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THE TRAVELING SALESPERSONS

Salesperson Years In Total Sales St Gender Avg D:scount CL!stonTer Training
ID Business (%) (%) Satisfaction Hours

I 2 200000 North Male NaN 3.5 400

2 5 550000 NaN Female NaN 4.0 50

3 10 980000 West Male 14.3 NaN 10

4 I 80000 North Female NaN 5.0 100

5 15 1600000 North Male NaN 45 10

6 7 900000 East Female NaN 42 5

7 20 2100000 South Male 10.1 25 200




THE TRAVELING SALESPERSONS

Yea'rs In Total Sales St Gender Avg D:scount CL!stom'er Training
Business ()] (%) Satisfaction Hours

2 200000 North Male NaN 3.5 400

5 550000 NaN Female NaN 4.0 50

10 980000 West Male 14.3 NaN 10

I 80000 North Female NaN 5.0 100

I5 1600000 North Male NaN 4.5 10

7 900000 East Female NaN 42 5

20 2100000 South Male 10.1 25 200
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MISSING VALUES

Yea'rs In Total Sales St Gender Avg D:scount CL!stom'er Training
Business ()] (%) Satisfaction Hours

2 200000 North Male NaN 3.5 400

5 550000 NaN Female NaN 4.0 50

10 980000 West Male 14.3 NaN 10

I 80000 North Female NaN 5.0 100

I5 1600000 North Male NaN 4.5 10

7 900000 East Female NaN 4.2 5

20 2100000 South Male 10.1 25 200




MISSING VALUES

Years In Total Sales e Gender Ct{stonw.er Training
Business (%) Satisfaction Hours

2 200000 North Male 3.5 400

5 550000 NaN Female 4.0 50

10 980000 West Male NaN 10

I 80000 North Female 5.0 100

15 1600000 North Male 45 10

7 900000 East Female 42 5

20 2100000 South Male 2.5 200




MISSING VALUES

Years In Total Sales e Gender Ct{stonw.er Training
Business (%) Satisfaction Hours

2 200000 North Male 3.5 400

5 550000 North Female 4.0 50

10 980000 West Male 3.95 10

I 80000 North Female 5.0 100

15 1600000 North Male 45 10

7 900000 East Female 42 5

20 2100000 South Male 2.5 200




STRATEGIES FOR MISSING VALUES

from sklearn.impute import KNNImputer
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WHY IS DATA MISSING!?

Missing Not At Random Missing At Random Missing Completely At Random
MNAR MAR MCAR
Probability of missing X depends Probability of missing X does not Probability of missing X does not
on the value of X depend on the value of X, but depend on any features at all

may depends on other features
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OUTLIERS




OUTLIERS
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TRANSFORMING SKEWED DATA

2

Transform left-skewed data with e* or x Transform right-skewed data with log(x) or v/x



TRANSFORMING SKEWED DATA
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Years In Total Sales e Gender Ct{stonw.er log(Training
Business (%) Satisfaction Hours)
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THE BOXPLOT QUIZ
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SCALING

Years In Total Sales e Gender Ct{stonw.er log(Training
Business (%) Satisfaction Hours)

2 200000 North Male 3.5 5.99

5 550000 North Female 4.0 3.91

10 980000 West Male 3.95 2.30

I 80000 North Female 5.0 4.6l

I5 1600000 North Male 45 2.30

7 900000 East Female 4.2 1.61

20 2100000 South Male 25 5.30




DIFFERENT TYPES OF SCALING

from sklearn.preprocessing import MinMaxScaler

from sklearn.preprocessing import StandardScaler



SCALING

Years In Total Sales e Gender Cu;tomgr log(Training
Business )] Satisfaction Hours)

-0.89 -1.06 North Male -0.61 1.46

-0.45 -0.54 North Female 0.07 0.13

0.30 0.09 West Male 0.00 -0.91

-1.04 -1.23 North Female .42 0.57

1.04 1.0l North Male 0.75 -0.91

-0.74 -0.02 East Female 0.34 -1.35

1.79 1.74 South Male -1.97 1.02

They're the same
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DEALING WITH STRINGS

Years In Total Sales e Gender Ct{stonw.er log(Training
Business (%) Satisfaction Hours)

-1.05 -1.06 North Male -0.61 1.46

-0.58 -0.54 North Female 0.07 0.13

0.20 0.09 West Male 0.00 -0.91

-1.20 -1.23 North Female .42 0.57

0.98 1.0l North Male 0.75 -0.91

-0.11 -0.02 East Female 0.34 -1.35

1.76 1.74 South Male -1.97 1.02




WHAT MAY STRINGS REPRESENT?




BAG OF WORDS
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from sklearn.feature_extraction.text import CountVectorizer
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ONE-HOT ENCODING
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ONE-HOT ENCODING

Years In Total Sales Region Region Region Region Gender Customer  log(Training
Business )] North West East South Male Satisfaction Hours)

-1.05 -1.06 0 0 0 I -0.61 1.46

-0.58 -0.54 0 0 0 0 0.07 0.13

0.20 0.09 I 0 0 I 0.00 -0.91

-1.20 -1.23 0 0 0 0 .42 0.57

0.98 1.0l 0 0 0 I 0.75 -0.91

-0.11 -0.02 0 I 0 0 0.34 -1.35

1.76 1.74 0 0 I I -1.97 1.02
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FEATURE ENGINEERING

Years In Total Sales Region Region Region Region Gender Customer  log(Training
Business )] North West East South Male Satisfaction Hours)

-1.05 -1.06 I 0 0 0 I -0.61 1.46

-0.58 -0.54 I 0 0 0 0 0.07 0.13

0.20 0.09 0 I 0 0 I 0.00 -0.91

-1.20 -1.23 I 0 0 0 0 .42 0.57

0.98 1.0l I 0 0 0 I 0.75 -0.91

-0.11 -0.02 0 0 I 0 0 0.34 -1.35

1.76 1.74 0 0 0 I I -1.97 1.02




CORRELATION MATRIX

data.corr()

Correlation Matrix Heatmap
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AND WITH OUR NEW FEATURE

Years In Sales/Years Region Region Region Region Gender Customer  log(Training
Business North West East South Male Satisfaction Hours)

-1.05 -0.30 0 0 0 -0.61 |.46

-0.58 0.44 0 0 0 0.07 0.13

0.20 -0.45 I 0 0 0.00 -091

-1.20 -1.78 0 0 0 1.42 0.57

0.98 0.20 0 0 0 0.75 -0.91

-0.11 1.82 0 I 0 0.34 -1.35

1.76 0.07 0 0 I -1.97 1.02




CORRELATION MATRIX (AGAIN)

Correlation Matrix Heatmap
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OUR FINAL DATA MATRIX

Salesperson YeaI's In Total Sales Region Gender Avg D:scount CLIstonIer Training
ID Business (%) (%) Satisfaction Hours
I 2 200000 North Male NaN 3.5 400
2 5 550000 NaN Female NaN 4.0 50
3 10 980000 West Male 14.3 NaN 10
4 I 80000 North Female NaN 5.0 100
5 I5 1600000 North Male NaN 4.5 10
6 7 900000 East Female NaN 4.2 5
7 20 2100000 South Male 10.1 2.5 200
Years In Sales/Years Region Region Region Region Gender Customer  log(Training
Business North West East South Male Satisfaction Hours)
-1.05 -0.30 I 0 0 0 -0.61 1.46
-0.58 0.44 I 0 0 0 0.07 0.13
0.20 -0.45 0 I 0 0 0.00 -0.91
-1.20 -1.78 I 0 0 0 1.42 0.57
0.98 0.20 I 0 0 0 0.75 -0.91
-0.11 1.82 0 0 I 0 0.34 -1.35
1.76 0.07 0 0 0 I -1.97 1.02




* Explain why data preparation is necessary

* Explain the steps needed to prepare a dataset

* Prepare a dataset for use in ML models in sklearn
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