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Anadlise de Dados

A analise de dados é& o processo de manipulacdo de dados
através de ferramentas computacionais e estatisticas, de
modo a buscar informagdes relevantes que auxiliam a tomada

de deciséao.
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Tipos de analise de dados

Anahsta de Dados Cientista de Dados
bescritiva>> Diagnéstica>> Preditiva Prescritiva
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Desenvolvimento da Analise

Descritiva :Diagnés‘tica Preditiva N Preseritiva

1. Problema de negdcio:

1. O resultado da acdao fol positivo ou negativo?
2. Por que os resultados foram esses?

3. Como tomar uma decisao?
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Desenvolvimento da Analise

Deseritiva D?agnéstica Preditiva Prescritiva

Descrever o comportamento dentro de um escopo;
Diagnosticar os motivos que produzlram OS
comportamentos;

Prever o comportamento baseado em histdérico;
Prescrever/orientar acdes para alcancar as metas
do negdcio.
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> De$critivo>> biaﬂnéstic> PreditEVQ>> PrescritEVO>

Fornece um resumo simples de uma planilha de dados,

através de indicadores, graficos e tabelas.

Faturamento ALISENCIAS

- Cia Adrea
.

11:10)

Gol

11:15

Az

1:20

Gol

12:40]

Latam

1245




| omn
W8 INSTITUTO FEDERAL

IIIII e
Andlise Descritiva

IQR
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Median

Realiza a exploracao
inicial dos dados,

-40 -30 -20 -1lo 0o 10 20 30 40
-2.6980

permitindo a compreensao 067450 — 0.67450 2.6980

da distribuicg¢do, wvalor
central e dispersdo dos
dados, além da presenca
de possiveis outliers.
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Caracteristicas

Resumo de dados:

O Medidas de tendéncia central:

m Média,
O Medidas de dispersdao:

m Desvio padrdo e Variancia.

Visualizacdo de dados:
0 Relacdo entre variaveis.
Identificacdo de padrdes.

(11

BE INSTITUTO FEDERAL
BEE sioPavlo

BE  CimpusSalto

Moda e Mediana;
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Ferramentas

> Descn’c.\/o>> D\agnost|c>> Predi tIVO\>> Prescr|t|Vo>

Planilha de céalculos: Excel, Google Sheets;

2. Softwares estatisticos: SPSS, Stata; E
3. Software de visualizacdo de dados: Tableu, Power BI Google Sheets
4. Linguagem de programacdo: Python, R a

+++ob|eou

= D SPSS

®e i
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Analise Diagndstica

Descritiva b?agnés‘tica Preditiva N Preseritiva

Busca:
®¢ entender os motivos ou causas por tras de
determinado fendmeno ou resultado.

e identificar padrdes e relagdes nos dados que

podem explicar mudancas ou tendéncias
observadas.

11
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> Descritiva )} Diagnéstica/\ Preditiva ) Prescritiva )

// y ., /

/

/

® Investigativa:

/

—

O Buscando entender as causas subjacentes
de um fendmeno ou problema.

® Baseada em Hipdteses:

O Uma hipdbtese é proposta e a analise é ‘.
usada para testar ela.

12
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Caracteristicas

Descritiva )) D}agnés‘tica Y Preditiva N Preseritiva

® Uso de dados histéricos:
O Identificar tendéncias, padrdes e relacdes
que podem explicar os resultados atuais.
® Analise Multivariada:

O Pode envolver multiplas variaveis ao mesmo
tempo, com interacdes complexas que podem
estar influenciando um resultado.

®@ Interpretacdo cuidadosa.

13
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Ferramentas
Descritiva b?agnés‘tica Preditiva Y Prescritiva
® Andlise de regressdo: " B e e e
© Identificar a relacdao entre>“:3;;@§“§‘“ﬁ”
varidveils dependentes e ——

independentes;
® Anadlise de correlacdao:
0 Determinar a relacdo entre duas

ou mais variaveis;
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- Ferramentas

> De$critivo>> biagnéstic> PreditEVQ>> Prescritiva

®@ Andlise de cluster:

O Agrupa por caracteristicas

semelhantes; 3 o
¢ Anidlise de causa e efeito (Diagrama

de Ishikawa): R [ -

0 Proporciona uma visdo ampla e '2 "”*’ 2
identificacdo de possiveils causas f*ﬁ‘;"
de um problema. =

15
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Analise Preditiva

Descritiva )) D}agnés‘tica N Preditiva 'Y Preseritiva

® Analise estatistica que tem como objetivo prever
resultados futuros com base em dados histdéricos e
técnicas de modelagem.

® Coleta de dados >> modelo estatistico >> Previséao

16



(11

BE INSTITUTO FEDERAL
BEE sioPavlo

BE  CimpusSalto

Caracteristicas

Descritiva :Diagr\éstica Preditiva Prescritiva

Baseada em modelos: Estatisticos e de Machine Learning.
Usa histdérico de dados: Treinamento dos modelos.

Multivariavel:
Consideram a interacdo entre muitas variaveis.

Preditiva, mas ndo infalivel:
Sempre ha um grau de incerteza.

Orientada para a acéao:

Resultados orientam a tomada de deciséao. -
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Ferramentas

Descritiva b?agnés‘tica Preditiva N Preseritiva

1. Python: Pandas, NumPy, Sci-kit Learn.
2. R: Anadlise estatistica e graficos.
3. SAS: Statistical Analysis System (financeiro e saude).

4. SPSS: Software de facil usabilidade e com ampla gama de
ferramentas disponiveis.

5. Excel: Aplicado gquando ndo se requer técnicas
estatisticas avancadas.

18
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Andlise Prescritiva

Deseritiva DIagnést?ca Preditiva Prescritiva

Fornece recomendacdes sobre o que deve ser feito,
utilizando técnicas avancadas que levam em consideracéo
uma variedade de cenarios e possiveis resultados, para
ajudar os tomadores de decisdo a entender as

implicacdes de diferentes cursos de acao.

19
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Caracteristicas

Descritiva | b}agnéstica Preditiva N Preseritiva

Recomendacdes de acao;

Consideracdo de diferentes cenarios;
Otimizacdo de operacdes;

Auxilio a tomada de deciséao;

Adaptacao a mudancas nas condicdes: pode 1ncorporar

novos dados a medida que se tornem disponiveis.

20
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Ferramentas

Descritiva b?agnés‘tica Preditiva N Preseritiva

Softwares de modelagem: Python, R, SAS, SPSS
Ferramentas de otimizacdo: Gurobi, CPLEX

Ferramentas de simulacdo: Simul8, AnyLogic

Ferramentas de visualizacdo de dados: Tableau, Power BI

Plataformas de machine learning: Azure ML, Amazon SageMaker

21
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Previsdo de passageliros futuros
Forecasting Future Passengers

- an Forecasting Future
Passengers "

using Auto ML (PyCaret)

22


https://www.kaggle.com/code/caesarmario/forecasting-future-passengers-w-pycaret
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Previsdo de passageliros futuros
Forecasting Future Passengers

Problema:

€& necessario prever passageliros futuros apds 1960.

23
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Previsdo de passageliros futuros
Forecasting Future Passengers

Dataset Description B

= There are 2 variables in this data set namely:

¢ Month, and

o #Passengers.

- The following is the structure of the data set.

f
Month Date of i 1949-01; 1949-02; ...
(yyyy-mm format).

#Passengers Total air passengers  112; 118; ... 24
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- Previsdo de passageliros futuros
Forecasting Future Passengers

~—NCARET

PyCaret is an open-source machine learning package written in low-code that enables Data Scientists
to automate their machine learning processes. It reduces the model experimentation process, allowing

for the achievement of specific outcomes with less code.

25
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1.3 | Quick Overview of PyCaret Classification Module %

The time series forecasting module in PyCaret (pycaret.time_series.setup) is a machine learning module that is used to

handle time series analysis problems. With PyCaret, a data scientist/user can do forecasting with several models, namely:

Seasonal Naive Forecaster,
» Exponential Smoothing,

* ARIMA,

Polynomial Trend Forecaster,

! N\
K Neighbors w/ Cond. Deseasonalize & Detrending, :

Linear w/ Cond. Deseasonalize & Detrending,

Elastic Net w/ Cond. Deseasonalize & Detrending,

» Ride w/ Cond. Deseasonalize & Detrending,

Lasso Net w/ Cond. Deseasonalize & Detrending,
26

Extreme Gradient Boosting w/ Cond. Deseasonalize & Detrending, and more.
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- Previsdo de passageiros futuros
Forecasting Future Passengers

# --- Importing Libraries ---
import datetime

import numpy as np

import pandas as pd

import warnings

import pycaret

import kaleido

import plotly.express as px

from pycaret.time_series import *
from pycaret.utils import enable_colab

# --- Libraries Settings ---
warnings.filterwarnings('ignore')
enable_colab() 27
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Previsdo de passageiros futuros

Forecasting Future Passengers
() 2
# --- Reading Dataset ---
df = pd.read_csv('../input/air-passengers-forecast-dataset/AirPassengers.csv’)

df .head() .style.background_gradient(cmap='Blues').set_properties(**{'font-family': 'Segoe UI'}).h
ide_index()

: Dataset Details :.

kkkkkkkkkkkkkkkkkkkkkkkkkkkkkk

<class 'pandas.core.frame.DataFrame'>
.. Imported Dataset Info :.

Month #Passengers KhKEKKKKKKRKKKKKIKKKRKKK KKK KK h KK RangeIndex: 144 entries, @ to 143
R [ i e M Data columns (total 2 columns):
; # Column Non-Null Count Dtype
1949-02 118 Total Columns: 2
kkkkkkkkkkkkkkkkkkkkkkkkkkkkkk TTT TTTTTT mee———————————————
1949-03 |ME¥ ;
® Month 144 non-null object
1943-04 R 1  #Passengers] 144 non-null int64
1949-05 dtypes: int64(1), object(1) 28

= -
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G <2
# --- Descriptive Statistics
df .describe().T.style.background_gradient(cmap='GnBu').set_properties(**{'font-family': 'Segoe U

I'})

count mean std min 25% 50% 75% max

#Passengers  144.000000 280.298611 119.966317 104.000000 180.000000 265.500000 360.500000 622.000000

29
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7 N
# --- Change 'Month’' Column Type to datetime ---
df['Month'] = pd.to_datetime(df[ 'Month'])

o K2
# --- Set "Month  Column as Index ---
df.set_index('Month', inplace=True, drop=True)
df .head(3).style.background_gradient(cmap='Blues’').set_properties(**{'font-family': 'Segoe U
I'}).hide_index()

#Passengers
112
118

29
IJL 30
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5. | PyCaret Setup &

This section will implement PyCaret by calling TimeSeriesExperiment() function.

For experiment purposes, the number of folds that used in cross validation will be set to 3 and the forecast horizon used will be set

to 12 (last 12 points in the dataset will be set as test).

D <>

s = setup(df, fh = 12, fold = 3, session_id = 123)

31
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# --- Setup PyCaret --- Description Value
s = setup(df, fh = 12, fold = 3, session_id = 123) 0 SeASON K i
1 Target #Passengers
2  Approach Univariate
3  Exogenous Variables Not Present
4  Data shape (144, 1)
5  Train data shape (132, 1)
6 Test data shape (12, 1)
7 Fold Generator ExpandingWindowSplitter
8 Fold Number 3
9  Enforce Prediction Interval  False
10 Seasonal Period(s) Tested 12

32
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# --- Perform Statistical Test ---
check_stats()

Test

Summary
Summary
Summary
Summary
Summary

Summary

A O A& W N = O

Summary

Test Name
Statistics
Statistics
Statistics
Statistics
Statistics
Statistics

Statistics

Data

Actual
Actual
Actual
Actual
Actual
Actual

Actual

Property Setting
Length

Mean

Median

Standard Deviation

Variance

Kurtosis

Skewness

o

Value

144.0
280.298611
265.5
119.966317
14391.917201
-0.364942
0.58316

From the statistical test results above, it can be concluded that:

» The series is not stationary (ADF p-value more than 0.05)

» The series is not adequate (Ljung-Box p-value less than 0.05)

(11}
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L2
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# --- Time Series Plot ---
plot_model(plot = 'ts', fig_kwargs = {'hoverinfo': 'none', 'big_data_threshold': 15})

Time Series | Target = #Passengers

#Passengers

600~
500-
400~
300~
200~

100~

1 1 1 1] 1 ' 34
1950 1952 1954 1956 1958 1960
.
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Forecasting Future Passengers

(D)

# --- Train & Test Plot ---

plot_model(plot = 'train_test_split',6 fig_kwargs = {'hoverinfo': 'none', 'big_data_threshold’

5})

Train Test Split

o Train

600~ /\ o Test
500~

3
400~

300~

Values

200~

100-

| ' | ' ' |
1950 1952 1954 1956 1958 1960

B Time
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<o

# --- CV Plot ---
plot_model(plot = 'cv', fig_kwargs = {'hoverinfo': 'none', 'big_data_threshold’: 15})

Train Cross-Validation Splits

Windows
8

| ' ' ) ' '
1950 1952 1954 1956 1958 1960

Time
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Previsdo de passageliros futuros
Forecasting Future Passengers

Ay N7
# --- Diagnostic Plot ---
plot_model(plot = 'diagnostics', fig_kwargs = {'hoverinfo': 'non
e', 'big_data_threshold': 15})
Time Plot Periodogram
600- 60
40-
400' 20-
0o M 0_\/\/\_/\/\,,1\,.\
1950 1955 1960 0 02 0.4

Histogram

PDF
- N
o o
| |
le Quantities
N B O
o O O
o O O O
1 1 1 1
L ]
-
L

0- ] | 1 | | 1
200 400 600$ -2 0 2
= RangeAdtfvalues : TheoretiPAJuantities
0.5- ||I|“IIII”IIIIIHIII 0.5-
0- 0-
-0.5- -0.5-
=1 1 ' 1 1 | =L 1 1 | ' |
0 5 10 15 20 0 5 10 15 20 37
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Classical Decomposition (additive) | #Passengers
Seasonal Period = 12

A N7 600~ >
# --- Showing Decomposition Plots --- 400- MAJWV/\J\M 8
plot_model(plot = 'decomp', fig_kwargs = {'hoverinfo': 'none', 'bi 200- o

g_data_threshold': 15}) ; : ' : : :
plot_model(plot = 'decomp', data_kwargs={'type': 'multiplicativ 50 - §
o ] f/\ff/\'f/\r’/\'f/\/f/\'f/\'f/\'f/\'f/\/f/\'f/\r g
fig_kwargs = {'hoverinfo': 'none', 'big_data_threshol -50- g
|} I I I I I —

di: S 15))

plot_model(plot = 'decomp_stl', fig_kwargs = {'hoverinfo': 'non zgg: sl
—
e','big_data_threshold': 15}) 300- g
200- Q

100- ' ' ' ' ' |
50- o. (% g
L e . ‘n: -, . o < Ly 2 2.
0- .o .-. ..~ o s o~. :\ 0....\~ '..N o \w.- e . .:' -" * g

% . Fd e .'. ® .
-50- - ' ' ' ' ' ' e

1950 1952 1954 1956 1958 1960
38
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Forecasting Future Passengers

# --- Time Series Models ---

models()

ID

naive
grand_means
snaive
polytrend
arima
auto_arima
exp_smooth
croston

ets

theta

tbats

bats

Ir_cds_dt

en_cds_dt

Name

Naive Forecaster

Grand Means Forecaster
Seasonal Naive Forecaster
Polynomial Trend Forecaster
ARIMA

Auto ARIMA

Exponential Smoothing
Croston

ETS

Theta Forecaster

TBATS

BATS

Linear w/ Cond. Deseasonalize &
Detrending

Elastic Net w/ Cond. Deseasonalize &
Detrending

Reference

sktime forecasting.naive NaiveForecaster
sktime forecasting.naive NaiveForecaster

sktime forecasting.naive NaiveForecaster

sktime forecasting.trend.PolynomialTrendForeca...

sktime forecasting.arima ARIMA

sktime forecasting.arima. AutoARIMA

sktime forecasting.exp_smoothing ExponentialSm...

sktime forecasting.croston.Croston
sktime forecasting.ets AutoETS

sktime forecasting.theta. ThetaForecaster
sktime forecasting.tbats. TBATS

sktime forecasting.bats BATS

pycaret.containers.models.time_series. BaseCdsD...

pycaret.containers.models.time_series BaseCdsD ...

Turbo

True
True
True
True
True
True
True
True
True
True
False

False

True

39
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# --- Compare Models ---
best =

Previsdo de passageiros futuros

Forecasting Future Passengers

compare_models()

exp_smooth

et _cds_dt

huber_cds_dt

arima

catboost_cds_dt

ridge_cds_dt

P

Model

Exponential
Smoothing

Extra Trees w/
Cond.
Deseasonalize
& Detrending

Huber w/ Cond.

Deseasonalize
& Detrending

ARIMA

CatBoost
Regressor w/
Cond.
Deseasonalize
& Detrending

Ridge w/ Cond.

Deseasonalize
& Detrending

MAE

17.1926

19.4653

20.0334

20.0069

20.9112

20.6086

RMSE

20.1633

24.1050

25.9670

22.2199

26.8907

25.4405

MAPE

0.0435

0.0484

0.0491

0.0501

0.0505

0.0509

SMAPE

0.0439

0.0484

0.0499

0.0507

0.0509

0.0514

MASE

0.5852

0.6602

0.6813

0.6830

0.7106

0.7004

RMSSE

0.6105

0.7288

0.7866

0.6735

0.8146

0.7703

R2

0.8918

0.8459

0.8113

0.8677

0.8085

0.8215

1T
(Sec)

0.0933

0.5300

0.0400

0.4833

1.6933

0.0300
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# --- Plot Forecasting Performance & Insample ---

plot_model(best, plot = 'forecast', fig_kwargs = {'hoverinfo': 'none', 'big_data_
threshold': 15})

plot_model(best, plot = 'insample', fig_kwargs = {'hoverinfo': 'none', 'big_data_

threshold': 15})

Actual vs. 'Out-of-Sample' Forecast | #Passengers Actual vs. 'In-Sample' Forecast | #Passengers
—=— Forecast | Exponential Smoothing —e— Forecast | Exponential Smoothing

600 - ~—e— Original 600~ ~—e— Original

500- 500-
$  400- o 400-
=2 =
S s

300- 300-

200- 200-

100~ 100-

' 1 ' ' ' ' 1
1950 1955 1960 1950 1955 1960 4

| Time Time



Values

800~

700~

600-

500~

400~

300~

200~

100-

|
1950

Previsdo de passageiros futuros
Forecasting Future Passengers

Actual vs. 'Out-of-Sample' Forecast | #Passengers

1955

1960

1965

~=— Forecast | Exponential Smoothing
~e— Original

# --- Forecast Plot 68 points ---

plot_model(best, plot = 'forecast', data_kwargs = {'fh':

(11}
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60},

fig_kwargs = {'hoverinfo': 'none', 'big_data_threshold': 15})
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6. | Saving Model =

Since exponential smoothing is the best forecasting model, will save the model in pickle (. pk1) file for future production.

save_model(best, 'exp_smooth_final_model')

43
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