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UNANEa

At fagUsrasdiioiauuuusassdmiunsiunemamesiae Tensorflow wa
TnsaneUsganniiiey LSTM wazinafindnu Machine Learning wae Deep Learning e
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1.1 fMuazanudrfgvaslym

v

L uduning 11 e drdy lussuuimsugiauas msawuinlan ia1vesdiinng
Wasuulaseg maeananiilesainademaiasegia mailes uazmainns&u msviiune
nAmesmdaduFesddydmiunamunazdninmeinanistu Tulagiu melulas
sudggdseivslagninanlilunmsiiesgideyadiuausnnifiotslunisaanisaiun
thiweawnan wilslumadailiiuanuienfenslilasmieussamifiounuy Long Short-
Term Memory (LSTM) Fafludrumilsweslassheussamiouuudduna venani
failinsesflodmiuiannluna UyanUseing wu TensorFlow dadulausidmiuns
a¥rquarilnluea Machine Learning uae Deep Learning faty mu%%ﬁ?@uﬁumﬁw
walla LSTM 3nUszendldfu TensorFlow e lumadmiuyiugsaneadiain
Tayaluonn

1.2 9AUsZAIAYDINTANED

1. WBAN®INNSYINUYBIlASINgUSTEMMgULUY LSTM
2. anaulanad1nsuvinunesiameselagly TensorFlow
3. WiBSeuriguNan1syinuneNlaanLU U189 uN1SUAs UL UBISIANS I L UBAR

1.3 Yszlevinaininazlasu

1. lawuudnass (Model) Nanunsalglunisyimnesiavesinlussusdunsassagnans @9
anunsninluussendlglunsdnaulaamule

1< . . o [y} Y] & 2 a I's a o
2. Wuwwmn (Guideline) dwsutinamuvsegaulalunisinsgivas Ussidiuanuides
vosnsasulunesmlaglindnnisndinermansdoya
3. wuvinwe (Skill Enhancement) Tunsussyndldniwn Python wazinaiin Machine
Learning Tun1suAdaym uiddense Yy nnegsiaNiieatesiunisinseiaunsu gl

(TimeSeries Data)
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1.4 YaUnluNISANEN

vaulnsudaya (Data Scope)

1. Franandeya: Muvustunaidnieu Wy eyadounds 5 Y vie 10 U (szyliEuduuas
Yauan)

2. foyaild: Teyasiamesdidounds (Fu ATan, MAgeae-man) 1WuseTunie
SNURDUY mmméﬁagaﬁﬁaﬁﬂé’ (W @unauAmasdn, Hulednisduaina)
Yaurwnaumatia (Technical Scope)

1. muwlusunsy: 19 Python Wun1wudnlunisiaun

2. laus3udn: Wlaus3fiiedesiu Data Science uaz Machine Learning Wy Pan-
das,NumPy, Matplotlib, Scikit-earn, %38 TensorFlow/Keras (%uaeﬂjﬁuﬂizmmamw
91804) WU Regression 730 Deep Learning

3. WUUd1aed (Model): Lun sidwuudnaes Machine Learning dmsunisiiasigieunsy
1181 WU ARIMA, SARIMA, Prophet, u%mwmi”lamﬁugmasm Linear Regression, Ran-
dom Forest visalaseungUsgamifisn (RNN/LSTM)

YBULARTUNAANS (Output Scope)

1. naansAoAYUIETIAIMBIA (WL 51A7U0) Tueunan

2. fimsuanawadndidunsiuSeuiisussminesmadstusandivhungle

3. SnsUszdiuUsEavanmunsuuUaesie i Sn iz ay Wy RMSE (Root Mean
Squared Error), MAE (Mean Absolute Error) 38 R2 Score

1.5 duyAgIunsAnen

1. meﬁ’ﬂaaqmiﬁaui%ﬂLﬂ%aﬁﬂ’wmﬁulm&bﬁﬂmﬂim Python anunsayiungu iy
simmesrlusuaaldossdinuwiuglussiufisensuld (au 361 RMSE snunast
firtuunl3)

2. Yadennsadifivassiamesiluedn (Wu wuwilidy, gania, Anuduiusivaluesin)

i
fdydAty siesialueuian Fawuudnaes Machine Learning anansaiseusle

1dnsnanyng
1.6 WS09NaN Y luN15IY

s

1. 7w Python Wunwaeuianesflenldlunsimunlusunsuauineinisdeyas
(Data Science) wazUgygy1useivg wWesaniilavssduuuinngelunisinsizn
Uoyauaras1luUINaed Machine Learning

2. TensorFlow Wulausisdmsuiaiui Machine Leaming wag Deep Leaming IWaILN
18 Google Tdwmivaialaginuuudiasslassneyuszamiion wu LSTM el
nsvihnedeyasynsunm



1-5

3. Keras \Uulaussdwmsuainaluma Deep Learning 1v91usiuiu TensorFlow 47
TraunsaasralasetneUseaniisulfdelazasningeay

4. Pandas \Julaus3luniw Python Ailidmsudanisuarinsisideya Wu nse
Inddaya n1sdnguuuudeya wasmawseuteyansuiluldlunsiinluea

5. NumPy Wulausisdwsumsdunandsdiavluniu Python Tidmsudanisdeya
Tugduuuaniisduaseiiinuseansninlunisauin

6. Matplotlib 1ulausisdmivasansmuaznisuansadeyaluzuuuunin wu nsm
@ WelfiuTsuifisusamesaaseiusailunaiiuneg

7. wnaadayasimmesd Yeyasiaveslilun1sideignasunain Yahoo Finance
lnaltlausis yfinance Tun1w Python ZadayaUszneumeusiaUnveanasnly
upaz iy et lglunsialuudnass

1.7 QeuANRNIg

a L3

-Machine Learning (N558U3v041A384) AoavvilaveslyaUseigy Mdunisimun

<9
v

Tsunsulvianunsaseuianndeyalalaglisesdimadeulusunsuegns Fawulunisdndula
Time Series (eynsuan) AoyadoyaiinsdnGommadunm wu mevumetu vieo
gaumgfisedalis

"RMSE (Root Mean Squared Error) (snne3fniadeninunainadeuridias) FuindTe
Al ild Ussdumnuuandaseninaitinglduagaas Inguanswalumie
WUl UsYIueg

-API (Application Programming Interface) Aonuasdorimuniitnegly Tusunsusonduas
aodlUsunsuannsadeansiuld Wlunsiedoyasia nesduuusnlusii

“Features (#l903/Aaidnaiy) AofuUsdass (Independent Variables) vi3edaya thidhiild
Tumsilnsunuudians evihuneandmeneg (1A mosd)
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Y AN

2 AITUINUITU

¥

2.1 A7AENUFIUALINUNIYT Python

3
Python unwin1sleulusunsuseaugs (High-level Programming Language) ﬁgﬂﬁwm
Tae Guido van Rossum wazidnsaasausnlul a.e. 1991 A1w Python gneanuuulyd
Tassasienudenaziilaldazan fhensalilidudou SamunedmiugBuduGous
m3deuldsunsy saudagninluldlunudiusin 9 wu msiawdu nsieseideya
Uanusshivg wasszuudnlud@ n1wn Python 1Wunwwuy Interpreted Language %
‘wmaﬁqﬂ']iv‘f’musuaﬂﬂﬁt,lmngﬂufdau,awﬁzmawaﬁazﬁﬁwmz%’uiﬂﬂmﬁm il
annsanadeuuarudlnldnldonenings Sndansalfaulduunaessuuufiing
Wi Windows, macOS wag Linux

2.2 AnuinugungInulaseEiIeiugIuveenIen Python

&9

2.2.1 daudsuazviindoya

_fuUs (Variable) Aofiuiidmsuifudeyalumissanusr Tnsniw Python ludndudes
Usgneriladeyadimii iesannduntwinuy Dynamic Typing
fiadoyaiiuguilives lHud

. Integer (int) @wSUNUSILIUAL

« Float dsuiiuduiunaiey

« String (str) dmSuiiuteni

« Boolean (bool) &wsuiiuAianuase laun True wag False

uaﬂmﬂﬁé’aﬁimaa%’msﬁauﬂaﬁu 9 Wy List, Tuple, Dictionary waz Set #vldidmsudnifiu
Uoyavanga

2.2.2 1A398319AUANNTT919U VBT TUNTY

AW Python fllassaiedmsumuauadunisyanuveslusuns Wy msfvundeuly
LazNI3 T

'
v .

1. Taseasnadaule (Conditional Statements) 1HAN&q if, elif, wag else WinnsI9daU
Waulvnauyinau

Y o

2. 1n59a519n157u% (Loop) Tdmds for wag while Waynnugmatsasinukeulad
Avum

Tassasramanildielnlusensuanunsafnaulawasyinanulaeg1eatiuss@nsaw
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2.2.3 WeAdu (Functions)
lafduoynmdafignanguliiflevinuameesns wavanmnsaFonldnudldvasads
msadreilestulunie Python T@ds def Ssthelilusunsudnmnudussdounazannis
Feoulfngrdou

k74
%4

2.3 annudnugunganulaussnuguvas Python

lausn3 (Library) Aeyadwielugatignsiuruliifietissnsmnuazmnlunisiamn
Tusunsu Tneaw Python Svislaus3uasgiufinndenfunw uazlauss o i
annsaRnmInendls
2.3.1 laus3uinsgu

(%
U

lavssuesgrudulausinfadsnndeniu Python Tnglidesindaiudiu dogey

« math W@ MSUNISAIUIUNIIALAAIEAS WU 5INAEDY ALATINAIER LazAIAINNIG
ANAAANS

« random ¥dmsunisdudiaunsetayasig 9
.« datetime lddmudansteyaiioaiuiuiuagm
« os ltdmsudnmsivlduasindeniussuuuiians
2.3.2 lausisianiuditeuld
o NumPy Tgdusunismunaidsiiaunazn1sannisenssonaisda
« Pandas M@ nsunsiaseikazdnnistoyaluguhuunsns
« Matplotlib lgdmsunisasiensnuaznisuannatoya
+ TensorFlow T miuiannlunnadagussiuguarnmsBouiveanios

lausiswaiivinlvinw Python anunsanluyssandldluaumainvangany wu Inens
Toya IEINTIUGONAUIT WAL TN TEUUSN LU

¥
Y

2.4 ANuENugIUNgINUNTIAIUazInSEaYaya (Data Preprocessing)

&9

mM3dniiuasin3eudeya vse Data Preprocessing WudunaudiAglunssuiumsinsisy
Uoyaluavn Data Science wag Machine Learning lnefignuszasdiiieusulanmninees
PoyanauilUldlunsinsgrivioasauuuinass emndeyafuilaanuvassing 9 dn

)}

Al Wu Jeyaanng Jeyat viseveyandsuuuuldmingan delumamIeudeya

Jandutuneundielvideyaianugnees Wussley uwavannsairlulduselovilaagad
Usgangamn
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TunaudAgvanIsinseudaya

1. MsieuazeInteya (Data Cleaning)
nsvhanuazendeyafiutusenlunsnsnaouuasuiludeinnainvesdeya 1wy
Msdanisenfimnely (Missing Values) msau%’m&aﬁegﬁu (Duplicate Data) wagn13
uilvdoyaifisuuuulignéos mavhenuazendeyatielidoyaiinugniesuas
anmuAmaiedeulunTIAT 1L

2. mﬁawﬁa;ﬂa (Data Integration)
nsyudeyaidunszuiunsthdeyanuaeunasunsuiulieglusuuuuifeniu
W MsTuteyaanguteyanaissyuy isensmdeyannlvldnansuszian il
Tfannsnidoyariouauiinnesisutulfesnsdiussaviam

3. msuUasdeya (Data Transformation)
nuUasdeyadunsuiuguwuuvestayalimmngauiunsldeu wu nmsdsuana
voetoya (Normalization 158 Standardization) nswUasdeyauszunndeninulnduy
fian Wiemsdnngudeyaifieliiresionsie

4. nsanvuindeya (Data Reduction)
nsanvuadeyaiiunisanduiudeyanseduudnlslnedanstoyadidyly wu
nsidenandnuazid ey (Feature Selection) iensandifveadoya (Dimension-
ality Reduction) Jstmeannanlunisuszananauazifinuszansnnlunisiasizi
Uoya

w3aslienldlunisinisudaya
lumsdnviuazwseudeya dnldinsesilowas nwinis@eulusunsufdielunisdnnis
Uaya 1y

« Python dmiumsimunlusunsuiagiiaieiveya

« Pandas dwun1sianisteyalusiuunisng

« NumPy @93UNITAIUIULTIAIAY

« Scikit-leamn @ nSun1sMIENTayaLaENITAILUMA Machine Learning

¥
Y A

2.5 AuzugungInulassdnguseamLiieaiean (Deep Learning)

LX)

nslgimaila Deep Learning Ingtanizluna LSTM aansatielunisitasizsiiazvinune
e lsegeiiuszansam esnannsaFeuisuiuuvesteyasynsunaluein
65 dlonanuiunisUssiliunadiofidin Wy MAE, RMSE uaz MAPE azgaeldannsa
Useilupnuwiusweslunaasidonlunaiivanzaudnsunisneinsalsamesrile
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p3AUsTnovdAgueslinanldlusul laun

1. LSTM (Long Short-Term Memory)
Long Short-Term Memory tJulassainefitanans RNN ﬁawmammﬁﬁa;ﬂahiwz
emldd vhldomngdwiunmanensaifeyaeynsuna wu mAwu s1enisiu uay
Pmosm Tea LSTM asnsaSeuiunliuuassunuuvesiamesalusin iilo
thanAnnsainmfienaiaduluouas

2. Dropout
waila Dropout Wiileanilayy Overfitting Insmsgudanisyauesunslvualy
TsseUsramienssniansiinluna FdtelilunaanninGoustoyaldets
yhluuaylsianddeyafinuniiuly

3. Dense Layer
Dense Layer {iuiaigasiideuselmunisuaindeiu lngvinihiisusadoyaan
awesteunthuardunmnadnsanine Slunsdlvesnmshuienamesd iwesi
slddmuduinmnelunanginsaioons

2.6 nsIanasazUseiliudseansninvasluwma (Evaluation Metrics)

naanas1aazinlumand) sndudesdinisussiiulseansanvedumaiieinauwiueg

¥ '
v Ay aAaa

YINANISNYINT 18 lEAITIAN19E@DRNISeNI1 Evaluation Metrics dadinfndeulylunis
UseLunavaalumangInsal bk

« Mean Absolute Error (MAE) T4 InA1Qa8U89ANUAR R AR UL NINIAAINEINTAINU
A13e BellAntoedananadinlunaiininuuiugnas

« Root Mean Squared Error (RMSE) ldinanupainiaaeuassnisweinsal lagliaina

(Y] [y

dAYAUAIMLRANAIANLIVLININ

« Mean Absolute Percentage Error (MAPE) JueSesazveimnunaininiouiaie
lanunsaUszdiuanuudiugvesdunaldieluguuuuesidug
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3 35N15A L HUIY

A15YUI851ATINB9A MU LITE UL TRUNS IR Tensorflow wazlasauigussanniay

LSTM (Long Short-Term Memory) Fawisngdmiumsiasgndeyaaisuial lng
NTEUIUNTALTUIUUTENBUMETUR DU AR IR L UT

o

1. p1shetaya (Data Collection) vinsfstayasIAmasAINwatayaoeulall
Lnellausn3 yfinance Faanunsafistayasianln (Close) vesmasrluusiay duuils
TunsiAszni

2. m3anuazaIndaya (Data Cleaning) Insziduudeyaiilaninnisisdeya wu
SN lRIFIAT9RTaUNL N1SEDNRNILADALISIANTR LLagmﬁmgUmeﬁayjaﬁﬁ
wWinlwinesanisunlulgeuy

3. nM3uFuvuataya (Data Scaling) l¥ivnAllA MinMaxScaler WaUSUAITIAMBIAN
Tieglutiesendng 0 i 1 Fehelvwuudnaesdyaussivganunsaiseuideyala
agellUsEANEA LN

4. mawseadayadmiulung (Data Preprocessing) In3unuudayalmdudnuouy
d1iunian (Sequence) nglitoyadeunasinuuransu wu 7 Ju Wil ludeya
T lunsviues A mesAluaunam

5. nMsaseuaziinluma (Model Training) a@51auuuinass LSTM lnelilasene
Usganniieuvanetu wieuiamiruanslnesnisiseus wu 913 Epoch way
Optimizer tiigrnblunaaunsaSeuisUsuunsuasunUauessinmesm

6. N1sWEINsais1A1 (Prediction) whluimanetun1sinwaunlglunisyiuiesian
P99IAUBUNIAR WU N1SNEINTAISIAIAUTN 1 B9 3 Tu

7. NSHENINALAZAATIZVNAANS (Visualization and Evaluation) Lamdnanns
NYINTAIMENTIABUS B UIBUSIANASINUSIANTLLLAAYINUNY WS uNaUsELIY
Uszansnmaaslunalaglisiidin wu MAE, RMSE way MAPE
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3.1 N3AeUBYA

Ipip install yahoo_fin yfinance

Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:
Requirement already satisfied:

yahoo_fin in fusr/local/lib/python3.12/dist-packages (0.8.9.1)

yfinance in fusr/local/lib/python3.12/dist-packages (0.2.66)

requests-html in /usr/local/lib/python3.12/dist-packages (from yahoo_fin) (0.10.0)

feedparser in /usr/local/lib/python3.12/dist-packages (from yahoo_fin) (6.0.12)

requests in /usr/local/lib/python3. 12/dist-packages (from yahoo_fin) (2.32.4)

pandas in fusrflocal/lib/python3.12/dist-packages (from yahoo_fin) (2.2.2)

numpy==1.16.5 in /usr/local/lib/ python3.12/dist-packages (from yfinance) (2.0.2)

multitasking==0.0.7 in /usr/local/lib/python3.12/dist-packages (from yfinance) (0.0.12)

platformdirs>=2.0.0 in fusr/local/lib/python3.12/dist-packages (from yfinance) (4.9.4)

pytz==2022.5 in fusr/local/lib/python3.12/dist-packages (from yfinance) (2025.2)

frozendict==2.3.4 in /usr/local/lib/python3.12/dist-packages (from yfinance) (2.4.7)

peewee=>=3.16.2 in /usr/local/lib/python3.12/dist-packages (from yfinance) (4.0.1)

beautifulsoup4==4.11.1 in /usr/local/lib/python3.12/dist-packages (from yfinance) (4.13.5)

curl_cffi==0.7 in /usr/local/lib/python3.12/dist-packages (from yfinance) (0.14.0)

protobuf==3.19.0 in /usr/local/lib/python3.12/dist-packages (from yfinance) (5.29.6)

websockets>=13.0 in /usr/local/lib/python3.12/dist-packages (from yfinance) (15.0.1)

soupsieve=1.2 in fusr/local/lib/python3.12/dist-packages (from beautifulsoup4==4.11.1-=yfinance) (2.8.3)
typing-extensions==4.0.0 in /usr/local/lib/python3.12/dist-packages (from beautifulsoup4==4.11.1->yfinance) (4.15.0)
cffi==1.12.0 in /usr/local/lib/python3.12/dist-packages (from curl_cffi==0.7->yfinance) (2.0.0)
certifi==2024.2.2 in fusr/local/lib/python3.12/dist-packages (from curl_cffi==0.7->yfinance) (2026.2.25)
python-dateutil>=2.8.2 in fusr/local/lib/python3.12/dist-packages (from pandas->yahoo_fin) (2.9.0.post0)
tzdata>=2022.7 in /usr/local/lib/python3.12/dist-packages (from pandas->yahoo_fin) (2025.3)
charset_normalizer<4,>=2 in /fusr/local/lib/python3.12/dist-packages (from requests->yahoo_fin) (3.4.5)
idna<4,==2.5 in /usr/local/lib/python3.12/dist-packages (from requests-=yahoo_fin) (3.11)
urllib3<3,>=1.21.1 in fusr/local/lib/python3.12/dist-packages (from requests-=yahoo_fin) (2.5.0)

sgmllib3k in /usr/local/lib/python3.12/dist-packages (from feedparser-=yahoo_fin) (1.0.0)

pyquery in fusr/local/lib/python3.12/dist-packages (from requests-html->yahoo_fin) (2.0.1)

fake-useragent in /usr/local/lib/python3.12/dist-packages (from requests-html-=yahoo_fin) (2.2.0)

parse in fusr/local/lib/python3.12/dist-packages (from requests-html-=yahoo_fin) (1.21.1)

bs4 in /usr/local/lib/python3.12/dist-packages (from requests-html->=yahoo_fin) (0.0.2)

w3lib in /usr/local/lib/python3.12/dist-packages (from requests-html-=yahoo_fin) (2.4.0)

pyppeteer==0.0.14 in /usr/local/lib/python3.12/dist-packages (from requests-html->yahoo_fin) (0.0.25)
pycparser in fusr/local/lib/python3.12/dist-packages (from cffi>=1.12.0->curl_cffi==0.7->yfinance) (3.0)

pyee in /usr/local/lib/python3.12/dist-packages (from pyppeteer>=0.0.14->requests-html-=yahoo_fin) (13.0.1)
appdirs in /usr/local/lib/python3.12/dist-packages (from pyppeteer==0.0.14->requests-html->yahoo_fin) (1.4.4)
tqdm in /usr/local/lib/python3.12/dist-packages (from pyppeteer==0.0.14->requests-html-=yahoo_fin) (4.67.3)

ANA9 yahoo_fin WAY yfinance LivN13AIIIAMBIINBRUlAY

#import
import numpy as np
import time as tm

import datetime as dt#1#iamsiasiurinasian
import tensorflow as tf #iluuwaavasudmsuasvuazindauluina

# Data preparation

from yahoo_fin import stock_info as yf_yahoo_fin # 1flulausdAfedayasunindunasmamvu/duArinadaaiann Yahoo Finance

import yfinance as yf # 1 fiduAtauunlunisdedayasiamdaunds

from sklearn.preprocessing import MinMaxScaler#1uiaa

from collections import deque #1flutasaasiatayauuy "d1" (Queue) Milanuitandadiiayatfuuai tdluiinll dayatianasvanaaniiias

# Al

from keras.models import Sequential#unaaviasunaniildasiouazimsuluaa Machine Learning nae Google

from keras.layers import Dense, LSTM, Dropout# tdasheTuiaauuy

# Graphics library

wa

[5fEERTEME

import matplotlib.pyplot as plt

Wntlausis (Import Libraries) dwisul@eulusunsd Al wensalsiaviu lnguusngusiy

Y A v &
PNlenatl

1. M3Inn1stoyanaziian

QREONTLGYA
nsnseutayaunay Al

AFLEARINANTIN
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# SETTINGS

# Window size or the sequence length, 7 (1 week)
N_STEPS =7

# Lookup steps, 1 is the next day, 3 = after tomorrow
LOOKUP_STEPS = [1, 2, 3]

# Stock ticker, GOOGLa12
STOCK = 'GC=F'

# Current date
date_now = tm.strftime('%Y-%m-%d")
date 3 years back = (dt.date.today() - dt.timedelta(days=1100)).strftime('%Y-%m-%d")

wisenli Al Seuiinsiamesidounas 3 U lnglideyaseduann (7 1)
UIMYTIANEWNT 1-3 Tu
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3.2 MsiANUazaInYays

1. nMsandeya (Load Data) 9ndunesiin
Tutunouilifunsisdeyamamessinnunastoyaesulat Inelinm Python Faufiv
lausn3 yfinance dsanunsaidensiefiugiuteyaues Yahoo Finance Litefstayasian
vesiaundsmutiaaniimua

# LOAD DATA
# Using yfinance for more reliable data fetching

init_df = Mone
attempt = 0#@a1imauiwenauldiadous?
max_retries = 3#aunaliaasiwmiladujiv]]

while attempt < max_retries:
try:
# Use yfinance.download instead of yahoo_fin.stock_info.get_data
init_df = yf.download|
STOCK,
start=date_3_years_back,
end=date_now,
interval="1d"}
print{f"Data successfully loaded on attempt {attempt + 1}.")
break # Exit loop if successful
except Exception as e: #d11u try viadamn. Wunitesefunu
print{f"Error loading data on attempt {attempt + 1}: {e}")
attempt +=1
if attempt < max_retries:
print(f"Retrying in 5 seconds...")
tm.sleep(5) # Wait for 5 seconds before retrying
else:
print{"Max retries reached. Could not load data.")
raise # Re-raise the last exception if all retries fail

if init_df is not None and not init_df.empty: #illumsasiagaviidiuwilsinit_dfiidauaadas
print(f"Loaded {len(init_df)} rows of data.")

else:
print("No data was loaded.")

2 msaadeyawuulesiudenanain (Retry Mechanism)
edesiulgmiieraintusenininisfsdayaandumesidn wu nsideusewsevie
Intpwisadsuieslinauauess lWsunsuigneenwuulill nalnnisassdsteyalnl (Retry

Mechanism

Tngldads while 9uAU try...except Tun1wn Python liednn1sdeRanainiionalindu
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lUsunsumvuadnuasigaaatunsneeussdeyalinn 3 ASY (wax_retries = 3) N
lanunsafadeyaladnsaluasusn Wiunsuaglivgarinauiiui usszvinnisassistoya
Tunal wieuneananduszezinal 5 il (tm. sleep(5)) neuiun1sinauluseudnly

3. undadaya
M3Adayaldilandu yt . download 9MNAUTTT yfinance WienilnandoyasAvMase
371 Yahoo Finance lnginuagisnatdeyadeunds 3 U wazlitoyauvuseiu

(interval='14d"')

4. MINTINABUAIINYNADIVDITBYA
MRIINAUGANTEUIUNITAEYE TUsuNIuRzinisnsIaaeuitayagninanuils ag1egn
nowmsely Inglditouly

if init_df is not None and not init_df.empty

windeyagninandisa Wsunsuazuansswunaivesoyaiilasu Tngldends
len(init_df) Weduduindeyansendmiunstllly Tutuneumsissikasnisaing
wuudnaeialy

init_df.info()

<class ‘pandas.core.frame.DataFrame'=
Datetimelndex: 758 entries, 2023-03-09 to 2026-03-13
Data columns (total 5 columns):

# Column Mon-Null Count Dtype
0 ([Close, GC=F) 757 non-null Foatsd
1 ([High, GC=F) 757 non-null floate4
2 [Low, GC=F} 757 non-null floatbd
3 [Open, GC=F) 757 non-null foamsd
4 [Volume, GC=F) 758 mon-mull  intsd
deypes: floarc4(4), inte4{1)

miemory usage: 35.5 KB

HANINTIvERUTYA
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w3gudaya (Data Preprocessing)
msm%sm%agaLﬁu%umauﬁwﬁmdauﬁwﬁagaL%’wgiﬂszmumiﬁauimaﬂuLmaﬂzgamizﬁwi
Uszian LSTM Taeiiinguszasdiitedngunuudeyalimnzaudmiumsinluna o
Usznousneduneundneail

# --- Data Preprocessing for LSTM -—

# Ensure 'Close' column exists and is numeric
if "Close’ not in init_df.columns:
raise KeyError("The 'Close’ column is missing from the loaded data.”)

# Create a new DataFrame 'df’ for further processing
df = init_df{["Close"]].copy()

# Add 'future' columns that contain the 'Close' price N_STEPS days in the future for each LOOKUP_STEP
for step in LOOKUP_STEPS:
dfff'future_J{step}'] = df['Close"].shift(-step)

# Drop rows with MaM values (which are introduced by the shift operation at the end of the dataframe)
df.dropna(inplace=True)

# Select features (only "Close’ for now)
feature_cols = ['Close’]

# Scale data

scaler = MinMaxScaler()#0uraya

# Fit and transform the feature columns (scaler is fitted on a single feature)
dfffeature_cols] = scalerfit_transform(df[feature_cols])

# Also scale the target (future) columns using the same scaler
target_cols = [f'future_{step}’ for step in LOOKUP_STEPS]
# Corrected line: Iterate and transform each target column individually
for col in target_cols:
dffcol] = scalertransform(df[[col]]) # Pass a single-column DataFrame for transformation wilamieimastvtiiuo:1

# Now, create sequences for the LSTM model
Xx=[
y=1[I
for index in range(len{df) - N_STEPS + 1):
X.append(dfffeature_colsl.iloc[index : index + N_STEPS].values)
y.append(dfitarget_cols].ilocfindex + N_STEPS - 1].values) # Target is the future price at the end of the sequence

X = np.array(X)
y = np.array(y)

print(f"Shape of X (sequences): {X.shape}")
print(f"Shape of y (targets): {y.shape}")

# Store the last N_STEPS sequence for future prediction

# This sequence will be used for making actual predictions after the model is trained
last_sequence = dfffeature_cols].iloc[-N_STEPS:].values

Shape of X [sequences): (748, 7, 1)
Shape of y (targets): (748, 3)

1) Msas1aaae (Labeling)

Tudunouildeds shifs (-step) iflaidoutoyasnilin (Close) Wishunistounti
Wieairsismlusuian wu 1 3u 2 3u uag 3 Futhanh Tasadananazgnianididu
Anauselaag (Label) dmsulluaaiteuilunsvinegasailueuian
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2) msuFuruateya (Scaling)

iesndeyasiamesdiddeutnegs wu vénnisEendnuau Jsinsliinada
MinMaxScaler LloUSuriadeyalvioglutissening 0 fis 1 dadeliluna LST™
ansnBoudsUuuuvestoyaldognaivsAvsnimuar rngundedy

3) MIdnURUUTRLaKUUEIRU (Windowing)

delmnzaufunsihauvedluea LSTM Sseenuuuindmiudeyadidunan Feinng
ndoya (Sequence) telHiduland

aaduys x: dwsuifuteyasandounds 7 fu el luteyandn (nput) vesluiaa
asadus v dmsuiiuamsailueuanddlddunadns (Target) Munadiosviung
Mnuadwsvasnseieudeyanuidiyadoyaiomn 748 g Tnsudasynusenoudedoya
founda 7 $u iieldlumsvhunesimaiamih 3 Alusunean

4) maiudeyarngavinedmsunisnensel
Tutumaugavheiinisiivdoyasieaigadeunds 7 Julilufiuys 1ast_sequence o
lUledusunmsiueaasslusuian udsanylaing LSTM ’unsguiunisin (Training)

SYUS0HLAD

n1sdnseidsunnsnedaya (Data Cleaning)
msdnszdovdeyaifutuneudduiowiondeyalifisuuvuiivneaunouiluinses
wsollunstnlunalygyiuseivg Iﬂﬂlu%umauﬁﬁmi‘d%“U‘Imqa%fwuaqmswﬁagﬂaiﬁ
Seuieuavarmnson1slday feuszneusetuneudellil

import pandas as pd

# If columns are Multilndex, flatten them to a single level

# Example: ("Price’, 'Close") becomes "Close’

if isinstance(init_df.columns, pd.MultiIndex):
# Correctly extract the column names from the first level of the MultiIndex 4
init_df.columns = init_df.columns.get_level_values(0) #L?.i=n'.1'1ﬂ"1ﬁ':|mﬁwﬁu'r_i"auﬁua:ﬁﬁ-ﬁamuﬂ'ﬁmﬁm

# Keep only the 'Close’ column as this seems to be the primary focus for subsequent steps
init_df = init_dff['Close']]

# Create the column 'date’ based on index column
init_df['date"] = init_df.index

1) nMsundgymiiinissdau (Flatten Multiindex)

1uwﬂiajsﬁaagaﬁﬁmwmiamﬁ yfinance 95571579 (Column Header) uuuaBsdu
vi3a7i3en3n Multiindex @y 4uuue1L U1 Price wavduaadu close Wudy tite
Tanansaenldaunodinildneiu Sainslads get_level values(0) Lﬁaquﬁa
msslivderfivadauiion lassaisveeyaiianuissuiguaranauduaulunis
Sunldeau
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N P Ao &
2) NMILaRNANIZURYANIILUY

MReINUTULATIATIMT e UBY AU YN ARNENIEADALUNT NI U NS UNITIATIZI

& 1 1Y) a

Ingluruiidenldianizaedun close Faudusanlavosduning diudeyadu 4 wu

Open, High, Low ¥ Volume 3gnfinoen ieanaududourastayaiasyinliluing
aunsniatunsiteuinTAUaiieaeguied

3) msﬁq%’aga%fuﬁaaﬂmﬂ%’mu

ImEnJﬂaLLé’aﬁﬁagai’uﬁ%QﬂLﬁui’ﬁugmwuﬁﬁuﬁ (Index) ¥04M131908YA iielwanunsath
%’a;&ai’uﬁlﬂﬁmﬂé’azmﬂ WU MIasnsvsenTiaszidayanugiaa 9dinns
a5emoauilntde date InodnasnAainduivosnssiulilupeduiisngtn

init_df.head()

Price

Date

20:23-03-09

20:23-03-10

2023-03-13

2023-03-14

20:23-03-15

Close

1825.300025
186:2.000000
1911.6599951
1906.195951

15926.599976

date

2023-03-03
2023-03-10
2023-03-13
2023-03-14

2023-03-15

Dedayadiuiu

init_df.tail()

Price

Date

2026-03-093

2026-03-10

2026-03-11

2026-03-12

2026-03-13

Close

5091500000
L225.700195
5167355502
L115.795805

Nak

date

2026-03-09
2026-03-10
2026-03-11
2026-03-12

2026-03-13

dadoyadiuring
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< v =
wagansmaINdeyanlani

# Let's preliminary see our data on the graphic
plt.style.use(style="ggplot")
plt.figure(figsize=(16,10))
plt.plot{init_dfl'Close'][0:])}

pit.xlabel{"days")
pit.ylabel({"price")
plt.legend([f'Actual price for {STOCK}'])
plt.show()
—— Actual price for GC=F
5000 -
4500
4000 -
3
B 2500 -
3000
2000 -
202305 2023-00 2024-01 202405 202400 202501 2025.05 2025-08 202601 202605

days

nsmaIndeya
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3.3 N15LA3UYDYA

Uuainadaya (Data Scaling)
mi‘d%"uaLﬂasﬁagaLﬁu%umauﬁwﬁmiuﬂWiLm%wﬁam“aﬁauﬁﬂﬂﬁﬂimmaﬁagzymizﬁwﬁ
Lﬁ"@qmﬂsﬁa;ﬂasﬁmmaqﬁwﬁmﬁauﬁmgqLLazﬁﬁiaqmﬁﬂ%q nsUSuanadsglilung
mﬁ,ﬂiaL%‘EJ‘LJ?EULLUUSUE]\T“?’JJE];JUaléJ@Ehﬂﬁﬂﬁxaﬁ/l%ﬂﬁwmm%u Tneludumouiiusznaudae
nszUIuNIRse UL

# Scale data for ML engine

init_df.dropna(inplace=True)

scaler = MinMaxScaler()

init_df['Close'] = scalerfit_transform(np.expand_dims(init_df{ 'Close'].values, axis=1))

1) N13119AA1318 (dropna)
Tutuneunsniiniansaaounarauunvesdeyafifidwngluvion Nan sanainniss
foua lnelddds dropna() ieliiteyaithlulilumslinszifienuanysal wazdosiu
LiliAndeiianaialuszninanisawinveslunalygyiuszhvg

2) MwssuA3osiiadmsunsusuana (MinMaxScaler)

fimsBunliiniossio MinMaxScaler 67?@Lﬁuﬁ%'ﬂﬂiﬂﬁumuﬂm%’agaiﬁmﬁgwmagﬂum
sewine 0 9 1 Tnenadesilothagyimihfiuasisamesiase wu winiursendnuiiy
noaans Tnanedusaviifidisannnsgiu Feelilinna LSTM ansauszananadoya
¥ euaviiussansnmannay

3) msUFurauazuUastaya (fit_transform)

Aouvihnsusuainateya 101514 np. expand_dims tledagunuutoyaandnuny
L'mma%wﬁ@@lﬁmmsLﬁu%’ayjaamﬁﬁ (2D) ilesanniadesiiodusunisusuanammusli
toyanssaglugunuunadud nimldFds £it transform Lﬁ@’[,ﬁl,ﬂ%qﬁaﬁauiwhﬁﬂqm
uazAgaaavasdieyaTAln (Close) uagyinisulasaiamalioglutaasenine 0 fa 1
Tutunewien



Senaloyaininiey

init_df

Price
Date
2023-03-09
2023-03-10
2023-03-13
2023-03-14

2023-03-15

2026-03-06
2026-03-09
2026-03-10
2026-03-11
2026-03-12

1-20

Close

0.003627
0.012965
0.027157
0.025587

0.031412

0.950797
0.935205
0.974670
0956873
0342144

757 rows x 2 columns

date

2023-03-09
2023-03-10
2023-03-13
2023-03-14

2023-03-15

2026-03-06
2026-03-05
2026-03-10
2026-03-11
2026-03-12

4



1-21

nsnseudeyadmiulyyiusehug (AN
Tunaunswsendayadmiulinalygyivssivgidunszsuiunsdfyneuideyaidng

Y

nsinluea LSTM TneiinisdnguuuutoyalvegludnuaeivunsauiunisSouives
lna Feusznoumetunaufwaluil

#Prepare data for the engine

def PrepareData(days):
df = init_df.copy()
dfT'future'] = dff'Close"].shift(-days)#dans@ssrardaludniudremii
last_sequence = np.array(df[['Close']].tail{days))
df.dropna(inplace=True)
sequence_data = []
sequences = deque(maxlen=N_STEPS)

for entry, target in zip(dff['Close’, 'date']].values, dff future'].values):
sequences.append(entry)
if len{sequences) == N_STEPS:
sequence_data.append([np.array{sequences), target])

list([s[:len{['Close'])] for s in sequences]) + list{last_sequence)
np.array(last_sequence).astype(np.float32)

last_sequence
last_sequence

# construct the X's and Y's

XY=[II

for seq, target in sequence_data:
X.append(seq)
Y.append{target)

# convert to numpy arrays
X = np.array(X)

3

Y = np.aray(Y)

return df, last_sequence, X, Y

1) n1sasemmeu (Labeling)

Tudumouiiiinnsléfds as [' future'] = df['Close'].shift(-days) {iBlAOUASIAN
Un (Close) TusuanTusrlfifumdmaurediiag nsuuafnfe mnlunaiudoyasian
Hounddlutananils wu 7 Ju lunaasdoafeusfasyhuenaflaniniuludndiuan

Junmnualilusuien
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2) nsaseyntayaniginailn Windowing

finmslilassairstoya deque SrufufuUs N_STEPS Lileai syadeyauvudfunan Tng
TWsunsuzideuniiinadeya (window) lutaztaanauaziiudoyanadounds 7 fudu
yadayatudn (nput) nieuturmmailusuianiliidusmey (Target) aunsuitsyadona
s x agldiiudeyasimdounds 7 fudmSunisvine

s Y agliAuasandmanglusasilinnadosiiung

3) MansEUtayaynagn (last_sequence)
Tutumeuaaiefimafuiogasaaraadounds 7 Fulflufuus 1ast_sequence ot
Wl lunswennsaimassluewan wdandiluma LSTM riunszuiunsiln (Training)
RITERR !

larduiinzilisunsessaisssun Tinanedu glavd-fmeu (X, V) Sruauuin wWiswenly
Joulviluwa LSTM
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1

3.4 nmsaiawaziinlunalyyiusshivg

&

Tudumeuthlunisasrsuasfnlumalyanussivguszian LSTM (Long Short-Term
Memory) tieldlun1sSeuszuuuunsiudsuivaessimnesdiaindeyaluein wagi
Tl msunswensaisialusuan lnefisivazidensnnalull

#Machine learning model
def GetTrainedModel{x_train, y_train}:
model = Sequential()
model.add(LSTM(60, return_sequences=True, input_shape={N_STEPS, len(['Close']})))
model.add{Dropout{0.37)
model.add(LSTM{ 120, return_sequences=False])
model.add(Dropout(0.37)
model.add(Dense(207)
model.add({Dense(1))

BATCH _SIZE =8
EPOCHS = 80 # Reduced for faster execution 3nauRugo

model.compile{loss="mean_squared_error', optimizer="adam")

model.fit(x_train, y_train,
batch_size=BATCH_SIZE,
epochs=EPOCHS,
verbose=1)

model.summary()

return model

1) Taseas1svasluna (Model Architecture)

Tumailidulasstneuszamidisnnuy LSTM $1uau 2 44 Tneduusnusenaudaemiag
US3aNas 11U 60 wihe Laztufiaesiisuau 120 e Lﬁ@ﬁ’;ﬁiﬁimmammsaﬁaui
LLaswﬁngLLUW@@%’@;@&%’W@’UL’JaﬂﬁaEiwﬁﬂisam%mwmm“ﬂyu

wananilgaiinislimadia Dropout MnmuaaA Ty 0.3 Wisguazliudayausdiuszning
nsrvIuMIHnlueg fehsandyminisandideyauiniiuly (Overfitting) wagvilvluaa
anansahanusluldiuteyalndlaniu

Tudugavnevaslunaiinslidu Dense Jevihmthidutuednadmsuagunadnsoanin
JuAns1nissanisnensal
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2) ﬂﬁ&gwhﬂm%auiﬁumimma

Tunstinluwatinisivuailafidunisagyde (Loss Function) 1 Mean Squared Error
MSE) el inanuranandeuseinsmiilumaneinsalfuAase lneAnnunan
wdouiimuansilumaaunsanensaialdlndifestuauduaiannty
uenNLElFIUSUNTTmes Adan Optimizer Fsasl¥inszuiunisFoudvadhnma
UszAnS nmuarsInEay

fatllftmundnuseunisdoud (Epochs) Wity so sou iitelilaaldiZousaindeys
sqmﬁwgmmaﬂ%LLazmmsaU%’UmWﬁwﬁmaﬂﬁmmzaumm%ﬁu

3) sBunsyUINNsEnlaa (Training)
funouaathedunsdunssuiunsiinlinnalnglimds nodel . £it Fufumdsdmiviou
Jayayanningluna

lnedoya x_train aglfidudoyatndi (nput) wielanddmsunsiseus

drudeya y_train wlilumAney (Target) filuinasdomensmiBeuiuagiunglilnd
Featign
nszvauMsEnasuiumsmususouiidmual e lnlunaaansaGouisuuuuves
Toyalaeg1aiusednsam
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N1SNEINIalLAZATUNAANS

vdnilunatyyruseAngliiiunszuiunisiin (Training) wén Funoudalufenisi
lumaanlglunisneinsalsiamesmluauian w%fauﬁu’ﬁmgﬂqumaé’wﬂﬁa@ué’ﬂwmsﬁ
annsotlUiessinasuanmaldodstaau Tnofiseazidonsmeluil

# GET PREDICTIONS
predictions = []
historical_prediction_data_list = [] # List to store (date, prediction) for historical predictions

for step in LOOKUP_STEPS:
df_current_step, last_sequence_current_step, x_train_current_step, y_train_current_step = PrepareData(step)
# Ensure x_train has the correct shape for the model (N_STEPS, num_features)
¥_train_current_step = x_train_current_step[:, :, :len(['Close']}].astype(np.float32)

model_current_step = GetTrainedModel(x_train_current_step, y_train_current_step)

# If this is for step = 1, generate historical predictions using the trained model

if step == 1:
predicted_on_train_scaled = model_current_step.predict{x_train_current_step)
historical_predictions_unscaled = scaler.inverse_transform(predicted_on_train_scaled).flatten()

# Determine the dates for these historical predictions
# Y targets (y_train_current_step) correspond to the 'future’ price for a given date in df_current_step
# The index for y_train[i] is df_current_step.index[N_STEPS - 1 + i]

historical_prediction_dates = df_current_step.index[N_STEPS - 1 : N_STEPS - 1 + len(historical_predictions_unscaled)]

for i, pred_val in enumerate(historical_predictions_unscaled):
historical_prediction_data_list.append((historical_prediction_dates[i], pred_val))

# Predict for the actual future using the last sequence from the current step's data
last_sequence = last_sequence_current_step[-N_STEPS:]

last_sequence = np.expand_dims(last_sequence, axis=0)

prediction = model_current_step.predict(last_sequence)

predicted_price = scalerinverse_transform(prediction)[0][0]

predictions.append(round(float(predicted_price), 2))
# After the loop, reconstruct final_df with actuals, historical predictions, and future predictions
# Define df_actual from init_df for plotting
df_actual = init_df.copy()

df_actual['Close_actual'] = scaler.inverse_transform(df_actual[['Close']]).flatten()
df_actual.drop(columns=["Close’], inplace=True)



1-26

# 1. Create DataFrame for historical predictions
df_historical_predictions = pd.DataFrame(historical_prediction_data_list, columns=['Date’, 'predicted_close_hist']).set_index('Date")
df_historical_predictions.index = pd.to_datetime(df_historical_predictions.index) # Ensure datetime index

# 2. Create DataFrame for future predictions

# “date_now" is a string 'YYYY-MM-DD'. “"LOOKUP_STEPS” is [1, 2, 3].

# The future dates are “date_now" + 1 day, *date_now’ + 2 days, etc.

future_dates = [dt.datetime.strptime(date_now, '%Y-%m-%d") + dt.timedelta(days=s) for s in LOOKUP_STEPS]
df_future_predictions = pd.DataFrame({ 'predicted_close": predictions}, index=future_dates)
df_future_predictions.index = pd.to_datetime({df_future_predictions.index) # Ensure datetime index

# 3. Get actual prices (df_actual from kernel state is already unscaled and has 'Close_actual')
df_actual_for_final = df_actual.copy()
df_actual_for_final.index = pd.to_datetime(df_actual_for_final.index) # Ensure datetime index
# 4. Combine all data into final_df
# Start with actual data
final_df = df_actual_for_final.copy()
# Merge historical predictions into final_df
# Use a left merge to keep all actual dates and add historical predictions where available
final_df = pd.merge(final_df, df_historical_predictions, left_index=True, right_index=True, how="left")
# Populate the "predicted_close' column: start with historical predictions
final_df'predicted_close'] = final_df 'predicted_close_hist"]
final_df.drop(columns=["predicted_close_hist'], inplace=True) # Remove the temporary column
# Add future predictions to the "predicted_close’ column
# This will update predicted_close for future dates and add new rows if they don't exist
for date, pred_val in df_future_predictions[ 'predicted_close"].items():

final_df.loc[date, 'predicted_close'] = pred_val

# For new future dates, 'Close_actual’ will remain NaN as no actual data exists
final_df.sort_index(inplace=True) # Ensure chronological order for plotting
# --- Display results —--
if len(predictions) > 0:

predictions_list = [str(d) + "§' for d in predictions]

predictions_str = ', ".join(predictions_list)

message = f{STOCK} prediction for upcoming {len(LOOKUP_STEPS)} days ({predictions_str})'

print{message)

1) nMswennsalsia (Prediction)

IUiLLﬂim31/'1"1ﬂ15’Ju@JUMﬁmﬁwuauﬁ’uﬁﬁaamﬁ‘waﬂﬂiai Fervualilu LOOKUP_STEPS 151
1,2,3 Sutranii TnelunsazsovaziinsGonlilunaiiniunisilnioneinsaisiamesdily
o11AR 1INHUEEIEY inverse_transform toutasiildainluaadsoglusuuuudeya
fignusuaina (F29an 0 fs 1) Winduandursamesiaidumienoaansansy el
aunsaihludnnusazldauladie fanuwaslanulade

2) ATAS19R1NUSHUTI B URAANS

finsaialaseasnadoyaluy DataFrame Lﬁ@%’lﬁuﬁagaﬁm%’umnﬂ‘%a‘uLﬁaumaﬁwé 1y

Usgnaumedayadfyaudin laun (1.) sianassluein (Actual)

2) ﬁmﬁiumal,ﬂawmﬂiaimﬂeﬁa;gaiuaam (Historical Prediction) T¥dmsuuszifiuainy
wiugeslung

(3) sanfinennsallusuian (Future Prediction) Wumiigosnisiluldlunsieszsiuu
1232895 1A1NB9AN
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3) msdansveyaiunlueuian (Future Dates)

TsunsusinisAnnaiunlusuanlaglifds tinedelta Waiiudnuianiuainiunangn

Tugadoyadu vinianunsasyyldegadaauinasmailuaaneinsaloenuniudusian

YaTulalusunnn

4) NSHANINAANSUDINITNYINTAL

TutuneugainelusunsuazuansmadndmanensaioaninlusUuuudemiy
Tagldida print ioagurnamesiilunamansaflutiefuiremii wu
GC=F prediction for upcoming 3 days ($2XXX.X, $2XXX.X, $2XXX.X)
Fereloigldnuaansaiunanisneinsallfessdnaunazidnlalae

Model: "sequential_ 26"

Layer (type) Output Shape Param #
1stm 48 (LSTM) | s 7y BE) 14,328 |
dropout_48 (Dropout) { , 7, 68} e |
lstm 41 (LSTH) { , 128) 26,888 |
dropout_41 (Drapout) (1 , 128) 8 |
dense_4@ (Dense) { . 28) 2,428 |
dense_41 (Dense) ( R 2l |
Total params: 312,685 {(1.19 MB)

Trainable params: 184,281 (487.84 KB)

Mon-trainable params: @ (9.88 B)

Optimizer params: 203,484 (814.88 KB)

1/1 0s 332ms/step

GC=F prediction for upcoming 3 days (5138.34%, 5231.41%, 5077.385)
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nsad1ensnAtasiziing (Data Visualization)
WielvianinsaiiengivszAnsnmvssuuudaeslyanuseAvsuazuoatiuuunliimes
seesdldognddamau Fuinmsadensmdmiusanaadnsvesnisneinsal Tngldiades
flodmsunsasrensmluniu Python detneliaunsaUSeuiieursmaasetueii
Tuwanensalldegratugusssu swazBeavasnsuanalifl

# — 4. Mmans (nastunsaduuadaananatduingy) —

plt.style.use('ggplot’)
plt.figure(figsize=(16, 8))

# 1. idusianase (findu)
plt.plot(final_df.index[-60:], final_df'Close_actual'].tail(60),
label=f'Actual Price ({STOCK})', color="royalblue’, linewidth=2)

# 2. wuvihuadaunas (§du) - Tdd1anne x_train éu
plt.plot(final_df.index[-60:-3], final_df|'predicted_close'].tail(60).iloc[ :-3],
label="AI Historical Prediction', color="orange', linestyle="--', alpha=0.7)

w =l s = - [ —
# 3. wwvihmaauiae (uaa) - ﬁ'lﬂqu“}_‘iEINEIEIﬂLﬁEIIHEIEIEILLEIFIEI‘iﬂLﬂuﬂ‘imu
= ar ' P | 9 =
# idaane 3 Juarasndudvinnaanaaiiann
forecast_only = final_df] 'predicted_close'].tail(3)

plt.plot(forecast_only.index, forecast_only.values,
label="Future 3-Day Forecast’, color='crimson’, linewidth=3,
marker="0', markersize=8, linestyle="-")

# asasanTIHiEN

plt.title(f'Gold Price Analysis & Forecast: {STOCK}', fontsize=18)
plt.xlabel('Date’, fontsize=12)

plt.ylabel('Price (USD)', fontsize=12)

plt.legend(loc="upper left")

plt.grid(True, which="both', linestyle='--, alpha=0.5)
plt.tight_layout()

nlt choaae™

1) MsfiruaFULUULALIUIAYRIN TN
Tunsasrnsmiinsivuaglsuunsmileglialad ggplot Favaelins i
sufsunasiidummadmidfietiglumssiuadoya uenanisdinaimunauinves
nslidvunalug (16 x 8) wielwanunsaneadiuseandonvosuiltdusamesile
2R
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2) nMsuenidudayatiton1sileuLiigy

nymifiaswuinnsuenidudeyassnduauussaniieliaunsoimszideyalaiedy
LA

« Actual Price (8111531) Lana51AMB9ANR398DUNRIUTELM 60 U Lﬂal%’vflwﬁaaga
91999909l ULsIANS sl URae

« Al Historical Prediction (&) uansanillunadyanussivgineneinsalandeya
Tueds lnenanududulse WeldiuSsuisuiusmaseainniswensaiianulng
RSN

« Future 3-Day Forecast (Aunq) wansA191A oM lunane nsaldmsu 3 Jute
vl Fadudeyadrdgdmsiunsivsgiwuiliilueuan lnednisiuanuvuives
wusarldaaunsninessuanauivelidunalade

3) NMsuanIEazBuAIANUUNT I

dielinswanunsafinnuldie fnsiivesdusenoudfey Wy n1swans Legend %iaf
oSuedaydnuall ifmuudiovesns i?mﬁ’j\‘]ﬁﬂ?iﬁ’mu@%@ﬂi’lwLL@%%Q%‘IJ”JEJ“UEN“NW]
nesridunoaansansy (USD) wisliilinuannsadlanadwslsogsdnian

Gold Price Analysis & Forecast: GC=F
—— Actual Price (GC=F)
Al Historical Prediction
=8~ Future 3-Day Forecast

Price (USD)

Date
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nsInUszansnwvesluna (Evaluation)
wé’wfmﬁLLU“UfChaaq{]mﬁymszﬁwﬁﬁmuﬂwmumiﬂﬂu,é"s %u’umaué”]ﬁmffﬂlﬂﬁaﬂﬁ
Uszifiulszandnmuasluma Wefiansaniilumaanunsanensaisameseilaudugnn
Youiiiodla InegldiT Saneadnlunisusyiiunadnsaildanniswennsal deiisieasidons
selud

from sklearn.metrics import mean_absolute_error, mean_squared_error
import numpy as np

# 1. vihuadanmiayanevnagau (X_test)
# Using x_train_current_step for prediction as no separate test set is defined
y_pred_scaled = model_current_step.predict(x_train_current_step)

# 2. wilasAnduilunaimagass (Unscale)

# y_train_current_step contains the actual scaled values for the training set
y_true = scaler.inverse_transform(y_train_current_step.reshape(-1, 1)).flatten()
y_pred = scaler.inverse_transform(y_pred_scaled).flatten()

# 3. dwaaan Error daq

mae = mean_absolute_error(y_true, y_pred)
mse = mean_squared_error(y_true, y_pred)
rmse = np.sqri(mse)

# 4. dunanlafifusdanuaaiatadayu (MAPE) uazaiuwiuth (Accuracy)

# Add a small epsilon to y_true to avoid division by zero

epsilon = 1e-10

mape = np.mean{np.abs((y_true - y_pred) / (y_true + epsilon))) * 100 # Added epsilon for stability
accuracy = 100 - mape

print(f'-— nanmmegaua1nuuwiudl (Error Metrics) ")
print(f"Mean Absolute Error (MAE): {mae:.2f} $")

print(f'Root Mean Squared Error (RMSE): {rmse:.2f} $")
print(f'd1Anueaiatr@amads (MAPE): {mape:.2f} %")
print(flulafidusaiuwiug (Accuracy): {accuracy:.2f} %")

# The error metrics have been calculated and are presented above.

24[24 0s 6ms/step
--- HAAWVAADUAITMLLUL (Error Metrics) ---

Mean Absolute Error (MAE): 50.75 §

Root Mean Squared Error (RMSE): 77.88 &
ﬁ'mﬂynmamﬁamai‘iu (MAPE): 1.65 %

wlasitusanuwiug (Accuracy): 98.35 %

1) MswdasAdeayanaugniieasa (Unscale)
AouflazymsAnamAsRamaevesInensal Sududesuuasadeyaninguuuud
gnufuainaluas 0 fs 1 Tindunnifummamesihaidumbeneaansansgdonou iile
Tanansofnuanueaaadeuresnisneinsalldlumieveaiuaie
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2) fTinANAANALARDUYDINITWEINTA (Error Metrics)
Tunsusziliudsz@vnsnmaasluns dnsldddinamueainpaoundifyaiuussan
TouA

« MAE (Mean Absolute Error) L“f;luﬂ"m’mmamLﬂﬁaué’ugﬁahaﬁa FaangliALiuI
TngaswallunangnsaisnAmasainatanasullannaAasinneaans

« RMSE (Root Mean Squared Error) (Jumsinfidesvesaademasanives
ANuAaIALAaeY FeaglimnudidiuainnuRananidvuna g duiiey vinls
ANUNINALVDUNANTETNUVDIANURANA UL LY LATALAUB ST

+ MAPE (Mean Absolute Percentage Error) L“ﬁluﬁ’lm’mmm@Lﬂaamaﬁﬂugmwu
Wosigud FerelianuisanlaseauaLAaIAAARUURINITNEINTATlAdE WU NS
NYINTURANANUTZU 1%

3) NMSATLIUAIANULLUEIVDILULAA
Walnadnsanusanauladny 39n15AuIuAIANLLLUEIYalULAANENNTT

Accuracy = 100 — MAPFE

= 1 v [ 1 o 6 6§ @ 13 1

FeelianunsaagussiuauwiudvasisnensaleanunluguLuuesidus Wy Ay
1 o < £ qgfv a [ | . = & 1w [

WUEM 98.5% LJusiu wonanldslin1snuuna epsilon Fadumidiauruiadaniin

iedaaiulymnismsaeaudiieravililusunsuindeRanaialuseninenisAin



1-32

4 d3duazanysne

4.1 a@3Una

INNITNAFBINUIN NS ELATIVI8USEEASLLUU LSTM anunsalglunisyinuiesian
o laegeiiusednsam InslunaanunsaBeussusuuvestoyalusfniasiinunain
A5 UALLLYDI51A DA UL AR LA

4.2 9AUsI9Ha

waeNMIinlamaudy anansaihluealdiuesaimesduazilSeuiieuiusanes
19 Tneuanawaluguunuunsm wasnsuansliiuinluwaanusaviuewuilingessnn
nesrlalndifgaiutoyadss

4.3 YDLEUDLUL

1. ASLNALUINIBATEERADY 9 WU A1RUARaANT SednsInenley
2. prslideyaniszuznatg@uieiiuanuuiugivediing
3. 871AN9a9lUlULMAadY WL GRU %58 Transformer WiawlSeutieuuseansnin
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