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Big Data Analytics Capabilities for Self-
Reported Data

Abstract

With the huge increase in the huge data spread on websites, the
process of capturing this data, analyzing it and extracting statistical
results from it has become a necessary and useful matter for
companies working in this field in order to create a competitive
environment and invent new ideas that help achieve customer
requirements and thus achieve profit.

This research aims to use data analysis tools in order to generate
analytical and statistical reports that can help and support
decision—makers and companies in enhancing the dynamic ability
to adapt to the evolving work environment, and the use of two
basic algorithms for forecasting time series (XGBOOT - Auto
Regressive) and comparison between them and then integrating
the result of the first algorithm in the second algorithm and discuss

the results.

Key words: Big Data Analytics — Machine Learning — data mining

— Dynamic capabilities — environmental uncertainty.
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Frn(X) = Fn1(X) + omhm (X, 1),
where o;, and 7; are the regularization parameters and residuals computed with the i tree respectfully, and h;
is a function that is trained to predict residuals, r; using X for the i" tree. To compute «; we use the residuals
m

computed, 7; and compute the following: arg min = E L(Y;, Fi 1 (X;) + ah;(X;, ;1)) where
a

LY, F(X))isa differemii;;\s loss function.
:(Criteria for trade—offs between models) dlalially (bl julae

adiely g fiiall malaill ay Aliadl) anl Lyl e Sy Badate julas cllia
A bl e Sl

(Root Mean Squared Error RMSE) ¢ Uai¥) Cilay e Jagia jia

Aadlly sl G (@))sdl)) ity Cilag e g sane Al anpll Hial) 4g)

c[12] claaliadl saal dsaaal

87



L3 Bl giall o ) adia (& dadudal) cliLnll Ablasl) <l jail) aladdic

: IS (e gilolaa s Auiall Aadlly Aumiall Al (p GiadY) (el aasiey

I m
[ & I
RMSE(X,h) = !_Z (h(x(®) — y®)2,
1.‘| i v

Aial) Aol oo h(X): o Gy
Anal) el o y(i)
Glaaliall 2ae M
lgida i8liag G_mm -4
1ailiae CSV il Caldl aodid Cua G i) (e Gl e Jgaall
dudirecords  CBaul) s Aesana e (5015 1(Weather) udhll cilily

A dyshally 3hall Glayag # Ll dejus bl e @lily paii 8760 axe
2020 ole

dulirecords  claull (40 desana e (g4iai (Products) chlatie s lily
ele 15 P g Al calially o))

map reduce 4iyk oladiul elastic search ) cilala) oda Jlaa) &5
Dashboard ¢Li) dal ;e Kibana alasiu) & & (a5 « HAdOOP  ae diasadll

e O Gl ae Ailany) il Gage L a5 cile JS Aals

88



il a2 Maa Jig 2023 e 11 2l 45 dlaal) Gl draly Alya

Jwsda aladiuly laaa ol Auto recursive  Zoa) jlsal) A cp A5)l6a e ha) A (g
JAa Glyaia sae aladiuly Xgboost 4w lsal) e Leaed (g ¢ Ll aaly Jao
ccangdl il gl

I Ot

Weather Data Jua gilis

& elastic
= . Dashboard  wearher_Dashboard ./ Fullscreen  Share  Clone & Edit
B) v Search KoL [ v Jan1,2020 @ 00:00:10.21 - Dec 31,2020 @ 23:30:00.00 |G
@ +Add filter
Temp Count DewTemp
g
N AL L)
g I A 1WAy " g
§ | | kI‘I" H
¥ Sy Wi i
g Al | 3
i "1 Ha 1 H
= U %
1
EH

Count of records

dateTime per day

| f
B ". .....

2020 sl Pha (puilally dileiall ULl ppes S8 Jiag
psaly (sl Ll
ol g Byhall i Jame Cn Js¥) IS
Olall e Jiay  SGEI JS)

Al oS Jare Gaw ) s
89



003 Bl ghal) g Ul pean (b Aaducal) cilipal) Adactl) ) o) afadiies

W Ao 5t sy el JSA)
(&) = sl — e — i) Gl it o bl JA0

Al dagil) sl (20 <= Ll depu) 23me 8 (el aay

@ clastic

= . Dashboard  wearher_Dashboard ./ Full screen  Share  Clone & Edit

B v windSpeedkmh >= 20 KoL [~ Jan1,2020 @ 00:00:10.21 + Dec 31,2020 @ 23:30:00.00 C Refresh

@+ Addfitter

Temp Count DewTemp

Ay 2,350

Count of records

Median of tempC
Median of dewPeintTemp

dateTime per day dateTime per day
Visibiltiy wind speed weather
£
g g
£ i B
[ ] | 8
£ . ‘ \ ” ; ¢
2 | 3 2
5 p -
- | 3 5
5 M
§ 3 H
i 5% il
3 b b.....
2 \
dateTime per day dateTime per day Top values of weather

dane il 3l aey pailally Ailaial) Ll JSED Sy

owda e aldeWh ) all Ay ill auto recursive 4 led aladiul &

el (alpeialg asd aslg JAa

90



saiad) asg Maa Jig 2023 e 11 2l 45 dlaal) Gl draly Alya

% Figure 1 - X

Predictions by AutoRegressive (AR) model

— Test
Prediction p.‘
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[876 rows x 9 columns]
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%1 Figure 1 - X

Predictions by AutoRegressive (AR) model
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