuldlHIE Additive Multi-Attribute Ranking TRansTiumzuuuiammnan
performance score Uas persistent score TNtuTRLUUgRe AT Trsuiluasnasu
fudunanauunuiiaenisalluauiAryanasu Mutual Fund Return Prediction) 16t
LU0 Hedee Fund Return Prediction and Fund Selection: A Machine-Learning Approach”
yszgnililunsieeansuunulusnemntisluma@eanesy Sendy machine learning lums
a¥whnna Tasflnseuaunisdsl
- nomuithurlilunsainiluee seivdifeyananauunustnaioy 12 Fou
- deyafihenlilunsaiidmasssznaulude
— wamaLuvulusdea 13,6912 Way - Omega ratio Tasiayadoundl 12 Wau
- Sharpe ratio vesigyadeunda 12 oy - Drawdown Tussesiatluade 12 dau
- Sartino ratio wesiayadounda 12 Weu - Lag 1 autocomelations sanauwylueie 12 Wau
- Volatility yiieyagzunds 12 \fau - Lag 2 autocorrelations samauuwnuluafin 12 Hau
- Skewness yiiiENafaumds 12 1figu - Lag 3 autocorrelations wamauuywlupin 12 (fiau
- Kurtosls yaatayadaund 12 ey
- afulumadl o van tln q Iinesansuwluauian K dsudia Taels ¢
Wy @euilihieymnaindluea uas K ussesom 1 dou, 3 deu, 6 Wau wu t
WhuFauunsian 1 K = 3 evhusuaneuunussiouesney iy
- Machine Leaming Algorithm #iuil#lunisaihdlumaszusznavluiae Random
Forest, Ordinary least squares (OLS), Lasso regression, XGBoost, Stochastic
gradient descent (SG0), Artificial Neural Network was¥ K-Fold Tunssuiunas
waaeuluwatiy wwldinssuaumadniuiy paper $19iu waendnvaaaubnag
wiendanld algorithm AlAUszAvEA MATIAR

* Chen, Jagi & Wu, Wento & Tirdall, Michael (2016). Hedge Fund Retur Prediction and Fund Selection: A Machine-Leaming
Appraach
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yinsamu WelilAdlefsiunsulumsduiuamuuarasnszuy msitdudou uananduisgli
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Randorn Forest, Ordinary least sguares (CLS), Lasso regression, MGBoost, Stochastic gradient
descent (SGD), Artificial. Neural Network Tnagzwuin xgboost fussdndamitanirlumadu 4 luyn
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diFau
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Wuteyalunisataluma wazd 2016-2018 Wufoyadwivneasy Tnsdudeyase fuvsmnnonmu
TILULSTULTRLAMYSNEMY 1y Equity General iliuu 189 nasu ﬁ’uﬁﬂmﬁwwnmnuswiﬂﬁ
2010 fis 2018 i 2,350 Fu Tefi¥ioyafihunly ada,150 1ens

"] u o " -
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