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Mapaptnua: XpnoipotoiwvTtas Tnv R

To BiPAic autd ypnowomoiei TV yhwooa R ko eivan oyediaocpsvo yia va
Pz iai padl pe v yAwooa R, H R sivan pia dwpeav diafiopn yAwooa yia
OAa Ta AEITOUPYIKG CUUTTIPATA yia TNV oTroia uTrapyouv X1Aiades emmpoofeTa
TOKETA UE TQ OTroia UropeiTe va kGveTe oTidNmoTe BeAnoste. TlpoTeivoups va
ypnoipototeite TNV R pali pe To RStudio.

Eyxaraoracn R ka1 RStudio

I. MeTagopTwon Kal eyKaTACTOOT) R.!

2. MeTo@dpTwon Kal eyKaTAoTaOT) RStudio.?

3. Extéheon RStudio. Ztnv kapTéda «Packages», emAETe «Install» kon eyka-
TacThoTe To TakéTo fpp3 (Tpogoyn. Oa mpémer va éxeTe emAéel TNV
emAoy™ «install dependenciess).

AuTtd sivan! Towpa sioTe oe 8o va EexvroeTe.

! https://cran.r-project.org/
“https://bit.ly/rstudiodownload



Zexwewvtas ue Tnv R

Av Bev £xeTe Ypnowpomoinoe {ova Ty R oTo mapeAiov, mpoTeivoups va Eexiv-
oeTe amo Tny mpwTn evotnTa (Kegpadoia 1-8) Tou «R for Data Science»° Twv
Garrett Grolemund kon Hadley Wickham. Av kon To PifAio auTtd Sev kaAUTrTel
TO QUTIKEIPEVO TMS avaAucoTs yYpovooelpwy 1) Tns TpoPAeyns, fa cas eioayer
oTa Paoika Tns yAwooas R, kon ota makeTa tidyverse. EmmwAcov mpoTeiveTon
To SiadikTUakd péabnua (MOOC) «Coursera R Programming».*

ApnolgomolwvTas Tis agknoels Tou PifAiou autou, Ba paleTe Tws va ypnor-
puotoleiTe TNV R yia tnv mpoPAsyn xpovooeipawy.
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return overlay(RoundedRectangle(cornerRadius:
cornerRadius).strokeBorder(content, lineWidth: width))
}

} Mapaderypa: H tTpiunuala mapaywyn ymuvpas oty AveTpalia
struct CalcButtonStyle: ButtonStyle { I ] . 1 2 ! [
func nakeody (configuration: Configuration) => some View { To Zyfua 5.7 Seiyver 115 Tpels wpoaTes pefidBous omws auTés epappolovTanl oTa
configuration,label B v B ' v A
frane(width: 45, height: 45) Sebopéva Tns Tpunualos Tapaywyts umupas oty AuvcTtpaliia amd To 1992

.addButtonBorder(Color.gray)

s £wg To 2006, pe mis wpoPAiwels va ouykpivovTon pE TIS TPOYUOTIKES TIPES Twv
emopevay 3.5 ypdveov.

gradient: Gradient(
colors: [Color.white, Color.gray)

: .center,
startRadius: 0,

endRadius: 80 # Anm = e LT - — - T = -
: train =- aus_production %=%
} filtEF_il‘ldEH{ 1992 01° = "2806 0Q47)
struct SwiftCalcView: View { ¥ Moooaoudd ouvlUE T UOVTEA
@State private var accumulator = 0.0 X .
@State private var display = "* i beer fit =- train %%
@State private var memory = 0.0 { _
@State private var pendingOperation: Operator = .none mﬂle]_[
@State private var displayChange =
MEAMN (Beer),
func addDisplayText(_ digit: String) { .
if displayChange { = NAIVE(Beer),
display = "\(digit)" d
displayChange = false = ENAIHEIBEEF}
} else {
display += digit '
} —— Py cEE o S oz = T P T
) F AQUILOUVDY LO DEAEWEWLY VI O EMOUEWMT 15 i
beer_fc =- beer_fit %% forecast( 14}
T IR e T a - a ama om . e - k4
beer fc =%
0 etesnoon — .
autoplot(train, NULL) +
H 6.Intro to Controls: Text 6 Image a . E AT
o autolayer(filter index(aus production, “2887 01" - .},
(@ 6. intro to Controls: Text & image - -
more about the SwiftUl equivalents. I ' +
To do so, you'll work on Kuchl, a langua; ol
for the next five chapters. Enjoy! labs( MeyahiTpa®,
[IpoBAERELC V1O TPLUQVLZIQ TIEDOVWYN MO Do } +
Getting started ) .
First, open the starter project for this c guides( guide legend| Forecast®))
There's almost no user interface; only -
build and run, all you'll get is a blank v
O 7.Controls & User input In the Project Navigator, find the Welco y '
. New File. MpofAEYE yia Trv TpUnaia apaywyn Propac
In the popup that comes next, choose §
g Forecast
O & introducing Stacks & Contan = Mean
2.4 A naive
@
- u Seasonal naive
Then type WelcomeView.swift in the
have a blank new view 10 start with

O » St & Dota Flow Chlnm!h.mﬂm

Before doing amthing. you need 10

e =015

Quartpr

Zyhua 5.7: TpoPAdysrs 1ns Tpipunviaias Tapaywyt)s pripas oty Auctpalia.




5.11 Aoxknosig

. YmwoloyioTe Tis TpoPAéwels yiax TIS ETOUEVES XPOVOOEIPES YPT|OIUO-
TOWVTAS oToladfToTe omd Tis pefddous NAIVE(y), SNAIVE(y) 1
RW(y ~ drift()) slvar 1 xaToAAnAdTepn o k&fe mepimTwon:

® [TAnBuopds AucTpalias (global_economy)

TouPAa (aus_production)

Apvoi (New South Wales) (aus_livestock)

2uvnikes Arapiwons Noikokupicov (hh_budget).

Kukhos epyaociwov oTo ywpo Twv Tpogipywv Tns AvoTpolicg
(aus_retail).

2. XpnowoTroleioTe Tis TIpés TN peToyT)s Tns Facebook (data set gafa_stock)
yla va amavThoeTe oTa akohouba:

a. ZYEDIAOTE TNV XPOVOCEIPA TwV Bedopivay.

B. YwoloyioTe Tig wpoPAdéwels Tng Tiuns XpnoluotolwvTas TNy pefodo
TEPITAQYTIONS KOl OXEDIACTE T AMOTEALOUATA.

y. AeifTe 6T1 01 TTpOPALwels sivon 1B1es pe auTés TTou TpoKUTTTOUV Qv
ETEKTEIVETE TNV ypoupn peTaEU TNS TPWTNS Kol Tns TeAsuTaiag
TOPATTPTIOTS.

8. TpoowaffioTe va BokluGoeTe PEPIKES QTTO TIS UTTOAOITIES TUVAPTT)-
O£15 avapopas yia va utTroAoyioeTe Tis TpoPAsyeis oTo id1o ouvolo
Bedopévwv. Tlowa amd auTés mMoTeUeTe OTL eivon 1) koAUTepT; Na
Trolov Adyo;




5.12 Tlepaitépw peAéTn

Or Ord, Fildes kon Kourentzes (2017) mopéyouv Tepontéped avéiuon o
amAés peBoddous TPoPAsyNS avagopds.

Mia avaokdmnon Twv peBddwv aflohdynors mwpoPAéyewy SiveTon oTny
gpyacia Twv Hyndman ke Koehler (2006), 6mou efetalovrar Tar mhe-
OVEKTT|UOTO Kol ol aduvapies Twv SlagopeTikwy Tpooeyyioswy. AuTh
gival 1 gpyacia Tou seiofiyays To MASE ws pétpo akpipeias TpopAeyns
YEVIKOU OKOTroU.

Mo o avéduon oXeTIKE pe Tis TpoPAéyels TTou TPOKUTTTOUV PE XPToT
Tns STL, Beite Tnv epyaoia Tou Theodosiou (2011).

Mia efapeTikf) avdAuon yia Tnv afloAdynoTn Tns axpifeiag Twv Tpo-
BAéywewy kaTavoufis TapéyeTal amd Tous Gneiting kon Katzfuss (201 4).
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2.2 XpovodiaypdupaTa

Mo va amrelkovicoups Oedopevar XPOVOOEIpwY, TO TIPOPAVES YPAPNUX HE TO
oTroio PTTopoUME Va &eKviooups eivar €var ypovodidypappa. AnAadt, ol Tra-
paTNENoels oXed1A(OVTAl WS TUVAPTNOT TOU XPOVOU OTOV oTroio eugavifovTal,
Kol Ol BlXBOYIKES TTAPATNPNOELS TTOU EVCVOVTAL UeTXEU Tous pe eubleies ypap-
ués. To akdroufio 2xnua 2.1 deiyvel To TANBos Twv emPaTwy ToU TaE1deUouV
avd £BdOPAdN HETAEU TwV dUO PeyoAUTepwV TOAswv Tns AucTpolias pe Tnv
aepoTroplKT eTarpeiax Ansett Airlines.

Oa ypnolgoTToloUye TNV evToAN autoplot() apkeT& cuyxva. H evToArn auTr on-
uloupysl auTopaTa Hia KATGAANAN YPa@IKY) TTap&oTaon yla oTIdNToTe dobel
OTO TPWTO TNSG OPIOHC. 2& QUTN TNV TEPITTWON 1 €VTOAT avayvwpilel To
melsyd_economy ws Ml Xpovooelp& Kol dnuloupysl To avTioTolXo XPovodid-
Y POHH.

melsyd economy <- ansett %>%

filter(Airports == "MEL-SYD", Class == "Economy")
autoplot (melsyd economy, Passengers/1000) +
labs ( "EMBATEC 01KOVOU1IKAC B£on¢ tn¢ Ansett”,

"Melbourne-Sydney", "EmiBdtec (o€ X1A140eq) ")




N dbUA & AT LILjDZ
& LJ p OLJjDz
LjLINjDZ Dz

H ypagikn TTapdoTaon Tns XPOVOCEIPAS UAS, TTAPOoUo1lel GUECT UEPIKA TTOAU
EVOLAPEPOVTA XUPAKTTPITTIKL:

Ymnpée pia epiodos To 1989 oTrou dev peTagépbnkay kaBdAou emiPdTes
— auTO o@eiAeTan ot pia Blrounyavikn dlapdyn Tou EAaPe ywpax Tnv
Tepiodo auTn.

Ymnpée pia mepiodos pelwpévou aptbuou emifatv To 1992, AuTto ogel-
AOVTQY O¢ pIa DOKIUTN KAT& TNV OTroia OpIoUEVES OLKOVOMIKES Béoels avTi-
KaTaoTafnKay aTrd emIXEIPTMOTIKES.

Mia peydAn audénon Tou opifpou Twv emiPaTwy onuewdnke kaTd TO
OeuTepo eCapnvo Tou | 991.

YTAPYOUV UePIKES HEYGAES pelwoels Tou oplfuol Twv emPaTtwv oTny
apyn K&be éTous. AuTés ogeidovTal oTO Paivouevo Twy dlakoTrwy (Ka-
Aokaipt oTnv AucTpodia).

Ymapyxel gl pakpoTrpobeoun diakUpyavon TwV TIHWY TNS XPOVOoEelpas, Ol
oTroies augavovTal KaTa Tn dlapkelx Tou | 987, peiwovovtal 1o 1989 ko
tavd autdvovTtal To 1990 kaa To 1991

OTro100MToTE HOVTEAO Kal va Ypnolgomolnooups, Ba mpsmsl va AdPel umdwn
OAC QUTA TQ XOPOKTNPIOTIKA TTPOKEIUEVOU V& TIPOPALWEl XTTOTEAECUATIKA TO
HEAAOVTIKO ap1Bud Twv emifoaTwv.




IMapaderyua: AmracyoAnon oTov Topéa Tou Aiavikou eutropiov Twv HITA

Oa efeTdooupe apkeTes peBddous yia TN ANyn Twv ouvicTwowv S, T; kar R,
CPYOTEPT O AUTO TO KePAAXIO, wOTOCO, €ival XPNOIHO TTPWTX va doUue Eva
Tap&delypa. Oa avaAUucoupe Tov oplfpd Twvy aTOpwY TTOU XTTXCXOAOUVTal
oTO AMaviKS euTTOplo, OTTwS gaiveTal oTo 2xNua 3.5. Ta dedouéva deiyvouv To
OUVOAIKO pnviaio aplBud aTopwy ot XIAIADES TTOU ATTXOXOAOUVTAL OTOV TOMEX
Tou AtavikoU eutropiou Twv HITA amd to 1990.

us_retail employment <- us_employment %>%
filter(year(Month) >= 1990,

Q
_employment Title == "Retail Trade") %>%
Afadpl ;i Alj DI Dz select(-Series_ID)

autoplot(us_retail employment, Employed) +
labs ( "AnooYoAovpevol (Y1Aradbec)"
"YUVOA1KN amacX6Ancon 6To AlaViKO gumnoplo twv HIMA")




Mo va eegnynooupe Tis 10¢¢s, Ba ypnolpotoinooupe Tn pefodo avdAuong STL,
n omoia culnTteiton oty EvotTnTa 3.6.

demp <-
us_retail employment %>%
model ( STL(Employed))

components (dcmp)
#> # A dable: 357 x 7 [IM]

#> # Key: .model [1]
#> # Employed = trend + season _year + remainder
#> .model Month Employed trend season_year remainder
#> <chr> <mth> <dbl> <dbl> <dbl> <dbl>
#> 1 stl 1990 Jan 13256. 13288. -33.0 @.836
#> 2 stl 1990 Feb 12966. 13269. -258. -44.6
- #> 3 stl 1990 Mar 12938. 13250. -290. -22.1
#> 4 stl 1990 Apr 13012. 13231. -220. 1.05
. US employment #> 5 stl 1990 May 13108. 13211. -114. 11.3
A pu U A|j DA D7 1 iE& 6 stl 1990 Jun 13183. 13192. -24.3 15.5
#> 7 stl 1990 Jul 13170. 13172. -23.2 21.6
#> 8 stl 1990 Aug 13160. 13151. -9.52 17.8
#> 9 stl 1990 Sep 13113, 13131. -39.5 22.0
#> 10 stl 1990 Oct 13185. 13110. 61.6 13.2
#> # with 347 more rows, and 1 more variable:
#> #  season_adjust <dbl>

components(dcmp) %>% autoplot()




IMapadeaiyua: AmaoyoAnon otov Touéa Aiavikou eutropiov Twv HITA

To 2Zxnua 5.18 Odeiyvel naive TPoPAsyels yla T €TOXIKA TPOCUPUOTHUEV
dedopéva TNS amraoyOAnons oTov Topeéa Alavikng Tev HITA. AuTés oTn ouvéysia
«eTavaTpoodlopifouy TNV eTOXIKOTNTA» TPOCHETOVTOS TIS £TOXIaKES naive
TPOPRALWEIS TNS ETTOXICKTS CUVIOTWOOS.

us_retail _employment <- us_employment %>%

filter(year(Month) >= 1990, Title == "Retail Trade")
dcmp <- us_retail _employment %>%
model (STL(Employed ~ trend( 7), TRUE) ) %>%

components() %>% select(-.model)
demp %>%
model (NAIVE(season_adjust)) %>%

A4

zZ 1 forecast() %>% autoplot(dcmp) +

labs ( "Ap1Budc epyalopEvv",
"AnaoYOAncn oTto Alaviko gumoplo Twv HIA")




kabepid ammd TIS avoAudueves ouvioTwoes. Ol £TTOXIAKES TUVICTWOES TOU HO-
vTéAou Ba TTpoPAcpfoly auTdpaTa XPNOIHMOTIOIVTAS TT ouvdpTnot SNAIVE(),
eV Oev exel kaboploTel draopeTiko povTédo. H ocuvaptnon Ba kavel, emions,
TOV €TTAVATIPOCOIOPIOHO TNS ETTOXIKOTNTOS, dlacpoAilovTas 0Tl AcpuB&vovTal
Ol TTPOKUTITOUCES TIPOPALWELS TwV apXlKwV Oedodévwy. AuTd @aivovTal oTO
2ynua 5. 19.

fit dcmp <- us_retail employment %>%
model ( decomposition_model (
STL(Employed ~ trend( 7), TRUE),
NAIVE(season_adjust)

s_employment ))

Radp(Y: U Alj DI Dz 1 | REE

forecast() %>%

autoplot(us_retail employment) +
labs ( "Ap1Ouoc epyalopgvwv",
"AnacYoAnon oto AlavikKOe eumopilo twv HIA")




IMapadeiyuata

recent _production <- aus_production %>% filter(year(Quarter) >= 1992)
beer train <- recent production %>% filter(year(Quarter) <= 2007)

beer_fit <- beer_train %>%
model ( MEAN (Beer),
‘ ~ = NAIVE(Beer),
- = SNAIVE(Beer),

RW(Beer ~ drift()) )

beer_fc <- beer_fit %>% forecast( 10)
beer_fc %>%
autoplot(aus_production %>% filter(year(Quarter) >= 1992),
NULL) +
Labs ( "MeyaAitpa',
MpoBAEYeELC TpiunViIAiaC TOPAYWYAC MTOpac") +
guides ( guide legend( 'MpoBAeyn") )




To Zxnua 5.21 mapoucialel Téooepls pebodous TPOPAeywns Tou epapuolovTal
OTNY TPINVIxia TTapaywyn UTUpas oTny AucTpolia XPNOLHMOTIOIVTAS dedo-
HEva pdvo fws To TéAos Tou 2007. TlapoucialovTal, €Tions, Ol TPOYHATIKES
Tiwés yiax Tnv Tepiodo 2008-2010. YTmoloyiloups Ta péTpa akpifelas Twv
TPoPAéYewY yia auTnV TNy Trepiodo.

accuracy(beer fc, recent production)

MéBodog RMSE MAE MAPE MASE

MéBodos TTepimAavnons  64.90 58.88 1458 4.12
MéBoBos Méoou 38.45 34.83 8.28 2.44
MéBodog Naive 62.69 57.40 14.18 4.01
Mé0oGos Emroyiaxn Naive 14.31 13.40 3.17 0.94

H cuvdptnon accuracy() Ba egaydyel auTduaTa TIS OXETIKES TEPLODOUS OTTO
To dedopéva (recent_production o quTO To TTOPABEIYHA) Yia Vo Tapl&EEl TIS
TPORAEWELS KATA TOV UTTOAOYIONO TWV dlXPOPwWY PETPWY aKpielas.




A LJLjA NjA N1Jp

2Zuykpion ARIMA() ko1 ETS() o un sroxiaka dsdoMeva

MTropoUue Vo XPNOLHOTIOINCOUYE DIXCTAUPOUPEVT) ETTIKUPWOT] XPOVOCEIPWY YIX
va ouykpivoupe gva povTédo ARIMA kot éva povTédo ETS. Ag e€eTtdooupe Tov
TAnBucud Tns AuoTpadias omd TO CUVOAO dedoucvwy global economy, OTTwS
TapousidoTnKe oTny EvotnTa 8.2.

aus_economy <- global_economy %>%
filter(Code == "AUS") %>%
mutate( Population/1le6)

aus_economy %>%
slice(-n()) %>%
stretch_tsibble( 10) %>
model (
ETS(Population),
ARIMA(Population)
) %>%
forecast( 1) %>%
accuracy(aus_economy) %>%
select(.model, RMSE:MAPE)

o

aus_economy %>%
model (ETS(Population)) %>%
forecast( '5 years") %>%
autoplot(aus_economy %>% filter(Year >= 2000)) +
labs ( 'NMANBvopoc AvotpaAiacg", "AvBpwrol (o€ ekaTOppLPlA) ")







