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Abstract

As the world transitions toward clean energy, the demand for copper in various
industries has significantly. increased especially 'inthe “electric wire manufacturing
sector, which-forms a crucial part of electrical infrastructure. Due to its excellent
conductivity .and durability,  copper is widely wused as ‘a conductor in power
transmission systems. However, copper prices in the global market are highly volatile,
influenced by economic, political, and supply-demand factors.. Such fluctuations
directly affect the production costs of electric wires and infrastructure projects across
multiple sectors.

This study aims to develop and compare the performance of statistical and
machine learning models for forecasting copper prices. The research utilizes daily
closing price time series data of copper from the London Metal Exchange (LME)
spanning from 2010 to 2024, along with other relevant exogenous variables such as
gold prices, GDP of copper-producing countries, and exchange rates.

Five models were developed in this study: ARIMA model, Decision Tree model,
XGBoost model, Random. Forest model, and LSTM deep learning model. Model
performance was evaluated using error metrics including MAE, RMSE, and MAPE. The
research findings reveal that the XGBoost model achieved the highest performance,
followed by Random Forest, LSTM deep learning, and Decision Tree models,
respectively. The ARIMA model demonstrated the lowest accuracy. Additionally, all
supplementary variables considered in the study significantly enhanced the accuracy

of copper price forecasting models.

Keywords : ARIMA, Decision Tree, LSTM, Price forecasting, Random Forest, XGBoost
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51978 (reward) amaumsm:ﬁmmmiﬂamaawam hay mﬁaﬂ‘mw (pena lty) a'wriu
nsnsesidlaid WmneveselaudfensFeusnagms (policy) Mazifinsneiasiud
lpSvasanluszezen Inednagldnuiuiueud 1y way ssuuuzd



Training a Supervised Learner

Cat
H | Tra Ining
Supervised Learning
r | Algorithm

Making Predictions Dog Cat

Unknown

Chicken

JUN 2.3 uananmnisiingeurain1steuzTeasesuuilkaeuaslilaeu

(#311: kasunprageethdissanayakeimediurn.com/artificial-intelligence-2-supervised-

learningsunsupervised=learning-and-reinforcement-learning-7bf00c732e99)

2.4 wuuIans ARIMA (Autoregressive Integrated Moving Average)
wuuinaa ARIMA Iuluudasmsadanldamiviineiuasneinsaldfeyasynsa
nan TageafeanudusiugsenitsAntagduiuaiiauun soufsnnsusulideyaiiniuda
(stationary) waznsldraasindeufivesdininufanainainedn deviildnsnennsaluduei
53ty Tne ARIMA Denudeiius (p,d,q) Fail
1) AR (Autoregressive) unuiidausiauds p fAediururasdariivesiuusidivineg 74
Tuuuushasafievinneandagdusenisnane iy
2) | (integrated) wnuitthamuds d Aesauaunsaiivi differencing tieauuuildunse
qon1a titerilideyaeelusunuuis
3) MA (Moving Average) Wnufidaefauts g Ao31UIue3AIa191 vadARANaIARIN
ofnfiltlunsnensaldrag i
AUTIVD9 ARIMA ﬁaL?JuLLUUf\i’waaQﬁ’Lﬁam‘LuaﬁmLﬁmasimﬁmimhjaﬁ’wL‘fluéfaaﬁéffs
wUsAuaINAeuen lAmLne mmummwmamamﬂ@ LLavmmsmmmiﬂmauamlmml@
msjmsﬂﬁuimmmums differencing uananil dumuzdmiunisnensalsverduuasd
fugrunsadafidaiau helianeiessinadnduarauuisulfesnaduszu
og1lsAmu ARIMA Afidedriandey 1wy liwangfunsnennsalssozenmiedeya
Afsuuuuggna Seazdesiaululduuudians SARIMA unu vield SARIMAX wnumini
foyafudsiunanes uenainil SslilamnsnninnisaigaiAsuuulii 143 waededdtoya
Alanuseidladlaglsifaring


https://kasunprageethdissanayake.medium.com/artificial-intelligence-2-supervised-learning-unsupervised-learning-and-reinforcement-learning-7bf00c732e99
https://kasunprageethdissanayake.medium.com/artificial-intelligence-2-supervised-learning-unsupervised-learning-and-reinforcement-learning-7bf00c732e99

2.5 wuudnaessuliinndula (Decision Tree)

wuuiaesuliidindule iiudanesiunsBeuiveandesuuuiiaou Tnsendouudni
Wrladreuazansaieuldegedmou dlassadwemuudiassuliinauls ddnvasdy
Seuduvesdeulafiunnuvuaduiwazlu L‘WIE]LLﬂQﬂEﬂN%@%ﬁM’]QJLﬂm‘ﬁﬁﬁ’WUW

p9rUsenauvawulilifndulaasusenaunie

1) Tsnun31n (Root Node) Lulnunusuvesiulsl Fununguioyaianun uazazuan
soniduiwnuleulaiifiigalunisutsendoya

2) Tnundnaula (Decision Nodes) ulnuafiogsznitemis Fsuaninisinaulanie
foulvildusdoyasenidunguees

3) Tnunly (Leaf Nodes) lulnuagaolianisauvslidn uanawadwinionts
Rl

4) A udunaouseringuue Janunistravasaouly

Decision Tree

Root Node

| )

Internal Node Internal Node

| |
| | | |

Leaf Node Leaf Node Leaf Node Leaf Node

UM 2.4 uanaurunInn1sinauvedLuudtaesiulidadula

(#111: www.ceeksforeeeks.ore/decision-tree)



http://www.geeksforgeeks.org/decision-tree

2.6 WUUINADY XGBoost (Extreme Gradient Boosting)

LuUT1a8s XGBoost usaneifiunisfeuivenedowuuifaey feguuiugiunes
n1sadaneuudasinsindulasuudulivatsyn lneuuuifnues Gradient Boosting a1
fiafududiieannsafinuuudaedldnniiuasuiugibeiu

NANNITYI19UVBY XGBoost Aan1sHnuuuIaesluifiazseu lasudarsauazaing
suliinsdndule A3udandefinnarnvesnuudrassneunii 1negld Gradient vosAAIL
Aenann Lieduafiamauazvuinresn1suiua mafeuitedes 9 Usudvhunelilndides
Avisnndstuluusiagsou

XGBoost figaiauiiddgAoarmanunsalunisaiuauiiaw overfitting feinaia
regularization fiT1anAududeureIUUTIABs s835UNTUsEINANaTeyaTTA Y lUTnY
Lidndudonfurarmi wazainisauszuianatvuauiuliodnesansa inlimunzay
dnfutoyaruslvalasdudou wonanifiamsausuuismadmesldainvans oy
Usgansamlunisisoud dawals XGBoost iunuudassiildsumudesluisnsinermans
ToyauaznIiATIEMBmeInsalagisunsaiy

Data set- X

Freel(X,6) ) -\ L Tvee2{X. 8.} | I 0,7 |

I
I
I
I
: Nc_>de §plitting}3y
: objective function
[

> f(X,00)

JUN 2.5 LanduHunINN1SNUYRLUUIIaRY XGBoost

(#1: www.ceeksforeeeks.org/xeboost)



http://www.geeksforgeeks.org/xgboost/
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2.7 wuudnaesdgu (Random Forest)

wuvaesidu WudanesfiunsFeudvenniowuuniifaeu Sagniautuainiuidn
YpIMsTILvaELUUTaes lnglangnssuvesduliidndula waredudifeiuielinig
nensaiviomsdaussamiiminusiugunniuarannudiBesesuuuiasuie:

vannsinuvesuuuiassiigy Aensairsiuliinaneduainyateyaiinfiunnsng
fudnties (KuN15duA0819LUY Bootstrap) wazluseninanisadaunasiuldl aziinsgu
Foniannzunnudnuny inlilunisdndulousagivun fehsannrmduiusseinsdiuliiug
azdiu wazifiunmanisalunmsmluveauuudiaes

Sevihnsnennsal nadnsaindulinnduszgnsiusimnsindu laslunsdueanis
onnoy agldriadevemadns uaslunsdvesmsdauuntszinn agldnmslmadesdiann 3
Pfiunuuiuguagaaassvesn e nsaideiisuieuiunsldduliaen

AndevadiuuTasslidy Aoaltuaiwsalunisdanisiudeyanififas, nstesiu
overfitting ldlumanansdl, waslisadudesduuswanusunntn yonaniidsanunsadanis
futeyaifianing Ifedelivssdvanm wazauisninemdidnesiiuls ensiaude
Ansesifisdulainge

frenuantamani wudiassngn Jubunisunuudasssenioudmivau
WY INIRANITIATIZNVaYALUAIY T q FIUDINTNEINTATIAVEUALAANUI LU 517

NBDILLHI

Random Forest Algorithm o5
in Machine Learning

!
Fraining Data |
Instance

_ ( “ 512 ¢

Model J
Training

{_ Decision
( Trees

Class A Class A

% | f
v v Y

‘ Bagging (voting majority) ‘
Model )

Testing 3 ) l
& o
Prediction output

Class A

sU# 2.6 LansurunINN1sinuveLUUInaesldy

(": www.ceeksforeeeks.ore/random-forest-aleorithm-in-machine-learning)



https://www.geeksforgeeks.org/random-forest-algorithm-in-machine-learning/
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2.8 WUUI1a99 LSTM (Long Short-Term Memory)
wuudaes LSTM 18ulasaiguszamiieunuudn (Deep Neural Network) fiaglu
nNg§uud Recurrent Neural Networks (RNNs) 3al¢funisesnuuusniiedanisiuignid
RNNs wuusaidulslannsadanisidesnaiiussananm wu msdudeyaluddunanfierum
Tassadisvaanuudans LSTM Idfunisimunduanlnednisdia “wisanudi”
(memory cell) Fsaunsadnudoyadidylilfludianaiienuiu uaziinnsmiuausie
15983190529 (gates) loun
1) Forget Gate siwthiidadulainazaudeyalaoenannmieanud
2) Input Gate muauIfeyalulanisgniiudiluluniieninudn
3) Output Gate fmuniifesedrulsluminsanusiarsgniuldiiodieenludunou
Jaqdu
fhenalnimariivuudiaes LSTM Samursnandisuuvvaindeyasunsuaildedsd
Ussansam ssluddunanduiazen Tnglutindeyn Gradient Vanishing Lag Gradient
Exploding Fistrmulu RN 9
wuudaes LSTM Jenldlumsiianeitasnensaleyanfidnvasamdduna wu
N1INEINTAYU A1TATIENTBAIIN UArN133TNFE d1MTUAUNEINTUIIAINBILAS
wuUd1aes LSTM Aaifluuuuiiassiifiannanansagiunisiteuiandoyamnanluein e
vhuneuurliiluouan Inslarzdesesdansiuteyaniianududaunseiinnuuususugs

sl CRAYTS s LSTMCELL = N\ Yamviiva o 4 H
t=l ol s ~Sigmoid
: > @ : 'r =m : : > 5 Sig ‘fu?\ction
| ry | : i f | E
[ I | [ i
: :f : tanh : : Aank =fTL?r?chtion
1 =4 | 1 H
1 - | I .
1 I i 1 : - Point by point
1 1 »\ 1 ' multiplication
I i Py 1 ;
1 f' e, C, 'y O, 1 H
1 14 £ | 1 1 _ Point by point
! Sig 117/ 8ig tanh | Sig | : ~ addition
! | I i :
| I | 1 v
I 1 | 1 X
h,_, | T | T I | j | hl g
+ > t t il ¥ _ Vector
1 tX, ) e I ' = connections
Forget gate Output Gate ‘

SUN 2.7 UARUNUNINANTYINUTaUUIIAeY LSTM

(u: www.geeksforgeeks.org/deep-learning-introduction-to-long-short-term-memory)



http://www.geeksforgeeks.org/deep-learning-introduction-to-long-short-term-memory
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2.9 A15ATIEBUAGALAS (Outlier Detection)

Tumsiinseidoyaaifuaznsimuiuuudasmienisiouiveanios Aaalsg
3o ARaUnd AoArdoyaidssuuegrsmnnainuuiliundnvesyadeya oraiinain
dofawanslunistn matufindoya vieluunsdionasioufanmnisaifiistuaiousiliung
fegatu TenAunsndiituinudeundy vioseavefifstuiaundlutianania

A1aAlas A 19uINAaNITIATIEINERR 1wy vildrndsdadou wseunlug
wuuaesniiuseaniaminnlidanisegavnzay
2.9.1 N13ATIVEBUAIGALAIAI8TT Interquartile Range (IQR)

Humadefldiansnszargvesteyalnsliseuludemlosvumniiuly vihls
wanzaufudeyaiifinstanuasliauminsiedeyaiifiau
33 10R 9Pelnad 1 (Qy) w%amﬁl,Lﬁﬁauuadauma 25% warA8lnan 3 (Qs) WA
Afudsteyadiuuy 75% dadlumiulseyaeeniuddiusgraii 9 du Tnstaesznineme
Indtlaunsolflunsussdiudfidesuueenluainainanslag IQR Aerrawiniisseninme
nd M dwnasiianisnszatevestayediunanlansaunis
) IQR = Q3 — Q4
NN AmuetaaUnAzesoyaliluyiuauait (Lower Bound) tasuauuy
(Upper Bound) peaainis
Lower Bound = Qy — 1.5 X IQR
Upper Bound = Q5 + 1.5 X IQR

Interquartile Range
(IQR)
Outliers F——] Outliers
| 2 1
@@} - — g g—~«r-~~ @0
an
"Minimum" Bﬂ GE "Maximum"
(Q1 - 1.5*IQR) Q1 Median Q3 (Q3 + 1.5%IQR)
(25th Percentile) (75th Percentile)
-4 =3 =2 =1 0 1 2 3 4

JUM 2.8 LAAUKUNINNITATIFARUAIARLANIETS IQR

(17'i3J’1: blog.alliedoffsets.com/beyond-the-norm-how-outlier-detection-transforms-data-

analysis)


https://blog.alliedoffsets.com/beyond-the-norm-how-outlier-detection-transforms-data-analysis
https://blog.alliedoffsets.com/beyond-the-norm-how-outlier-detection-transforms-data-analysis
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2.10 FeAnssuAanene (Feature Engineering)

=

AIMNITUANSNYME ABNTrUIUNITATNANANYMElnnTonTLUaIAuaNYENile

e

D.

- Y a a o = 1% < al' 1% Y = %

WaUSuU Il TEAnSnmvewuUdnasInsiseuivenIed lnangitesiunisiiendoyad
Nerdesandeyanunazulandugluuuiuuudiassauisadilalade wWinuiefenis
YSuugamnuudugivesuuudiassdagnisivdeyaniiniuvuiglaziiortoundu

e

nszvunsineItadlumsimnssunauanuae loun
2.10.1 n1sasenmanyMe (Feature Creation)

Junszuiunisadaudnvaglninnndeyaiiu lngeiduanudianiznimianis
dunaguuuundeusgludeya Ussinnuenisaiisnudnuae laun:

1) mueudianiediu (Domain-Driven) lanandalaferfulaumiiioadrsnudnuasd
manRziiUselovisaiuuinaes

2) duiadeulaedoya (Data-Driven) 1#38madaiinnzsiiieAumsuuuunionudusiug
iy

3) ‘masdaesgd (Synthesis) WumITuudnvasdilagvianemiifeiu 1wy nsuan
AU YIBAUINERTE I

2.10.2 msuUasnaanEnie (Feature Transformation)

Junsusulfounadnvalimnyaufumsseuivesuna laslifouusunm
Toya Ussaniinuuey laun:

1) n3UTuMmsgIU (Normalization): iy nsusumAudnuaeliogluyig 0 fs 1
2) nsusuana (Scaling) 1¥u Standard Scaling Lﬁ@iﬁsﬁagaﬁmmﬁalﬂu 0 Wavdlu
Desuumasgiudu 1
3). N15WI%E (Encoding) i nawdasdeyatsyinvviiangilusaiay
4) asulautsndinaians (Mathematical Transformation) wiu A5l% log, square
root, %138 power transformation
2.10.3 nsannAMANYME (Feature Extraction)

mnefansulasgpansnvugdlinatsluyaandnvaslninasaisedidyves
Toyalafiu Usstanvesnisanannanuaelawn:

1) n19anli@ (Dimensionality Reduction) L% PCA (Principal Component Analysis)

2) M3sINAUAnYUe (Feature Combination) L¥U N15FINAIAMANYUENAIEFINYT
pBnu

3) N1933UNaY (Feature Aggregation) 1yu n1sviAade A1fsegiu niedsauly
SN
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2.10.4 msidenAanuMe (Feature Selection)

Junsdadenianzaudnuvaznianuiedesiuiudsithmng lneveanifdeya

Y

wazUoanu overfitting Useinnueamaiialglauwn:

1) Filter Method \donAndnuaglagldinaeinieadia wu d1 correlation

2) Wrapper Method Tfuuudiasaifieussiiiuuszansnmvosnaudnunusdes

3) Embedded Method: \udunilsveanisiinuuusiaes 1wy Lasso Regression #iiden
AndnulneSalutRumsnsimin

2.10.5 msuSusananmanuyme (Feature Scaling)

Junsviinudnvasimueiivasailngifesiu ueliuuuiiassfiseulnase
awnavinulanvy Ussniidenldlaun:
1) Min-Max Scaling USurnsuanwauylviegluyae 0 fa 1
2) Standard Scating Usulnianadndu 0 uardrudssvunmsgiudu 1
3) Robust Scaling l¥Anfisagauias IR welinusordaUng (outliers)

Raw Data —_ Features —_ Modelling

Feature
Engineering

Featu/@EngmRring ae

FUT 2.9 UanILNUANNITAIUUTIABY

(MU www.ceeksforseeks.org/what-is-feature encinéefing)

2.11 nsUsztiuUszandainvaauuldtasd (Model Evaluation)
nsUsediulseansnmius utiunsyuuusiassegnann msisdudsiield i
Luusiasstug veuduedasls Ysuidiunainiioulddiioelondels sauded il
Wisuilsuseninauuusasaiienaumaiuiiinsasidenldlunaluuilasnale Fenns
Uszifludmdunuusiasstiuarinauedieiu 2 Ussian fe nsussdiulsyavsnmdnduau
AIUNITTMUNYTZAN Lazn15UTEEIuUTE AN ANEINSUMUAIUNTTINUIEAT


http://www.geeksforgeeks.org/what-is-feature-engineering/
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2.11.1 N15USLEIUUSLANSAINEINSUIUATUIUNUTZLAN

ACTUAL

Negative Positive

FALSE

Negative NEGATIVE

FALSE
Positive . POSITIVE

PREDICTION

5UN 2.10 uanam1379 Confusion Matrix
(#1311: towardsdatascience.com/performancesmetrics: conflsion-Matrixprecision-recall-
and-flscore-a8fe07622262)

15U RNYSEANS N INEAIMSUUs UNIsTTIUnUsELANna L Tufaa91la Confusion
Matrix %138 AT19TUIN 2x2 NEBaRIHaNISYIUI8UDIbUTUa1aawUSsuauiuaIase tnedl
29AUSENBUNAN 4 @3 kawn

a & &

® True Positive (TP) Ao ﬂ‘iiﬁﬁLLUUﬁ’m@ﬂﬁﬂuqﬁJ’j’]Lﬁcju‘U’Jﬂ LLaﬂummLﬂu%amUuum

2 &

® True Negative (TN) Aa nsdiuuudraesiwiginduau wazlupnuduasaiiduau
I

® False Positive (FP) Al nsdifuudtassvinuieduuin waluanuduasaduau

® False Negative (FN) Ae nsaifiwuusansyiineinduay wiluauduasaduuin

Fensrueedusgneundnite 4 druuda IzAmatiufiansuioussidy
UsyAvEnmmasuuudtanslddsanmadolud
1) Auuiugn (Accuracy) fio SradrurasswmauadsiiuuuSassiungldgnies (hs
nsfiuanuazav) Aesuiusegaianslugadoya

TP+ TN
TP+TN+ FP+FN

2) ARSI (Precision) B 8MI1AIUVDITIUIUATINILU U1 9TLI8 I TULINLAD

Accuracy =

gneig AeduAsIsunfiLuUS Ao eI nduuan

TP

p . . _
recision —TP T FEP


https://towardsdatascience.com/performance-metrics-confusion-matrix-precision-recall-and-f1-score-a8fe076a2262/
https://towardsdatascience.com/performance-metrics-confusion-matrix-precision-recall-and-f1-score-a8fe076a2262/
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3) AINIS58NAY (Recall) An 9RSIAIUTDIINUIUANUINDSINLUUTIaRIa1Lsaviuele
gnsas saduIuAUINISIi A luteya

TP
TP+ FN

4) pzhuueniu (F1 Score) Ain ALadaNsualinvasnULBInsasAINITIENAY B9l
\eUszliuanuainsavedkuudtaedumMvihungauInlaeg wivduazAToUAaY

Recall =

Precision X Recall
F1 Score =2 X

Precision + Recall

2.11.2 N5USLRUUSLRNSAMNAINSUIUAIUITIUILAN

a

Tun15Us2EiINUSLEANT N NVBIUUINA DI LA NS UIIUAIUNITNENN TN BNITYINUNE

1 a Y v QSJQJ d‘ = ) I Ao Y ! a A o 2 [
A1 DenldmainiUssufieuamvinuelanuaIase WeinANAIALARaUYBILUUTIaDY tnY

@ v A

7 SeTinesldfieed
1) f-ﬁﬂ@mmmmm%ué’muﬂmﬁ@?& (Mean Absolute Error: MAE)
Ao AlnduvssAinnuaanirdsululiazyadega Insliaulafianisve sy
AANALAABY MAE winnzdnsuinaiaiunainadeulaesaudidilaisuasiniieiis s

Toyaniung

n
1
MAE:—Z 3
7w 1Isvl Vil
=

2) FrsndideweiAnadevesrinuaaInpiausniidsdes (Root Mean Squared Error:
RMSE)
fi ArsINTide e RALTe AR ALRAeEnatdes Tnaagliinminfusn
AuAaIMAAeUTinNnnIUNR RMSE 9emevatasa outlier liuinnin MAE wesinenias
G0N

n
1
RMSE = | (i = §1)°
i=1

3) AeueaAdeuduinsadedosas (Mean Absolute Percentage Error: MAPE)

fie AedBvosdndiudinnuaainindeuilofisuiua1ae Tnsuandluguiesidus
MAPE 97elianunsafininuanunainndeuldieluuivenvesidud wenafityniien
P3alndaug
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n
100% . — Vi
MAPE = _02 ‘u
neEl

AduUszanSn13dnaula (R-squared: R?)
A dnauvasnunlsusiulutoyadsiannsaesuiglasisuuudiaes Badilng 1

[

T e g ITTE RN Y AL T LI

a)

X —9)?
XV —¥1)?

R?=1

o

2.12 9UWNNYIVDY

Sanchez Lasheras, et al. (2015) Anwinisneansaisnaineasiunain COMEX lag
Wi uilsuuuudiaes ARIMA fiukuuinaadaseingtseamifies-MLP uag Elman RNN lng
T4 dogasoTusznined a.d. 2002-2014 WaWUIMUUTIABY Elman RNN Tnausiugiian
3998907AD MLP waz ARIMA mudidulagld MAPE 1Wudausednsan niauaueliiaun
uuvdassmsFousuuugnuaiiiefisUseavsatmnisneinsal

Luo; et al. (2022) AnwIn1sngINInsIAIMBIRAILUUNATI8Y39387 AeN15USUUT
wuudnaes LSTM leglddoyaneinouseningd aua. 1991-2021 lagldiiuysniusinmeduns
LasuUsduty Tavignesdn Lasman Lasndsnuidy thi tasdiuiy wdouszuuudly
ANRBNATR (erfor correction) LHBNYINAITIAINOILAIE WY WUITRUUS 1809 F-TS-GA-
LSTM-EC ﬁmmLLﬁuﬁwgaﬁqmLﬁal,ﬁauﬁmwm"waaa BPNN, ELM wag LSTM vl

Hu, J. (2023) Anwimsneansaisamesundlussesduiedouaumnadn Tnslddeya
FUTUTENIIUROUNGATN8Y A.6. 2021 DUABUSUIIAN A.A- 2022 593 273 U Iagldsnan
yosupadufudsmm uagldFauysdu Wy meduau selanedy fudaaiu uardng
uaniUdsuiuasinsUsema vuddelduTeudisuwutiiaemsadn 1oun AR wag VAR fu
LuUF1aeInNsIEusveaAIed XGBoost U1 XGBoost TiANAuAaaLAR B usTgaluTae
wernsel 1-3 Yu vauedl VAR Sanwannsoutstuldlunsdinismennsalssozduiios 1 fu
wenaniifuaueinnisdenmauaiinfivnzaunainlinng VAR awnsaaeiinuszansam

Y 1Y

999 XGBoost leageilvadfn

<

Li, et al. (2024) AnwIN15HEINTAITIAMBILAT IASTAUIMUUTIABINTETUTLUY
NANKNETUAIENITTINLUUINADY DELM, XGBoost wag LSTM winigiulagwuudnaas CNN
WU meta-model warUsun1s1inesna833n1s Sparrow Search Algorithm (SSA) saufiu

wAtla Adversarial Interpretive Structural Model (AISM) 31A512%9IALUSAUNASHANIN
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Nan logldUayasnginoudausinauyieu a.a. 1996 dufouliguigy A.A. 2022 WU

LUUT1a09 DELM unuudnassfiudiugfigalng MAPE fif1 4.45% uasilonaunaiu

WUUTNADIHED ATAIUARIALARBUANALNED 3.59%

[

[

A15199 2.1 kanIN1SUSEUgUN UL TBINUNUIT8ATU

398 Fowaild wadafild n: szm NAN158
v v U3EaNsnIn
Sanchez Toyasiedu A.A, | ARIMA, MAPE Elman RNN Toikauaiugn
Lasheras, et | 2002-2014 MLP, way ﬁqm 5098911A8 MLP uay
al. (2015) Elman RNN ARIMA #3d10 U
Luo, etal.” | Toyasneifiou — | GA-LSTM — | MAE, RMSE, | F-TS-GA-LSTM-EC flanu
(2022) A.fl. 1991-2021 MAPE, TIC, | wilughilgauiloifieudu
way R? WUU1a89 BPNN, ELM
way LSTM il
Hu, J. (2023). | deuasiedu ad. | AR VAR, | MAE, MSE, | XGBoost lifnAu
2021-2022 I 3y RMSE AgIRLARDUATIgATLYI
XGBoost WeIn5as 1-3 Ju vauedl
VAR HAnugnansauyetu
Ialunswensal 1 Ju
YonnBnaueInIg
denananuating
Wnzauanluna VAR
S TaeTa PIRTEY
Usednsn s XGBoost
Li, et al. Joyasnewioy | DELM, MAE, RMSE, | DELM lsianaay
(2024) A.f. 1996-2022 | XGBoost, | MAPE, wag R? | aanaLadeusiigadmiy
LSTM, wag WUUSIaDRE Uil
CNN 52 NENNAULUUINADIAING
DELM, Tanunsaviungladl
XGBoost, UseAnsnwdatu
way LSTM

AU
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NITeavUl

Tayasie iy A,
2010-2024

ARIMA,
Aulal
fnaula,
XGBoost,
Undal, Uae
LSTM

MAE, RMSE,
ey MAPE

XGBoost UsgaANTAmNg«
a I W
gn y93aLdu Uay,
LSTM, dulddndula, way
ARIMA aNuaNeU taesn
WUSHUVINUAAIHA LA
aunsavinunglaagnad
UseANSNINE T

aov o XA = = o Ao A a 1% = = ' v a
ULRVULLLBLUTIUNSUAYIIUIFEIALIVDIILUANULINLDU LLaZAINULANAINAIN
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3.1 UABUNISANLHUIIUIY

& A

N13fn T TngUsvasAiaimuILuUIIaeINIsHeInsalsIAmawaalaeldimaianis
Seusveasel Jnsyuiunsideuszneumeddiutuneusgradusyuu weliinanudila
MalusunswSeudeya nsidendiuds n1sasiuwuudngaes uaznsuTEiiuNanUkiug1ves

L4 < ) [ ¥ =
manensal lngansaasuidutuneundnlaniuwsuninluzun 3.1

3.2 asasdlefildlumsive

nsiteaduildnivineniiameslnseu 3 (Python 3) Huunanilesy Google Colab
Huiedeaiiondnlunisdnunife fsusudeys dawisudeya Wauiwuuiaes wazin
UsgANSAINUDIUUIIaDY

3.3 A1539UTIUYRYA
Foyanltluamide sausmainmhsauiiodesimeunsludumesidn lnoviins
swnmgedeyasameuasluefnsioui fuil 4 unsas w.a, 2553 §9 31 §uAu . 2567
Usenaumedaya 3,685 403 ¥5e Ju uaAalUs 7 aoddnuae loun
1) Auil ivhinsiudeya
2) anUangiuvedannedias
3) A nUaneiuvesansnaun
1) singegauadlansnadind o Fuilimsiiutoys
5) smmdaveslangnoans o Sudiviinisiiudeya
6) Usnumstenieveslavgnesing m fuiiiudoys
7 dmsnsiasuiianieifisuduiudeunth
nduldRasannafve s Eiaiuarnsfneinisidefiioates Seldsus
Yoyafin1ninazdinanon wiurILYe A MBIATILLALUSENaU e Toyas 1o Tvaee
wan At smluuszinasoUdoued va. 2553 89 8 e, 2567 vaeUsinaiidyadinig
d999nuINBAIBUAUAL Y voIlan ogreUsvine I8 LUF UazeadnTidy uagUsene
umsunfiiinassiasvgialanedsUssAauizeEnn LazasTusFUTEY WU uazen
foyasetuves Snsuaniasudiulounsingurensaaisansy wazsiatasefuvedany
N93f1 SuleannnAlaneNewasiian London Metal Exchange uagnasridulany
fiyarmaasvghaduegiaunn



M 12/31/2024
BN 12/30/2024
WA 12/27/2024
N 12/24/2024
Il 12/23/2024
WA 12/20/2024
N 12/19/2024
N 12/18/2024
R 12/17/2024
‘RN 12/16/2024
(PN 12/13/2024
(EN 12/12/2024
PN 12/11/2024
(N 12/10/2024
12/9/2024
12/6/2024

Price

8,768.00
8,910.00
8,982.00
8,950.50
8,912.00
8,941.00
8,883.00
9,028.50
8,989.50
9,062.50
9,052.50
9,091.50
9,192.00
9,216.50
9,232.00
9,122.50

Open
8,840.00
8,955.00
8,968.00
8,965.00
8,950.00
8,910.00
8,920.00
9,025.00
8,980.00
9,055.00
9,110.00
9,160.00
9,205.00
9,195.00
9,215.00
9,155.00

High
8,830.00
8,946.00
8,957.50
8,960.00
8,949.50
8,905.00
8,913.00
9,017.00
8,979.00
9,050.00
9,098.00
9,152.00
9,200.00
9,185.00
9,215.00
9,147.00

Low Vol. Change %
8,821.50 33.80K -1.59%
8,950.00 28.11K -0.80%
8,958.00 25.08K 0.35%
8,962.00 21.38K 0.43%
8,950.00 26.92K -0.32%
8,905.00 36.34K 0.65%
8,915.00 63.60K -1.61%
9,020.00 34.45K 0.43%
8,979.00 42.29K -0.81%
9,050.00 39.26K 0.11%
9,100.00 43.96K -0.43%
9,157.00 57.21K -1.09%
9,200.00 56.86K -0.27%
9,181.00 35.52K -0.17%
9,215.00 51.05K 1.20%
9,149.00 46.13K 0.53%

JUT 3.2 uanai08 190LAYnT03ATIAMDIAINTIUTIY

Year Chile (USD Billions) Peru (USD Billions) Australia (USD Billions) . USA (USD Billions) China (USD Billions)

2010
2011
2012

254.77
276.31
267.12
278.27
260.06
242.51
257.86
277.29
29777
282.31
254.04
315.52
302.12
335.53
343.82

155.93
171.78
181.76
192.75
202.52
190.22
187.78
21217
222.44
227.24
206.31
222.08
236.28

246.4
303.29

1,142.84 14,964.38
1,389.98 15,598.73
1,538.49 16,253.97
1,565.37 16,843.19
1,489.96 17,550.68
1,349.09 18,206.03
1,250.41 18,695.11
1,326.75 19,495.39
1,428.25 20,527.14
1,392.68 21,374.37
1,330.36 21,323.80
1,559.27 23,584.76
1,693.15 25,744.26
1,724.00 27721

1880 30510

6,087.16
7,551.50
8,532.23
9,5670.41
10,430.71
11,061.55
11,233.28
12,143.50
13,608.15
14,292.28
14,688.16
17,820.23
17,882.30
17,795.06
19230
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3.4.1 MINTHIULATTINANNGAZATRYA

1)
2)

3)
4)

NInTINERUALYIANNaED M Tayad S UNWITelihanuduneuRsalUll
ATIRFRUAMNINYRITBYE tanTIvdaulaseas1e vliadaya wazAvIAvig

wUaanedinliun (Date) Neglugunuudoninu 1Wuvlia datetime wisliiesonis

BAsilugUnuvannsuaT
wlasadauiiegluguiuudeninu Widu float
nsaeuAIIlugatayany MLUTUTINMUNSTRVIERslanENaIung JA191e 1169

YA 3729 Jndulaauiiilsiioanainyadeya
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Vol. over Time
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JUN 3.4 Uanins1vinisnseatemivesiudsdSinnnsdevievesanenauns

3.4.2 FAINTTUAMANYML
Tunsdaasentoyalisiaunwdmsunsiuuuingss adnnsldvainvaneTsnis
v oA - | B | o o P =1
aannanalvesduluinden 2.10 Whandelunisdnvhynvasasieil
1) msasuruansaglnianmelugateya
WensaAanduiusINuIUnINAINTouandius luyateyalang nesaInud
fuds Mentaneiuredarenaunt 51A18%Eavedlavieneaag i Juiviinaiudeya way
IAEgaetlansneInnt ol Suiviinasiiutena dauduiusiugs Jeldasrauusdaln

TUUIAD ANULANANVBITIAIGER UFINAIEAVBILaNENIMAT LBk TNAITUIAINAIAT
anduiusanATanUI A uELNUS TusmUs DU

Correlation Matrix

Date

I 1.0

- 0.8

Price

- 0.6

Open
\

High
.

-04

Low
L

Change

Date Price Open High Low Change

UM 3.5 uanaunun1nanueuanduiusvesyadeyalaznaung
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Correlation Matrix

08

- 0.6

-04

-02

Change
\

-00

Price_range
\

i
Date Price Open Change Price_range

JUN 3.6 uanauaua wALSouaduius veIyndayalanen A Naewiauls Ay
LANANSYDI3IANENER AUTIRIanuaslane o

2) nisasunEdnualninnmssinyateyaniguen

\Hesanandeganltlunmsideiiimaihdeyaanuasmsuenuiluiiulsiusiude
Jedndudpsaniunissindeuavinmansuvadiieny lnedeganiiaudse uagldiuls

v A

2 A ) Y | v P a =~ v v o P 5 A 9w
Tuniuseulanlumsniuteya duteyanianuanglagdesadiwiugs U Junuiield
Junasilunisivdgteyasiuiudeyandn Weaifiun1snutoyaiaiadunds Fwihnisausy
uUs "U" eenngndeya titelideyadiaunsondmiunsinseilutungusaly

3) MIsARLReNANAN B

diollsuuusiassiduszant amgsgauagmaniasady vt multicollinearity w3e
overfitting Tunsanwniad ddidunsdnidensuyslaefinsananyuoniauasgaans
LAZHANITIATILTTIENAIINA@NEUTUSAINUNUAIMAUTOUANFLIUS uaz A1 Variance
Inflation Factor. (VIF) wudnandnduauiasinludssmasistaesusemada wazilg &
Adiusugeddlindnanfusiuiasulussmeelvesemag osnussmada
fiyarinsdsoennesunadusudinisvestantutiagtu uonaniduindndnsusias
Tulszinanedvessemaanigol3n1ilofinnsanaina VIF wuindannnit 10 Faaneds
wudgyn multicollinearity yadeyafiniouniendmiunsiuuuiassazuszneusied
wUs 10 Aaudnuay lun

1) Fuil ihnsiuteya

2) 51UAS18TUveIlaneE oA

3) 1A UATETUVRLANLNDILAS

4) Sasnswasuudaniiedieuiutudeuntn

5) AULANANYBITIANGER ﬁ’umﬂﬂﬁﬁqm

6).- AmAnSuIasluUsENATI8U VoIUsEnATA



25

7) awansunuasdlulssinaset vesUseindesdlnsiae
8) AmAnumuIaTIluUTEIMAT 18U vosUsEinAIu

9) dnsuanasuriuleuddinguionoaaianss

10) s101Un518 T uveslanenasan

Correlation Matrix

Date

Price - 0.26

Open - 0.26

-0.50

-0.25

Chile (USD Billions) -0.00

Australia (USD Billions)
-—0.25
China (UsD Billions)
—0.50

GBP per USD

Gold Price —0.75

Date

Price

Open

Change
Price_range

Chile (USD Billions)
China (USD Billions)
GBP per USD

Gold Price

.
w
c
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wn
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A
2
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<T

JUN 3.7 wansununinauseuavduiusvesgadeyadmsunisaiauuiness

Tnsandnune Jufl Mhmsiiuteya Aedtdvesyadoya uaz s1ATns1eTuveq
langneauwn Asduusnu vsemwlsidmuneg lngiiansanaunnvesdoyainnal Variance
Inflation Factor axnuiyadeyatiusaziuusiuiialsifiu 10 fwm1s1e 3.1 uansisyadoya
ﬁlﬂjﬁﬂ@m multicollinearity %38 ey multicollinearity #itfos

& = Y o [ ¥ = =2 & 1 Y o ¥ L% v
enansiiluenansianulidwiunisidanuionisfinyvingu ey mlihlldusyloviaunisan

Lidnnsdllagnsdu Snvsinudilvidaudaiion wazsesg1ediadvesenalsnnasaninisuntuly
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@mﬁﬂwmz Variance Inflation Factor (VIF)
511 UaTe I uTelane N duas 3.698092
Sasnswasuulasdediouiutuneun 1.002226
ANUUANFNVBITIANENER fuTAPanves 1.289904
Tangnoag
AnanAusaTlulsemaTet ueg 6.620013
Usenada
AnanSunuIaTluUszimaT el 99 5.707418
Uszinrioadinsiay
AnanSunuIasluUsyimas el vy 7.094062
Usineau
SasuanidoudBuleudsnguaanaaas 5.707418
an3y
s1UaseTuveslane nesa 3.866263

4) A1IATIRABUAIAALAS

nsinwseatoyailainisnsivaouraalaenaeds IQR deinanliluiiden 2.9.1

wunlifidgnldnanseanunfegui 3.7

Outlier Detection in Time Series

11000 o= price .+ p—— Hes—54
® Outliers

10000 N N T S ST
2000 - VIS </ =
8000 1 i — e Q. ¥t
7000 ~ 'F“ i o g

6000

5000 4

T T T T
0 1000 2000 3000

T
4000

UM 3.8 uaninsnsivaeuranlasluyntays

T
5000
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5) ANSIANITATIN

[Hesangadoyasamesunsililunisideliannsatuiindeyaldasunniu Sse19
Aeanuanetlade wu laifimsderslutungasesnisuie Tungaandunns Wudu dealiin
Yaeinsvestoyaludiiuinan e lildyadoyaimdueynsunarfianysal Jsdndudoq
duumainmdeyaluiuiimely ngliifiauavedeyaniuneunth (forward fill) tile
Snwenasaiomesdoyadmiunsinneilutuneudaly

3.5 ANSWAILILUUIIADY
msieillduuusiaesionun 5 uuu Ssanunsausnoentdidu 2 nauldun
3.5.1 WUUINARINNSEDR
1) ARIMA (AutoRegressive Integrated Moving Average)
1) mmaaml,azﬂ%’uiﬁsq@%aaﬂaL{]mmﬂﬁﬁmmﬁﬂmﬂ%’ Augmented Dickey-Fuller
(ADF) Test WUAn p-values 3101 0.05 71 0.3336 wansiryateyalsifinimils
waziilenh differencing 1 a5 wazasIedau p-values nuddantiosnin 0.05
0 uangIR d AnsutadeyatiiAniify 1
2)" #9751 3 -ACF Way PACF 1iien1vunda p wag g wudrrudhlng 0 eg19
sasAdoyaadii 1 fensan ACE wag PACE wunsaa1197ldd partial
autocorrelation ag139mLAN Wag Ll moving average Lﬁm%u LAAIA p LAY g
yogyaTeyattainty 0
3) afuariniuudiaesiieyadeuainaoulnswualudnsidiu 80 anyadeya
v
1) vhunedoyaynvagaudesnsIdau 20 A ngadeyaieun uazUseifiu
YsgaAndanvesuudiaes

Autocorrelation

1.00

0.75 4

0.50 4

0.25 4

0.00 s—* v —+—3 3

—0.25 A

—0.50 A

—0.75 A

—1.00

0 2 4 6 8 10

3UN 3.9 uanansavl ACK
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Partial Autocorrelation

1.00

0.75

0.50 4

0.25 4

0.00 —— 2
-0.25 1
~0.50 -

—-0.75 1

_1.00 T T T T T T

g‘dﬁ 3.10 wansns W PACF

3.5.2 LUUINRRNTSITEU VB UATDY
1) wuvdasswulisegaula

1)

2)

3)

4)

wiRsumdoya Insfvuaddyosyndeyadaeiuil amiuieonfudsdmne uay
frunUsau

asindsmaanindiulaefundu 1 30 7 (1 &Uansh) U 15 (PSuiew) Tu
3041 (1 4ien) 120 Fu (1 lnsund) 180 Ju (6 thauniansst) waz 365 Su (1 T)

1%

k4 = J £4 v = 1 [ v 1
afruaginuuuInaewsyateyainaoulagwiadudnsdiu 80 3nyadeya
Wvua wazAnuadikdiInisnei 3.2
VU T0UAYANARBUAIEEAI1dIU 20 21NYATBNATINUA UazUTeidy

U5z @NSAIMUDILUUIIADY

2) wuudnaed XGBoost

1)

2)

3)

4)

wiengadoya Tnefuuaduivesmadounde fufl arnduiendauuadmansuas
RTINS

afsulsmanawiaislaefmuadu 1 Yu 7 (1 &) Ju 15 (P3afew) Ju
30 $u (1 1fiow) 120 Fu (1 lnsuna) 180 Fu (6 1iewnTerssd) wag 365 Tu (1 T)
afawagiinuuuitaesiieyadeyarnaeulnewusdudnsidiu 80 nyadoya
Fravun uazfmuaiuUsfamsed 3.2

yuredoyayanaaeudiesnindiu 20 angadeyananun wazuszidiu
UsganSnnvesuuIges

3) wuuinaesnay

1)

wissnyaveya lnefmuadvivesyateyameiui antdunendmudsidmneuas
AU
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adraudsmanaiiuilnoivundu 159 7 (1 a9 Ju 15 (edaieu) Ju
30 u (1 Wiou) 120 Ju (1 lasuna) 180 Tu (6 Weundenssd) way 365 Tu (1 J)
abauasfinuuuiaosegatoyatinaoulasuiaiusnidiu 80 nyndeyaris
Vv wazimunfuUsE e 3.2

yuneteyayanaaousidnadiu 20 Mnyndeyariomn uarUssdy
UsgAN3AMUDILUUIIaDY

4) wuudeeInssEusLYaEn LSTM (Long Short-Term Memory)

wisuadeya Insdmundaivosadoyadaefull andunenduusithmneuas
AuUsAL

nsUSurIRYeasiie MinMaxScaler

asedwuadgmiuluuIIaes

ahaates LSTM TnafmunsuUssnmssil 3.2 uay Dense dmiulasstne
Uszamiiiey

asuaiinuuudiaesiieyadayaindeulpswiadudnsdi 80 anyndoya
iaviain

yhugteyauavnReUsESnTIETY 20 ngadaaiuun uasUsadiy
UszdnSNNU8ILuUUTNa09

A15199 3.2 hangdnUslunI AR UUINaeY

LUUINADY AaUsNNAUA

LUUA1889 ARIMA

(p=0,d=1,g=0)

wuvIasUlidaaula

max_depth=5, min_samples_split=10,

min_samples_leaf=5, random state=42

LUUI1ADY XGBoost

n_estimators=100, learning rate=0.05,
max_depth=6, subsample=0.8,

colsample_bytree=0.8, random_state=42

wuuIaeslndy

n_estimators=100, max_depth=5,

min_samples leaf=5, random_state=42

WUUTIR0INSISEUsIBeEN LSTM

units=128, activation="tanh’,
return_sequences=False,
input_shape=(TIME_STEPS, X.shape[1]))
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3.6 M5INUIEANSAMLUUIIRBY
nuATeilfnaUTeuisussninmesnuusiaowusasiidiedid Taanaisldun

1) AvrdnuAaInAdeuduysaiiade (Mean Absolute Error: MAE) Aadtadnwad
ANNAIALARBY (Error) Wuudysaiseninsaiinansaifuanaie Tnediviefeaty
fusriviune Tasdedntnlndgudunnminle Gawansiuuudassanansaviugld
wiugunnty

2) AInTidedneinediididereinluAaInlAden (Root Mean Squared Error:
RMSE) fladsnfiassvesiadsvesnnuaainadousnidsaesseninediiiaianisal
fuAnase Tnedmhewderiuaiiviung adldanuddgfuamueanndoufigads
fuey B Wlndgudunninle Bauanviuuusiaesdauudilunmsiuiemniu

3) Andesifudnmnainindouduysaliads (Mean Absolute Percentage Error: MAPE)
foAnadeYasimuaa A udlysalugUL U iduAlalisufuAaSs Bernen
winla Betansdinuudiassamisnviuiglinaiud) Inommazdniunisiisuiiie
Usgansnwsevrinsuuvinaesludeyadifimesieiy



unil 4

NAN1SIAYLLAZN1SDAUSI19NE

Tuunfiagnandmwansaniunuainnisaiawuudasamisseuiveaniassdnslunis

ANSNEINTAISIAINDILAS ANLATAMRUNWITeALaRI A TuUNA 3

4.1 wan1AnseideyaiUasdu

Hlofia13nNIUN 4.1 azdiuilianunsaseudnvazggnia wiedning veseunsu

NnanlPog1avan weaunsadanaAukuAlbLlUU19T9eIan

Price over Time
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1e13 Power Spectrum (FFT)
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3UM 4.2 uansns AU Fast Fourier transform
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Solianansafinnsanldseasm Sainszuiunsmandineiansogns Fast Fourier
transform uAAghiiiedumipinsilaniduiigadnivyadoyasynsuariifinmiusiy
a9 Aaguil 4.2 aziiuladnauildannnszuIunig Fast Fourier transform HAngagad
0.0007 uanshFaudidutanniigalugadayat viodouvaniuaunaiayléi 1369 T
vidoUszana 2 U 9 ey wazilofdnanuuususiudy Tasmsuendiulszneuveteynsy
nan agiuldhyedeyaiininsfiaudaiiudmnnddufui 4.3

100004 — original

8000

6000 4

T T T T T T T T
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9000 +
— Trend
8000
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6000

T T T T T T
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1.2 A
—— Seasonal

11 J"T""
1.0 4

0.9

T T T T T T T T
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1.2 4 — Residual
1.0 4 4/

0.8 4

T T T T T T
2012 2014 2016 2018 2020 2022

JU# 4.3 uanansmdeyandiainuendudsznaueunsuiian

4.2 NANITWAIUILUUINADY

N153 38 RN A UTUNITHAUINLUUTIADINYINTUTIATNDILAIIIUIY 5 LUU LAWA
WUUD1a09 ARIMA, huud1assnulidndula, wuuitasd XGBoost, WUUI1aaUNgY uay

° a Y a = vy A v v o A v v oa

LUUT1aeIN193eusiuedn LSTM Iagldtayanlaninmssiuniudeyansiuansluiiten 3.3
wazdnwsuudayaninandluinted 3.4
4.2.1 WHANISWAIUILUUIIE9 ARIMA

WUUI1a09 ARIMA TaAndanikUsaienannisnieannsainandbilumde 3.5.1 1ag
TofvuaadkUsdu (0,1,0)

HAN1INEINTAIVRY ARIMA nudtiuudiaeslidaiunsaduuudlduvestayals &

A A a o a 2 Yo oay vy & a

ANUAAIALATDUAUTBNINTANIINGAIFUT 4.4 Uag 4.5 aziuladnAfldainnisnensalasdl
sUBUUTY uazilofinnsanandigiansaiuavsiiuladnnl MAE Aatandeu 969.6957
AeaaTsansgsenu A1 RMSE AaalAfou 1,149.8894 aeaansansydedu wavaA1 MAPE
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AAIALAGDU 11.59% LilafiansanUsenauiuwaiwuuidnass ARIMA liwanzaudiniunis
Wy INToyanANWUTUTINENIN

ARIMA - Rolling Forecast on Test Set
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wualiululudirmadisrfuiudeyasssilimaaeuuddslisvaunnntn uazilofiansanain
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4.2.3 HANTIWAUILUUINABY XGBoost
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4.2.5 HAN1TWAINILUUINABINTSITEUSITeAN LSTM
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WUUTNADY MAE (naaa13a%3g | RMSE (Raaandansy MAPE (%)
FioRu) EREI))
ARIMA 969.6957 1,149.8894 11.59%
suldisindula 97.2573 137.9294 1.10%
XGBoost 52.3623 70.6940 0.59%
Undal 53.0240 71.3360 0.60%
LSTM 87.4854 117.5612 0.99%
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1. MvhanuaeInuazInwseutaya
import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

from google.colab import drive

drive.mount(/content/drive')

df = pd.read csv('/content/drive/My Drive/IS/Copper Futures Historical Data.csv')
df.head()

df.info()

print(dfisnull().sum()

dff' Date'] = pd.to_ datetime(dfl Date')

cols to clean = [Price', 'Open’, 'High', 'Low’]
for col in cols_to_clean:
dffcol] = dffcol].str.replace(’,; ", regex=False).astype(float)
dff'Change %'l = dff Change %'.str.replace('%), ", regex=False).astype(float) / 100
dff'Vol.'T = df['Vol..str.replace(K, ", regex=False).astype(float) * 1000
df = df.rename(columns={'Change %" 'Change'})
df = df.sort_values('Date’)

df.info()
df.describe()

plt.figure(figsize=(10, 5))

plt.plot(dfl'Date'], df['Price'l, marker="\, linestyle="-'linewidth=1, markersize=1,
markeredgewidth=0.5)

plt.title('Price over Time')

plt.xlabel('Date)

plt.ylabel(Price)



plt.grid(True)
plt.tight layout()
plt.show()

plt.fisure(figsize=(10, 5))

plt.plot(df['Date'], dff'Vol.'], marker="., linestyle="None' linewidth=1, markersize=1,
markeredgewidth=0.5)

plt.title('Vol. over Time')

plt.xlabel('Date)

plt.ylabel('Vol.)

plt.grid(True)

plt.tight layout()

plt.show()

df.drop(columns=['Vol.], inplace=True)

correlation matrix = df.corr()

plt.figure(figsize=(10, 8))

sns.heatmap(correlation matrix, annot=True, cmap="'coolwarm’, fmt=".2f")
plt.title(‘Correlation Matrix)

plt.show()

from statsmodels.stats.outliers_influence import variance inflation factor

from statsmodels.tools.tools import add_constant

X = df['Open’, 'High', Low', 'Change']]

X = add_constant(X)

vif = pd.DataFrame()

vif['Variable'l = X.columns

Vif[VIF] = [variance_inflation_factor(X.values, i) for i in range(X.shape[1])]

print(vif)

dff"Price_range"] = df["High"] - df{"Low"]
df = df.drop(columns=[High', 'Low])
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correlation_matrix = df.corr()
plt.figure(figsize=(10, 8))
sns.heatmap(correlation_matrix, annot=True, cmap='coolwarm’, fmt=".2f")
plt.title('Correlation Matrix)

plt.show()

X = df[['Open’, 'Change’, 'Price range']
X = add_constant(X)

vif = pd.DataFrame()

vif['Variable'] = X.columns

Vif{VIF'] = [variance_inflation factor(X.values, i) fori-in range(X.shape[1])]

print(vif)

dff'Year'] = df['Date'].dt.year

df GDP = pd.read csw(/content/drive/My. Drive/IS/GDP.csv')

df GDP:info()

cols_to_clean = ['Australia (USD Billions)', 'USA (USD Billions)', ‘China (USD Billions)’]
for col in cols, to_clean:

df GDP[col] = df GDP[coll:str.replace(,, ", regex=False).astype(float)

df GDP.info()
df = pd.merge(df, df_GDP, on="Year', how="inner)

correlation_matrix = df.corr()

plt.figure(figsize=(10, 8))

sns.heatmap(correlation_matrix, annot=True, cmap='coolwarm’, fmt=".2f")
plt.title('Correlation Matrix)

plt.show()

print(df.columns)
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X = dff['Open’, 'Change’, 'Price_range',
'Chile (USD Billions)', 'Peru (USD Billions),
‘Australia (USD Billions)', 'USA (USD Billions),
'China (USD Billions)'T]

X = add_constant(X)

vif = pd.DataFrame()
vif['Variable'] = X.columns

VIf[VIF'] = [variance_inflation factor(X.values, i) for i in range(X.shape[1])]

print(vif)

df2 = df.drop(columns=['China (USD Billions)', 'Peru-(USD Billions)7)

correlation matrix = df2.corr()

plt.fisure(figsize=(10, 8))

sns.heatmap(correlation _matrix, annot=True, cmap='coolwarm’, fmt=".2f")
plt.title('Correlation Matrix')

plt.show()

X = df2[['Open’, ‘Change', 'Price_range’,

'Chile (USD Billions),,

'Australia (USD Billions)', "USA (USD Billions)']]
X = add_constant(X)

vif = pd.DataFrame()

vif['Variable'] = X.columns

VIf{VIF] = [variance_inflation_factor(X.values, i) for iin range(X.shape[1])]
print(vif)

df3 = df.drop(columns=[USA (USD Billions)', 'Peru (USD Billions)T)

correlation_matrix = df3.corr()

plt.fisure(figsize=(10, 8))

sns.heatmap(correlation_matrix, annot=True, cmap='coolwarm’, fmt=".2f")
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plt.title('Correlation Matrix)
plt.show()

X = df3[['Open’, 'Change', 'Price_range,
'Chile (USD Billions)',
'Australia (USD Billions)', 'China (USD Billions)T]
X = add_constant(X)
vif = pd.DataFrame()
vif['Variable'] = X.columns

Vif{VIF'] = [variance_inflation_factor(X.values,.i) for i in range(X.shape[1])]

print(vif)

df GBP = pd.read-csv(/content/drive/My Drive/IS/GBP-USD.csV')
df Gold = pd.read csv(/content/drive/My Drive/IS/Gold.csv')

df GBP[Date'] = pd.to_datetime(df GBP['Date"])
df Gold['Date'l = pd.to_datetime(df Gold['Date'])

df = pd:merge(df, df GBP, on='Date’, how='inner’)
df = pdimerge(df, df Gold, on='Date’, how='inner’)

dff'Gold Price'l = df[Gold Price'l.str.replace(’,, ", regex=False).astype(float)

correlation_matrix = df.corr()

plt.fisure(figsize=(10, 8))

sns.heatmap(correlation_matrix, annot=True, cmap='coolwarm'’, fmt=".2f")
plt.title('Correlation Matrix)

plt.show()

X = dff['Open', 'Change’, 'Price_range',
'Chile (USD Billions)', 'Australia (USD Billions),
'USA (USD Billions)', 'GBP per USD', 'Gold Price'l]
X = add_constant(X)



50

vif = pd.DataFrame()
vif['Variable'] = X.columns

VIf[VIF'] = [variance_inflation factor(X.values, i) for i in range(X.shape[1])]

print(vif)

X = dff['Open’, 'Change’, 'Price_range,
'Chile (USD Billions)', 'Australia (USD Billions)',
'China (USD Billions)', 'GBP per USD', 'Gold Price']
X = add_constant(X)

vif = pd.DataFrame()
vif['Variable'] = X.columns

Vif{'VIF'] = [varianceinflation_ factor(X.values, i) for i in-range(X.shape[1])]

print(vif)

df = df.drop(columns=['YearT)
df = df.drop(columns=[USA (USD Billions)', 'Peru (USD Billions)])

correlation_matrix = df.corr()

plt.figure(figsize=(10, 8))

sns.heatmap(correlation matrix, annot=True, cmap='coolwarm’, fmt=".2f")
plt.title('Correlation Matrix)

plt.show()

full_range = pd.date_range(start=df.index.min(), end=df.index.max(), freg='D’)
df = df.reindex(full_range)ffill()

df.index.name = 'Date'

df = df.reset_index()

dfto_csv(/content/drive/My Drive/IS/Cleaned Copper Data.csV', index=False)
price = dff'Price’l

from scipy.fft import fft

import numpy as np



Q1 = df['Price'l.quantile(0.25)
Q3 = dff Price'l.quantile(0.75)
IOR =Q3-Q1

outliers = df[(dff'Price'] < Q1 - 1.5%IQR) | (dff'Price’] > Q3 + 1.5*IQR)]

import matplotlib.pyplot as plt

plt.figure(figsize=(14, 6))

plt.plot(df.index, df['Price’], label="Price")

plt.scatter(outliers.index, outliers['Price'], color="red’, label="Outliers')
plt.legend()

plt.title('Outlier Detection in-Time Series')

plt.grid(True)

plt.show()

2. NMSAUNIE Fast Fourier transform

f = fft(price.to_numpy())
power = np.abs(f)**2
frequencies = np. fft.fftfreq(5476, d=1)

pos_mask = frequencies > 0
frequencies = frequencies[pos_mask]

power = power[pos mask]

peak_index = np.argmax(power[1:100]) + 1
dominant_frequency = frequencies[peak index]

print(dominant_frequency)

dominant_period = 1 / dominant_frequency
print(dominant_period)

plt.fisure(figsize=(10, 5))
plt.plot(frequencies[:200], power[:200])

plt.axvline(x=dominant_frequency, color="red, linestyle='--, label=f'Dominant Freq =

{dominant_frequency:.4f})
plt.title(Power Spectrum (FFT))
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plt.xlabel(Frequency (1/day))
plt.ylabel('Power’)

plt.legend()

plt.grid(True)

plt.tight layout()

plt.show()

3. MSUENAIUUTENBUBYNTULIAN

from statsmodels.tsa.seasonal import seasonal decompose
result = seasonal decompose(dff'Price'], model="multiplicative’, period = 1369)

plt.figure(figsize=(12, 8))
plt.subplot(4, 1, 1)
plt.plot(dfl'Price'], tabel='Original’)
plt.legend(loc="upper left)

plt.subplot(4d, 1, 2)
plt.plot(result.trend, label="Trend")
plt.legend(loc="upper left)

plt.subplot(4,.1, 3)

plt.plot(result.seasonal, label="Seasonal’)

plt.legend(loc="upper left)
plt.subplot(d, 1, 4)
plt.plot(result.resid, label="Residual’)

plt.legend(loc="upper left)

plt.tight layout()
plt.show()

4. NSNAUILUUINAD
ARIMA

from statsmodels.tsa.arima.model import ARIMA

from statsmodels.tsa.stattools import adfuller
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df = pd.read_csv(/content/drive/My Drive/IS/Cleaned_Copper_Data.csv')
dff' Date'] = pd.to_datetime(dff' Date'])

y = df['Price']

result = adfuller(y.dropna())
print('ADF Statistic:', result[0])
print('p-value:', result[1])

y_diff = y.diff().dropna(result = adfuller(y diff.dropna())
print("ADF Statistic:", result[0])
print("p-value:", result[1])

from statsmodels.graphics.tsaplots import plot_acf, plot pacf
plot acfly diff, lags=10)

plot_pacfly diff, lags=10)

plt.show()

from statsmodels.tsa.arima.model import ARIMA

from sklearn.metrics import mean_absolute error, mean_squared_error

dff'Date’] = pd.to_datetime(df[Date'])
df = df.sort_values('Date’)

df.set_index('Date’, inplace=True)

split_index = int(len(y) * 0.8)
train, test = y.iloc:split_index], y-iloc[split index:]

order = (0, 1, 0)

history = list(train)

predictions = []

for t in range(len(test)):
model = ARIMA(history, order=order)
model fit = model.fit()
yhat = model fit.forecast()[0]
predictions.append(yhat)
history.append(yhat)
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forecast_series = pd.Series(predictions, index=test.index)
compare = pd.DataFrame({'y": test, 'y pred" predictions})

mae = mean absolute error(compare['y'l, comparel'y pred’)
mse = mean_squared_error(comparel'y'l, compare[y pred])
rmse = np.sgrt(mse)

mape = np.mean(np.abs((comparel'y'] - comparel'y pred]) / comparel'y']) * 100

print(f"MAE : {mae:,.4f}")
print(f'RMSE: {rmse:,.4{}")
print(f"MAPE: {mape:.2f}%")

plt.figure(figsize=(12,6))

plt.plotly, label="Actual’, alpha=0.5)

plt.plot(forecast series, label="Forecast (Test)', color="red’)
plt.axvline(test.index[0], color='gray/, linestyle='--', label="Train/Test Split’)
plt.legend()

plt.xlabel('Date’)

plt.ylabel('Price’)

plt.title(ARIMA - Rolling Forecast on Test Set’)

plt.grid(True)

plt.show()

plt.figure(figsize=(12, 6))

test.plot(label='Actual’, alpha=0.5)
forecast_series.plot(label='Forecast’, color="red’) # AWIIUN8IN ARIMA
plt.legend()

plt.title('ARIMA Forecast on Test Set')

plt.xlabel('Date’)

plt.ylabel('Price)

plt.grid(True)

plt.tight layout()

plt.show()



Decision Tree

from sklearn.tree import DecisionTreeRegressor

dff' Date'] = pd.to_datetime(dff' Date'])
df = df.sort_values('Date')

df.set_index('Date’, inplace=True)

lags = [1, 7, 14, 30, 120, 180, 365]
for col in df.columns:

for lag in lags:
dfff{col} lag_{lag}] = dflcoll.shift(lag)

df = df.dropna()

X = df.drop(columns=['Price'])
y = dff'Price’]

train_size = int(len(df) * 0.8)
X train, X_test = X.iloc[:train_size], X.iloc[train _size:]

y_train,y_test = y.iloc[:itrain_size], y.itoc[train_size:]

model = DecisionTreeRegressor(
max_depth=5,
min_samples_split=10,
min_samples leaf=5,
random_state=42)

model.fit(X_train, y train)

y_pred = model.predict(X_test)

y_pred_series = pd.Series(y_pred, index=y_test.index, name="y pred’)

compare = pd.DataFrame({'y" y test,'y pred"y pred series})
mae = mean_absolute error(compare['y'], comparel'y pred)
mse = mean_squared_error(compare['y'l, compare[y pred')
rmse = np.sgrt(mse)

mape = np.mean(np.abs((comparel'y'] - comparel'y pred) / compare['y']) * 100



print(f"MAE : {mae:,.4f}")
print(f"RMSE: {rmse:,.4f}")
print(f"MAPE: {mape:.2f}%")

plt.figure(figsize=(12, 6))

plt.plot(y, label="Actual’, alpha=0.5)
plt.plotly pred series, label="Forecast, color="red’)
plt.axviinely test.index[0], color='gray’, linestyle="--', label="Train/Test Split')
plt.title('Decision Tree Forecast')

plt.xlabel('Date’)

plt.ylabel('Price’)

plt.legend()

plt.tight layout()

plt.grid(True)

plt.show()

plt.fisure(figsize=(12, 6))

plt.plotly test, label="Actual’, alpha=0.5)
plt.plotly_pred series, label='Forecast’, color="red’)
plt.title('Decision Tree Forecast')

plt.xlabel('Date’)

plt.ylabel('Price’)

plt.legend()

plt.tight layout()

plt.grid(True)

plt.show()

XGBoost

from xgboost import XGBRegressor

import matplotlib.pyplot as plt

df[' Date'] = pd.to_datetime(df[ Date'])
df = df.sort_values('Date')

df.set_index('Date, inplace=True)

lags = [1, 7, 14, 30, 120, 180, 365]

for col in df.columns:

56



for lag in lags:
dfff{col}_lag_{lag}] = dflcoll.shift(lag)

df = df.dropna()

X = df.drop(columns=['Price'])
y = dff'Price’]

train_size = int(len(df) * 0.8)
X _train, X_test = X.loc[:train_size], X.iloc[train_size:]

y train, y test = y.ilocl:train size], y.iloc[train_size:]

model = XGBRegressor(
n_estimators=100,
learning rate=0.05,
max_depth=6,
subsample=0.8,
colsample bytree=0.8,
random_state=42)

model fit(X_train, y_train)

y_pred = model.predict(X_test)

y_pred series = pd.Series(y_pred, index=y test.index, name='y pred’

compare = pd.DataFrame({'y" y test,'y pred:y pred series})
mae = mean_absolute error(comparel'y'l, compare[y pred])
mse = mean_squared error(compare['y'l, compare['y pred')
rmse = np.sqrt(mse)

mape = np.mean(np.abs((comparel'y’] - comparel'y pred’) / compare['y']) * 100

print(f'MAE : {mae:,.4f}")
print(f'RMSE: {rmse:,.4f}")
print(f'"MAPE: {mape:.2f}%")

plt.figure(figsize=(12, 6))
plt.plot(y, label="Actual’, alpha=0.5)
plt.plotly pred series, label='Forecast, color="red’)

plt.axvline(y test.index[0], color='gray’, linestyle="--', label="Train/Test Split)



plt.title('XGBoost Forecast')
plt.xlabel('Date’)
plt.ylabel('Price’)
plt.legend()

plt.tight layout()
plt.grid(True)

plt.show()

plt.figure(figsize=(12, 6))

plt.plotly test, label="Actual’, alpha=0.5)
plt.plotly pred series, label="Forecast’, color="red)
plt.title('XGBoost Forecast')

plt.xlabel('Date’)

plt.ylabel('Price’)

plt.legend()

plt.tight layout()

plt.grid(True)

plt.show()

Random Forrest
from sklearn.ensemble import RandomForestRegressor
df[' Date'] = pd.to_datetime(dff Date'])
df = df.sort_values('Date’)
df.set_index('Date’, inplace=True)
lags = [1, 7, 14, 30, 120, 180, 365]
for col in df.columns:

for lag in lags:

dflf{col} lag {lag}] = dffcoll.shift(lag)

df = df.dropna()

X = df.drop(columns=['Price')
y = df['Price']

train_size = int(len(df) * 0.8)
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X _train, X_test = X.loc[:train_size], X.iloc[train_size:]

y train, y test = y.iloc[:train_size], y.iloc[train_size:]

model = RandomForestRegressor(
n_estimators=100,
max_depth=5,
min_samples_leaf=5,
random state=42)

model.fit(X_train, y train)

y_pred = model.predict(X_test)

y_pred_series = pd.Series(y pred, index=y _test.index, name="y_pred

mae = mean_absolute-error(y test, y pred series)
rmse = np.sgrtimean squared_error(y test, y pred. series))

mape = np.mean(np.abs((y test -y pred series)/y test)) * 100

print(f"MAE : {mae:,.4f}")
print(f'RMSE: {rmse:,.4f}")
print(f"MAPE: {mape:.2f}%")

plt.figure(figsize=(12, 6))

plt.plot(y, label="Actual’; alpha=0.5)

plt.plotly pred series, label="Forecast (Random Forest), color="red")
plt.axvlinely_test.index[0], color='gray’', linestyle="--", label="Train/Test Split')
plt.title(Random Forest Forecast')

plt.xlabel('Date’)

plt.ylabel('Price’)

plt.legend()

plt.tight layout()

plt.grid(True)

plt.show()

plt.figure(figsize=(12, 6))
plt.plot(y_test, label="Actual’, alpha=0.5)
plt.plotly pred series, label="Forecast (Random Forest)', color="red")

plt.title(Random Forest Forecast')



plt.xlabel('Date’)
plt.ylabel('Price’)
plt.legend()
plt.tight layout()
plt.grid(True)
plt.show()

LSTM

from sklearn.preprocessing import MinMaxScaler
from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import LSTM, Dense, Dropout

dff' Date'] = pd.to-datetime(dff'Date'])
df = df.sort values('Date')

df.set_index('Date', inplace=True)

X = df.drop(columns=['Price')
y = dff'Price']

x_scaler = MinMaxScaler()

y_scaler = MinMaxScaler()

X_scaled =x_scaler.fit transform(X)

y_scaled =y scaler.fit transform(y.values.reshape(-1, 1))

def create_sequences(X;y, time steps=365):
Xs,ys =[], ]
for i in range(len(X) - time_steps):
Xs.append(X[i:i+time_steps])
ys.append(yli+time_steps])
return np.array(Xs), np.array(ys)

TIME_STEPS = 365
X _seq, y_seq = create_sequences(X_scaled, y scaled, TIME_STEPS)

train_size = int(len(X_seq) * 0.8)

X _train, X _test = X _seq[:train_size], X_seq[train_size:]
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61
y_train, y test = y seq:train_size], y seq[train_size:]
from tensorflow.keras.callbacks import EarlyStopping

model = Sequential()

model.add(LSTM(units=128, activation="tanh’, return_sequences=False,
input_shape=(TIME_STEPS, X.shape[1])))

model.add(Dropout(0.2))

model.add(Dense(1))

model.compile(optimizer='adam’, loss='mse')

early stop = EarlyStopping(
monitor="val_loss’,
patience=10,

restore_best weights=True

history = modelfit(
X_train, y_train,
validation_data=(X test, y_test),
epochs=50,
batch size=32,
callbacks=[early stopl,

verbose=1

y_pred_scaled = model.predict(X test)
y pred =y scaler.inverse transform(y. pred scaled)

y true =y scaler.inverse transform(y test)

index_test = df.index[TIME_STEPS + train_size:]
y_pred_series = pd.Series(y pred.flatten(), index=index_test, name="y pred

y true_series = pd.Series(y_true.flatten(), index=index test, name='y_true’)

mae = mean_absolute_errorly true series, y pred_series)
rmse = np.sgrt(lmean_squared_error(y true series, y pred series))

mape = np.mean(np.abs((y_true_series - y pred series) / y true series)) * 100



print(f"MAE : {mae:,.4f}")
print(f"RMSE: {rmse:,.4f}")
print(f"MAPE: {mape:.2f}%")

plt.figure(figsize=(12, 6))

plt.plotly, label="Actual’, alpha=0.5)
plt.plotly pred series, label="Forecast’, color="red’)
plt.axviinely true series.index[0], color='gray’, linestyle="--', label="Train/Test Split’)
plt.title(LSTM Forecast')

plt.xlabel('Date’)

plt.ylabel('Price’)

plt.legend()

plt.tight layout()

plt.grid(True)

plt.show()

plt.figure(figsize=(12, 6))

plt.plotly._true series, label="Actual', alpha=0.5)
plt.plotly pred series, label="Forecast, color="red’)
plt.title('LSTM Forecast)

plt.xlabel(Date")

plt.ylabel('Price’)

plt.legend()

plt.tight layout()

plt.grid(True)

plt.show()

NAABDUFAAILUS

df[' Date'] = pd.to_datetime(df[ Date'])
df = df.sort_values('Date')

df.set_index('Date’, inplace=True)

lags = [1, 7, 14, 30, 120, 180, 365]
for col in df.columns:
for lag in lags:
dflf{col} lag {lag}] = dffcoll.shift(lag)



df = df.dropna()

X = df.drop(columns=['Price','Chile (USD Billions)', 'Australia (USD Billions),
'China (USD Billions)1)
y = dff'Price']

train_size = int(len(df) * 0.8)
X _train, X_test = X.iloc[:train_size], X.iloc[train_size:]

y train, y test = y.loc[:train_sizel, y.iloc[train size:]

model = XGBRegressor(objective="reg:squarederror', n_estimators=100,
random_state=42)

model.fit(X_train,ytrain)

y_pred = model.predict(X_test)

y_pred series = pd.Series(y. pred, index=y test.index, name='y pred’

compare = pd.DataFrame({'y: y_test, 'y pred" y pred series})
mae =mean absolute error(comparel'y'l, comparel'y pred?)
mse =mean_squared error(comparel'y'l, comparely pred)
rmse = np.sgrt(mse)

mape = np.mean(np.abs((comparel'y'] - comparel'y _pred?) / comparel'y]) * 100

print(f"MAE : {mae:,.4f}")
print(f"RMSE: {rmse:,.4f}")
print(f"MAPE: {mape:.2f}%")

df[' Date'] = pd.to_datetime(df['Date'])
df = df.sort_values('Date’)

df.set_index('Date’, inplace=True)

lags = [1, 7, 14, 30, 120, 180, 365]
for col in df.columns:

for lag in lags:
dfff{col} lag {lag}] = dflcoll.shift(lag)

df = df.dropna()

63



X = df.drop(columns=['Price',GBP per USD'])
y = dff'Price']

train_size = int(len(df) * 0.8)
X _train, X_test = X.iloc[:train_size], X.iloc[train_size:]

y train, y test = y.iloc[:train_size], y.iloc[train_size:]

model = XGBRegressor(objective="reg:squarederror', n_estimators=100,
random_state=42)

model.fit(X_train, y_train)

y_pred = model.predict(X_test)

y_pred series = pd.Series(ypred, index=y_test.index, name='y pred’

compare = pd.DataFrame({ly": y test,'y_pred" y_pred_series})
mae = mean_absolute_error(comparel'y'], compare['y pred])
mse = mean_squared error(comparel'y’], comparely pred)
rmse = np.sgrt(mse)

mape = np.mean(np.abs((comparel'y] - comparel'y pred') / compare['y)) * 100

print(f"MAE : {mae:,.4f}")
print(f'RMSE: {rmse:,.4f}")
print(f"MAPE: {mape:.2f}%")

df[Date'l = pd.to_datetime(df['Date'])
df = df.sort_values('Date)

df.set_index('Date’, inplace=True)

lags = [1, 7, 14, 30, 120, 180, 365]
for col in df.columns:

for lag in lags:
dfff{col} lag {lag}] = dflcoll.shift(lag)

df = df.dropna()

X = df.drop(columns=['Price',Gold Price'])
y = dff'Price']
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train_size = int(len(df) * 0.8)
X _train, X_test = X.iloc[:train_size], X.iloc[train_size:]

y train, y test = y.iloc[:train_size], y.iloc[train_size:]

model = XGBRegressor(objective="reg:squarederror', n_estimators=100,
random_state=42)

model.fit(X_train, y_train)

y_pred = model.predict(X_test)
y _pred series = pd.Series(y pred, index=y test.index, name='y pred

compare = pd.DataFrame({'y" y test,'y pred:y pred series})
mae = mean_absolute error(comparel'y’], comparel'y pred)
mse = mean_squared-error(comparel'y’], compare['ypred])
rmse = np.sgrt(mse)

mape = np.mean(np.abs((comparel’y'] - comparel'y pred]) / compare['y])) * 100

print(f"MAE : {mae:,.4f}")
print(f'RMSE: {rmse:,.4f}")
print(f"MAPE: {mape:.2f}%")

df[Date'T = pd.to_datetime(df['Date’])
df = df.sort values('Date")
df.set_index('Date’, inplace=True)
lags = [1, 7, 14, 30]
for col in df.columns:
for lag in lags:
dflf{col} lag {lag}] = dffcoll.shift(lag)

df = df.dropna()

X = df['Open’]
y = df['Price']

train_size = int(len(df) * 0.8)
X _train, X_test = X.iloc[:train_size], X.iloc[train_size:]

y_train, y test = y.iloc[:train_size], y.iloc[train_size:]
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model = XGBRegressor(objective="reg:squarederror’, n_estimators=100,
random_state=42)

model.fit(X_train, y_train)

y_pred = model.predict(X_test)

y _pred series = pd.Series(y pred, index=y test.index, name="y pred’)

compare = pd.DataFrame({'y" y test,'y pred"y pred series})
mae = mean absolute error(compare['y'l, comparel'y pred’)
mse = mean_squared_error(comparel'y'l, compare[y pred')
rmse = np.sgrt(mse)

mape = np.mean(np.abs((comparel'y'] - comparel'y pred’)/ compare['y']) * 100

print(f"MAE : {mae:,.4f}")
print(f'RMSE: {rmse:,.4f}")
print(f"MAPE: {mape:.2f}%")
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