
ML Practice:

Certain Machine Learing models will be applied to predict the price of a used car.

Importing the libraries:

Pandas

Numpy

Scipy

Plotly

Seaborn

Matplotlib

Importing the dataset:

The source of the dataset used for forecasting is: 1985 Auto Imports Database

Displaying some observations from the dataset:

0 1 2 3 4 5 6 7 8 9 ... 16 17 18 19 20 21 22 23 24 25

0 3 ? alfa-romero gas std two convertible rwd front 88.6 ... 130 mpfi 3.47 2.68 9.0 111 5000 21 27 13495

1 3 ? alfa-romero gas std two convertible rwd front 88.6 ... 130 mpfi 3.47 2.68 9.0 111 5000 21 27 16500

2 1 ? alfa-romero gas std two hatchback rwd front 94.5 ... 152 mpfi 2.68 3.47 9.0 154 5000 19 26 16500

3 2 164 audi gas std four sedan fwd front 99.8 ... 109 mpfi 3.19 3.40 10.0 102 5500 24 30 13950

4 2 164 audi gas std four sedan 4wd front 99.4 ... 136 mpfi 3.19 3.40 8.0 115 5500 18 22 17450

5 rows × 26 columns

Viewing the dataset after including the headers to the columns:

symboling normalized-
losses make fuel-

type aspiration num-of-
doors

body-
style

drive-
wheels

engine-
location

wheel-
base ... engine-

size
fuel-

system bore stroke compression-
ratio horsepower peak-

rpm
city-
mpg

highway-
mpg price

0 3 ? alfa-
romero gas std two convertible rwd front 88.6 ... 130 mpfi 3.47 2.68 9.0 111 5000 21 27 13495

1 3 ? alfa-
romero gas std two convertible rwd front 88.6 ... 130 mpfi 3.47 2.68 9.0 111 5000 21 27 16500

2 1 ? alfa-
romero gas std two hatchback rwd front 94.5 ... 152 mpfi 2.68 3.47 9.0 154 5000 19 26 16500

3 2 164 audi gas std four sedan fwd front 99.8 ... 109 mpfi 3.19 3.40 10.0 102 5500 24 30 13950

4 2 164 audi gas std four sedan 4wd front 99.4 ... 136 mpfi 3.19 3.40 8.0 115 5500 18 22 17450

5 rows × 26 columns

Repalcing "?" with np.NaN to address the missing values later:

Before Replacing the "?" with the np.NaN:

symboling normalized-
losses make fuel-

type aspiration num-of-
doors

body-
style

drive-
wheels

engine-
location

wheel-
base ... engine-

size
fuel-

system bore stroke compression-
ratio horsepower peak-

rpm
city-
mpg

highway-
mpg price

0 3 ? alfa-
romero gas std two convertible rwd front 88.6 ... 130 mpfi 3.47 2.68 9.0 111 5000 21 27 13495

1 3 ? alfa-
romero gas std two convertible rwd front 88.6 ... 130 mpfi 3.47 2.68 9.0 111 5000 21 27 16500

2 1 ? alfa-
romero gas std two hatchback rwd front 94.5 ... 152 mpfi 2.68 3.47 9.0 154 5000 19 26 16500

3 2 164 audi gas std four sedan fwd front 99.8 ... 109 mpfi 3.19 3.40 10.0 102 5500 24 30 13950

4 2 164 audi gas std four sedan 4wd front 99.4 ... 136 mpfi 3.19 3.40 8.0 115 5500 18 22 17450

5 rows × 26 columns

After Replacing the "?" with the np.NaN:

symboling normalized-
losses make fuel-

type aspiration num-of-
doors

body-
style

drive-
wheels

engine-
location

wheel-
base ... engine-

size
fuel-

system bore stroke compression-
ratio horsepower peak-

rpm
city-
mpg

highway-
mpg price

0 3 NaN alfa-
romero gas std two convertible rwd front 88.6 ... 130 mpfi 3.47 2.68 9.0 111 5000 21 27 13495

1 3 NaN alfa-
romero gas std two convertible rwd front 88.6 ... 130 mpfi 3.47 2.68 9.0 111 5000 21 27 16500

2 1 NaN alfa-
romero gas std two hatchback rwd front 94.5 ... 152 mpfi 2.68 3.47 9.0 154 5000 19 26 16500

3 2 164 audi gas std four sedan fwd front 99.8 ... 109 mpfi 3.19 3.40 10.0 102 5500 24 30 13950

4 2 164 audi gas std four sedan 4wd front 99.4 ... 136 mpfi 3.19 3.40 8.0 115 5500 18 22 17450

5 rows × 26 columns

Getting some insight about the dataset:

Figuring out the data type of each column:

data_type

column

symboling int64

normalized-losses object

make object

fuel-type object

aspiration object

num-of-doors object

body-style object

drive-wheels object

engine-location object

wheel-base float64

length float64

width float64

height float64

curb-weight int64

engine-type object

num-of-cylinders object

engine-size int64

fuel-system object

bore object

stroke object

compression-ratio float64

horsepower object

peak-rpm object

city-mpg int64

highway-mpg int64

price object

From the outcome we could see that there are some columns are not with the right data type:

normalized-losses, bore, stroke, horsepower, peak-rpm, and price should be numeric values

data_type

column

symboling int64

normalized-losses float64

make object

fuel-type object

aspiration object

num-of-doors object

body-style object

drive-wheels object

engine-location object

wheel-base float64

length float64

width float64

height float64

curb-weight int64

engine-type object

num-of-cylinders object

engine-size int64

fuel-system object

bore float64

stroke float64

compression-ratio float64

horsepower float64

peak-rpm float64

city-mpg int64

highway-mpg int64

price float64

Applying one hot encoding on the "make" column:

Then select the one with the highest correlation with the price:

symboling normalized-
losses

fuel-
type aspiration num-of-

doors
body-
style

drive-
wheels

engine-
location

wheel-
base length ... nissan peugot plymouth porsche renault saab subaru toyota volkswagen volvo

0 3 NaN gas std two convertible rwd front 88.6 168.8 ... 0 0 0 0 0 0 0 0 0 0

1 3 NaN gas std two convertible rwd front 88.6 168.8 ... 0 0 0 0 0 0 0 0 0 0

2 1 NaN gas std two hatchback rwd front 94.5 171.2 ... 0 0 0 0 0 0 0 0 0 0

3 2 164.0 gas std four sedan fwd front 99.8 176.6 ... 0 0 0 0 0 0 0 0 0 0

4 2 164.0 gas std four sedan 4wd front 99.4 176.6 ... 0 0 0 0 0 0 0 0 0 0

5 rows × 47 columns

Selecting only the one hot encoding (make) and the price columns:

alfa-romero audi bmw chevrolet dodge honda isuzu jaguar mazda mercedes-benz ... peugot plymouth porsche renault saab subaru toyota volkswagen volvo price

0 1 0 0 0 0 0 0 0 0 0 ... 0 0 0 0 0 0 0 0 0 13495.0

1 1 0 0 0 0 0 0 0 0 0 ... 0 0 0 0 0 0 0 0 0 16500.0

2 1 0 0 0 0 0 0 0 0 0 ... 0 0 0 0 0 0 0 0 0 16500.0

3 0 1 0 0 0 0 0 0 0 0 ... 0 0 0 0 0 0 0 0 0 13950.0

4 0 1 0 0 0 0 0 0 0 0 ... 0 0 0 0 0 0 0 0 0 17450.0

5 rows × 23 columns

Figuring out the column with a high correlation with the price:

alfa-
romero audi bmw chevrolet dodge honda isuzu jaguar mazda mercedes-

benz ... peugot plymouth porsche renault saab subaru toyota volkswagen

alfa-romero 1.000000 -0.022914 -0.024558 -0.014851 -0.026114 -0.031711 -0.017192 -0.014851 -0.036646 -0.024558 ... -0.029019 -0.022914 -0.019269 -0.012096 -0.021161 -0.030388 -0.052413 -0.030388 -

audi -0.022914 1.000000 -0.037890 -0.022914 -0.040291 -0.048926 -0.026525 -0.022914 -0.056541 -0.037890 ... -0.044773 -0.035354 -0.029729 -0.018663 -0.032649 -0.046884 -0.080866 -0.046884 -

bmw -0.024558 -0.037890 1.000000 -0.024558 -0.043182 -0.052436 -0.028428 -0.024558 -0.060598 -0.040609 ... -0.047985 -0.037890 -0.031863 -0.020002 -0.034991 -0.050249 -0.086669 -0.050249 -

chevrolet -0.014851 -0.022914 -0.024558 1.000000 -0.026114 -0.031711 -0.017192 -0.014851 -0.036646 -0.024558 ... -0.029019 -0.022914 -0.019269 -0.012096 -0.021161 -0.030388 -0.052413 -0.030388 -

dodge -0.026114 -0.040291 -0.043182 -0.026114 1.000000 -0.055759 -0.030229 -0.026114 -0.064438 -0.043182 ... -0.051026 -0.040291 -0.033882 -0.021270 -0.037209 -0.053432 -0.092161 -0.053432 -

honda -0.031711 -0.048926 -0.052436 -0.031711 -0.055759 1.000000 -0.036707 -0.031711 -0.078247 -0.052436 ... -0.061961 -0.048926 -0.041143 -0.025828 -0.045182 -0.064883 -0.111911 -0.064883 -

isuzu -0.017192 -0.026525 -0.028428 -0.017192 -0.030229 -0.036707 1.000000 -0.017192 -0.042421 -0.028428 ... -0.033591 -0.026525 -0.022305 -0.014002 -0.024495 -0.035176 -0.060671 -0.035176 -

jaguar -0.014851 -0.022914 -0.024558 -0.014851 -0.026114 -0.031711 -0.017192 1.000000 -0.036646 -0.024558 ... -0.029019 -0.022914 -0.019269 -0.012096 -0.021161 -0.030388 -0.052413 -0.030388 -

mazda -0.036646 -0.056541 -0.060598 -0.036646 -0.064438 -0.078247 -0.042421 -0.036646 1.000000 -0.060598 ... -0.071605 -0.056541 -0.047546 -0.029848 -0.052215 -0.074982 -0.129329 -0.074982 -

mercedes-
benz -0.024558 -0.037890 -0.040609 -0.024558 -0.043182 -0.052436 -0.028428 -0.024558 -0.060598 1.000000 ... -0.047985 -0.037890 -0.031863 -0.020002 -0.034991 -0.050249 -0.086669 -0.050249 -

mercury -0.008532 -0.013164 -0.014109 -0.008532 -0.015003 -0.018218 -0.009877 -0.008532 -0.021054 -0.014109 ... -0.016672 -0.013164 -0.011070 -0.006949 -0.012157 -0.017458 -0.030112 -0.017458 -

mitsubishi -0.031711 -0.048926 -0.052436 -0.031711 -0.055759 -0.067708 -0.036707 -0.031711 -0.078247 -0.052436 ... -0.061961 -0.048926 -0.041143 -0.025828 -0.045182 -0.064883 -0.111911 -0.064883 -

nissan -0.037809 -0.058335 -0.062521 -0.037809 -0.066483 -0.080730 -0.043767 -0.037809 -0.093296 -0.062521 ... -0.073877 -0.058335 -0.049055 -0.030795 -0.053872 -0.077362 -0.133434 -0.077362 -

peugot -0.029019 -0.044773 -0.047985 -0.029019 -0.051026 -0.061961 -0.033591 -0.029019 -0.071605 -0.047985 ... 1.000000 -0.044773 -0.037650 -0.023635 -0.041347 -0.059376 -0.102411 -0.059376 -

plymouth -0.022914 -0.035354 -0.037890 -0.022914 -0.040291 -0.048926 -0.026525 -0.022914 -0.056541 -0.037890 ... -0.044773 1.000000 -0.029729 -0.018663 -0.032649 -0.046884 -0.080866 -0.046884 -

porsche -0.019269 -0.029729 -0.031863 -0.019269 -0.033882 -0.041143 -0.022305 -0.019269 -0.047546 -0.031863 ... -0.037650 -0.029729 1.000000 -0.015694 -0.027455 -0.039426 -0.068002 -0.039426 -

renault -0.012096 -0.018663 -0.020002 -0.012096 -0.021270 -0.025828 -0.014002 -0.012096 -0.029848 -0.020002 ... -0.023635 -0.018663 -0.015694 1.000000 -0.017235 -0.024750 -0.042689 -0.024750 -

saab -0.021161 -0.032649 -0.034991 -0.021161 -0.037209 -0.045182 -0.024495 -0.021161 -0.052215 -0.034991 ... -0.041347 -0.032649 -0.027455 -0.017235 1.000000 -0.043297 -0.074679 -0.043297 -

subaru -0.030388 -0.046884 -0.050249 -0.030388 -0.053432 -0.064883 -0.035176 -0.030388 -0.074982 -0.050249 ... -0.059376 -0.046884 -0.039426 -0.024750 -0.043297 1.000000 -0.107242 -0.062176 -

toyota -0.052413 -0.080866 -0.086669 -0.052413 -0.092161 -0.111911 -0.060671 -0.052413 -0.129329 -0.086669 ... -0.102411 -0.080866 -0.068002 -0.042689 -0.074679 -0.107242 1.000000 -0.107242 -

volkswagen -0.030388 -0.046884 -0.050249 -0.030388 -0.053432 -0.064883 -0.035176 -0.030388 -0.074982 -0.050249 ... -0.059376 -0.046884 -0.039426 -0.024750 -0.043297 -0.062176 -0.107242 1.000000 -

volvo -0.029019 -0.044773 -0.047985 -0.029019 -0.051026 -0.061961 -0.033591 -0.029019 -0.071605 -0.047985 ... -0.056701 -0.044773 -0.037650 -0.023635 -0.041347 -0.059376 -0.102411 -0.059376

price 0.035577 0.102938 0.331607 -0.111801 -0.145617 -0.166603 -0.054261 0.332180 -0.097939 0.524953 ... 0.069263 -0.125650 0.327029 -0.045680 0.044614 -0.148310 -0.182313 -0.099478

23 rows × 23 columns

The output shows that "mercedes-benz" has the highest correlation with the price:

"mercedes-benz" will be selected for the further analysis and prediction.

The other other columns related to the "make" column will be removed from the dataset.

Viewing the dataset after removing the unrelated columns:

symboling normalized-
losses

fuel-
type aspiration num-of-

doors
body-
style

drive-
wheels

engine-
location

wheel-
base length ... fuel-

system bore stroke compression-
ratio horsepower peak-

rpm
city-
mpg

highway-
mpg price mercedes-

benz

0 3 NaN gas std two convertible rwd front 88.6 168.8 ... mpfi 3.47 2.68 9.0 111.0 5000.0 21 27 13495.0 0

1 3 NaN gas std two convertible rwd front 88.6 168.8 ... mpfi 3.47 2.68 9.0 111.0 5000.0 21 27 16500.0 0

2 1 NaN gas std two hatchback rwd front 94.5 171.2 ... mpfi 2.68 3.47 9.0 154.0 5000.0 19 26 16500.0 0

3 2 164.0 gas std four sedan fwd front 99.8 176.6 ... mpfi 3.19 3.40 10.0 102.0 5500.0 24 30 13950.0 0

4 2 164.0 gas std four sedan 4wd front 99.4 176.6 ... mpfi 3.19 3.40 8.0 115.0 5500.0 18 22 17450.0 0

5 rows × 26 columns

Converting the one hot enocded columns into integer data type:

data_type

column

symboling int64

normalized-losses float64

fuel-type object

aspiration object

num-of-doors object

body-style object

drive-wheels object

engine-location object

wheel-base float64

length float64

width float64

height float64

curb-weight int64

engine-type object

num-of-cylinders object

engine-size int64

fuel-system object

bore float64

stroke float64

compression-ratio float64

horsepower float64

peak-rpm float64

city-mpg int64

highway-mpg int64

price float64

mercedes-benz int64

More insights about the dataset:

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 205 entries, 0 to 204
Data columns (total 26 columns):
 #   Column             Non-Null Count  Dtype  
---  ------             --------------  -----  
 0   symboling          205 non-null    int64  
 1   normalized-losses  164 non-null    float64
 2   fuel-type          205 non-null    object 
 3   aspiration         205 non-null    object 
 4   num-of-doors       203 non-null    object 
 5   body-style         205 non-null    object 
 6   drive-wheels       205 non-null    object 
 7   engine-location    205 non-null    object 
 8   wheel-base         205 non-null    float64
 9   length             205 non-null    float64
 10  width              205 non-null    float64
 11  height             205 non-null    float64
 12  curb-weight        205 non-null    int64  
 13  engine-type        205 non-null    object 
 14  num-of-cylinders   205 non-null    object 
 15  engine-size        205 non-null    int64  
 16  fuel-system        205 non-null    object 
 17  bore               201 non-null    float64
 18  stroke             201 non-null    float64
 19  compression-ratio  205 non-null    float64
 20  horsepower         203 non-null    float64
 21  peak-rpm           203 non-null    float64
 22  city-mpg           205 non-null    int64  
 23  highway-mpg        205 non-null    int64  
 24  price              201 non-null    float64
 25  mercedes-benz      205 non-null    int64  
dtypes: float64(11), int64(6), object(9)
memory usage: 41.8+ KB

Shape and size of the dataset:

(205, 26)

5330

Calculating some statistcal information about the dataset:

Only For Numeric Columns or values:

symboling normalized-
losses

wheel-
base length width height curb-weight engine-

size bore stroke compression-
ratio horsepower peak-rpm city-mpg highway-

mpg price m

count 205.000000 164.000000 205.000000 205.000000 205.000000 205.000000 205.000000 205.000000 201.000000 201.000000 205.000000 203.000000 203.000000 205.000000 205.000000 201.000000 20

mean 0.834146 122.000000 98.756585 174.049268 65.907805 53.724878 2555.565854 126.907317 3.329751 3.255423 10.142537 104.256158 5125.369458 25.219512 30.751220 13207.129353

std 1.245307 35.442168 6.021776 12.337289 2.145204 2.443522 520.680204 41.642693 0.273539 0.316717 3.972040 39.714369 479.334560 6.542142 6.886443 7947.066342

min -2.000000 65.000000 86.600000 141.100000 60.300000 47.800000 1488.000000 61.000000 2.540000 2.070000 7.000000 48.000000 4150.000000 13.000000 16.000000 5118.000000

25% 0.000000 94.000000 94.500000 166.300000 64.100000 52.000000 2145.000000 97.000000 3.150000 3.110000 8.600000 70.000000 4800.000000 19.000000 25.000000 7775.000000

50% 1.000000 115.000000 97.000000 173.200000 65.500000 54.100000 2414.000000 120.000000 3.310000 3.290000 9.000000 95.000000 5200.000000 24.000000 30.000000 10295.000000

75% 2.000000 150.000000 102.400000 183.100000 66.900000 55.500000 2935.000000 141.000000 3.590000 3.410000 9.400000 116.000000 5500.000000 30.000000 34.000000 16500.000000

max 3.000000 256.000000 120.900000 208.100000 72.300000 59.800000 4066.000000 326.000000 3.940000 4.170000 23.000000 288.000000 6600.000000 49.000000 54.000000 45400.000000

count mean std min 25% 50% 75% max

symboling 205.0 0.834146 1.245307 -2.00 0.00 1.00 2.00 3.00

normalized-losses 164.0 122.000000 35.442168 65.00 94.00 115.00 150.00 256.00

wheel-base 205.0 98.756585 6.021776 86.60 94.50 97.00 102.40 120.90

length 205.0 174.049268 12.337289 141.10 166.30 173.20 183.10 208.10

width 205.0 65.907805 2.145204 60.30 64.10 65.50 66.90 72.30

height 205.0 53.724878 2.443522 47.80 52.00 54.10 55.50 59.80

curb-weight 205.0 2555.565854 520.680204 1488.00 2145.00 2414.00 2935.00 4066.00

engine-size 205.0 126.907317 41.642693 61.00 97.00 120.00 141.00 326.00

bore 201.0 3.329751 0.273539 2.54 3.15 3.31 3.59 3.94

stroke 201.0 3.255423 0.316717 2.07 3.11 3.29 3.41 4.17

compression-ratio 205.0 10.142537 3.972040 7.00 8.60 9.00 9.40 23.00

horsepower 203.0 104.256158 39.714369 48.00 70.00 95.00 116.00 288.00

peak-rpm 203.0 5125.369458 479.334560 4150.00 4800.00 5200.00 5500.00 6600.00

city-mpg 205.0 25.219512 6.542142 13.00 19.00 24.00 30.00 49.00

highway-mpg 205.0 30.751220 6.886443 16.00 25.00 30.00 34.00 54.00

price 201.0 13207.129353 7947.066342 5118.00 7775.00 10295.00 16500.00 45400.00

mercedes-benz 205.0 0.039024 0.194127 0.00 0.00 0.00 0.00 1.00

For string or categorical values:

fuel-type aspiration num-of-doors body-style drive-wheels engine-location engine-type num-of-cylinders fuel-system

count 205 205 203 205 205 205 205 205 205

unique 2 2 2 5 3 2 7 7 8

top gas std four sedan fwd front ohc four mpfi

freq 185 168 114 96 120 202 148 159 94

count unique top freq

fuel-type 205 2 gas 185

aspiration 205 2 std 168

num-of-doors 203 2 four 114

body-style 205 5 sedan 96

drive-wheels 205 3 fwd 120

engine-location 205 2 front 202

engine-type 205 7 ohc 148

num-of-cylinders 205 7 four 159

fuel-system 205 8 mpfi 94

For all the columns at once:

symboling normalized-
losses

fuel-
type aspiration

num-
of-

doors

body-
style

drive-
wheels

engine-
location

wheel-
base length ... fuel-

system bore stroke compression-
ratio horsepower peak-rpm city-mpg highway-

mpg

count 205.000000 164.000000 205 205 203 205 205 205 205.000000 205.000000 ... 205 201.000000 201.000000 205.000000 203.000000 203.000000 205.000000 205.000000 20

unique NaN NaN 2 2 2 5 3 2 NaN NaN ... 8 NaN NaN NaN NaN NaN NaN NaN

top NaN NaN gas std four sedan fwd front NaN NaN ... mpfi NaN NaN NaN NaN NaN NaN NaN

freq NaN NaN 185 168 114 96 120 202 NaN NaN ... 94 NaN NaN NaN NaN NaN NaN NaN

mean 0.834146 122.000000 NaN NaN NaN NaN NaN NaN 98.756585 174.049268 ... NaN 3.329751 3.255423 10.142537 104.256158 5125.369458 25.219512 30.751220 1320

std 1.245307 35.442168 NaN NaN NaN NaN NaN NaN 6.021776 12.337289 ... NaN 0.273539 0.316717 3.972040 39.714369 479.334560 6.542142 6.886443 794

min -2.000000 65.000000 NaN NaN NaN NaN NaN NaN 86.600000 141.100000 ... NaN 2.540000 2.070000 7.000000 48.000000 4150.000000 13.000000 16.000000 51

25% 0.000000 94.000000 NaN NaN NaN NaN NaN NaN 94.500000 166.300000 ... NaN 3.150000 3.110000 8.600000 70.000000 4800.000000 19.000000 25.000000 77

50% 1.000000 115.000000 NaN NaN NaN NaN NaN NaN 97.000000 173.200000 ... NaN 3.310000 3.290000 9.000000 95.000000 5200.000000 24.000000 30.000000 102

75% 2.000000 150.000000 NaN NaN NaN NaN NaN NaN 102.400000 183.100000 ... NaN 3.590000 3.410000 9.400000 116.000000 5500.000000 30.000000 34.000000 1650

max 3.000000 256.000000 NaN NaN NaN NaN NaN NaN 120.900000 208.100000 ... NaN 3.940000 4.170000 23.000000 288.000000 6600.000000 49.000000 54.000000 4540

11 rows × 26 columns

count unique top freq mean std min 25% 50% 75% max

symboling 205.0 NaN NaN NaN 0.834146 1.245307 -2.0 0.0 1.0 2.0 3.0

normalized-losses 164.0 NaN NaN NaN 122.0 35.442168 65.0 94.0 115.0 150.0 256.0

fuel-type 205 2 gas 185 NaN NaN NaN NaN NaN NaN NaN

aspiration 205 2 std 168 NaN NaN NaN NaN NaN NaN NaN

num-of-doors 203 2 four 114 NaN NaN NaN NaN NaN NaN NaN

body-style 205 5 sedan 96 NaN NaN NaN NaN NaN NaN NaN

drive-wheels 205 3 fwd 120 NaN NaN NaN NaN NaN NaN NaN

engine-location 205 2 front 202 NaN NaN NaN NaN NaN NaN NaN

wheel-base 205.0 NaN NaN NaN 98.756585 6.021776 86.6 94.5 97.0 102.4 120.9

length 205.0 NaN NaN NaN 174.049268 12.337289 141.1 166.3 173.2 183.1 208.1

width 205.0 NaN NaN NaN 65.907805 2.145204 60.3 64.1 65.5 66.9 72.3

height 205.0 NaN NaN NaN 53.724878 2.443522 47.8 52.0 54.1 55.5 59.8

curb-weight 205.0 NaN NaN NaN 2555.565854 520.680204 1488.0 2145.0 2414.0 2935.0 4066.0

engine-type 205 7 ohc 148 NaN NaN NaN NaN NaN NaN NaN

num-of-cylinders 205 7 four 159 NaN NaN NaN NaN NaN NaN NaN

engine-size 205.0 NaN NaN NaN 126.907317 41.642693 61.0 97.0 120.0 141.0 326.0

fuel-system 205 8 mpfi 94 NaN NaN NaN NaN NaN NaN NaN

bore 201.0 NaN NaN NaN 3.329751 0.273539 2.54 3.15 3.31 3.59 3.94

stroke 201.0 NaN NaN NaN 3.255423 0.316717 2.07 3.11 3.29 3.41 4.17

compression-ratio 205.0 NaN NaN NaN 10.142537 3.97204 7.0 8.6 9.0 9.4 23.0

horsepower 203.0 NaN NaN NaN 104.256158 39.714369 48.0 70.0 95.0 116.0 288.0

peak-rpm 203.0 NaN NaN NaN 5125.369458 479.33456 4150.0 4800.0 5200.0 5500.0 6600.0

city-mpg 205.0 NaN NaN NaN 25.219512 6.542142 13.0 19.0 24.0 30.0 49.0

highway-mpg 205.0 NaN NaN NaN 30.75122 6.886443 16.0 25.0 30.0 34.0 54.0

price 201.0 NaN NaN NaN 13207.129353 7947.066342 5118.0 7775.0 10295.0 16500.0 45400.0

mercedes-benz 205.0 NaN NaN NaN 0.039024 0.194127 0.0 0.0 0.0 0.0 1.0

The total number of values of each column in the dataset:

total_values

column

symboling 205

normalized-losses 164

fuel-type 205

aspiration 205

num-of-doors 203

body-style 205

drive-wheels 205

engine-location 205

wheel-base 205

length 205

width 205

height 205

curb-weight 205

engine-type 205

num-of-cylinders 205

engine-size 205

fuel-system 205

bore 201

stroke 201

compression-ratio 205

horsepower 203

peak-rpm 203

city-mpg 205

highway-mpg 205

price 201

mercedes-benz 205

Unique values in each columns:

total_values

column

symboling 6

normalized-losses 51

fuel-type 2

aspiration 2

num-of-doors 2

body-style 5

drive-wheels 3

engine-location 2

wheel-base 53

length 75

width 44

height 49

curb-weight 171

engine-type 7

num-of-cylinders 7

engine-size 44

fuel-system 8

bore 38

stroke 36

compression-ratio 32

horsepower 59

peak-rpm 23

city-mpg 29

highway-mpg 30

price 186

mercedes-benz 2

Checking for the missing values:

symboling normalized-
losses

fuel-
type aspiration num-of-

doors
body-
style

drive-
wheels

engine-
location

wheel-
base length ... fuel-

system bore stroke compression-
ratio horsepower peak-

rpm
city-
mpg

highway-
mpg price mercedes-

benz

0 False True False False False False False False False False ... False False False False False False False False False False

1 False True False False False False False False False False ... False False False False False False False False False False

2 False True False False False False False False False False ... False False False False False False False False False False

3 False False False False False False False False False False ... False False False False False False False False False False

4 False False False False False False False False False False ... False False False False False False False False False False

... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ... ...

200 False False False False False False False False False False ... False False False False False False False False False False

201 False False False False False False False False False False ... False False False False False False False False False False

202 False False False False False False False False False False ... False False False False False False False False False False

203 False False False False False False False False False False ... False False False False False False False False False False

204 False False False False False False False False False False ... False False False False False False False False False False

205 rows × 26 columns

Counting the number of missing values in each column:

total_values

column

symboling 0

normalized-losses 41

fuel-type 0

aspiration 0

num-of-doors 2

body-style 0

drive-wheels 0

engine-location 0

wheel-base 0

length 0

width 0

height 0

curb-weight 0

engine-type 0

num-of-cylinders 0

engine-size 0

fuel-system 0

bore 4

stroke 4

compression-ratio 0

horsepower 2

peak-rpm 2

city-mpg 0

highway-mpg 0

price 4

mercedes-benz 0

Filling the missing value in the 'num-of-doors' with with the most frequently appeared which is "four".

Checking out one more time for the missing value, especially for the "num-of-doors" column:

total_values

column

symboling 0

normalized-losses 41

fuel-type 0

aspiration 0

num-of-doors 0

body-style 0

drive-wheels 0

engine-location 0

wheel-base 0

length 0

width 0

height 0

curb-weight 0

engine-type 0

num-of-cylinders 0

engine-size 0

fuel-system 0

bore 4

stroke 4

compression-ratio 0

horsepower 2

peak-rpm 2

city-mpg 0

highway-mpg 0

price 4

mercedes-benz 0

Getting the total number of missing values in the entire dataset:

57

Checking for the duplicated data:

0      False
1      False
2      False
3      False
4      False
       ...  
200    False
201    False
202    False
203    False
204    False
Length: 205, dtype: bool

Finding out the number of duplicated data in each column:

0

Checking for the total number of duplicated data in the entire datset:

0

Identify the correlation among the numeric columns:

symboling normalized-
losses

wheel-
base length width height curb-

weight
engine-

size bore stroke compression-
ratio horsepower peak-rpm city-mpg highway-

mpg
mercedes-

benz price

symboling 1.000000 0.528667 -0.531954 -0.357612 -0.232919 -0.541038 -0.227691 -0.105790 -0.134205 -0.008965 -0.178515 0.071622 0.274573 -0.035823 0.034606 -0.135313 -0.082391

normalized-
losses 0.528667 1.000000 -0.074362 0.023220 0.105073 -0.432335 0.119893 0.167365 -0.036167 0.065627 -0.132654 0.295772 0.264597 -0.258502 -0.210768 -0.096360 0.203254

wheel-base -0.531954 -0.074362 1.000000 0.874587 0.795144 0.589435 0.776386 0.569329 0.490378 0.161477 0.249786 0.352297 -0.361052 -0.470414 -0.544082 0.408210 0.584642

length -0.357612 0.023220 0.874587 1.000000 0.841118 0.491029 0.877728 0.683360 0.607480 0.129739 0.158414 0.555003 -0.287325 -0.670909 -0.704662 0.347345 0.690628

width -0.232919 0.105073 0.795144 0.841118 1.000000 0.279210 0.867032 0.735433 0.559204 0.182956 0.181129 0.642482 -0.219957 -0.642704 -0.677218 0.485409 0.751265

height -0.541038 -0.432335 0.589435 0.491029 0.279210 1.000000 0.295572 0.067149 0.176195 -0.056999 0.261214 -0.110711 -0.322272 -0.048640 -0.107358 0.165354 0.135486

curb-weight -0.227691 0.119893 0.776386 0.877728 0.867032 0.295572 1.000000 0.850594 0.649045 0.168929 0.151362 0.751034 -0.266306 -0.757414 -0.797465 0.442556 0.834415

engine-size -0.105790 0.167365 0.569329 0.683360 0.735433 0.067149 0.850594 1.000000 0.594090 0.206675 0.028971 0.810773 -0.244618 -0.653658 -0.677470 0.483128 0.872335

bore -0.134205 -0.036167 0.490378 0.607480 0.559204 0.176195 0.649045 0.594090 1.000000 -0.055909 0.005203 0.577273 -0.264269 -0.594584 -0.594572 0.205379 0.543436

stroke -0.008965 0.065627 0.161477 0.129739 0.182956 -0.056999 0.168929 0.206675 -0.055909 1.000000 0.186170 0.090254 -0.071493 -0.042906 -0.044528 0.114114 0.082310

compression-
ratio -0.178515 -0.132654 0.249786 0.158414 0.181129 0.261214 0.151362 0.028971 0.005203 0.186170 1.000000 -0.205874 -0.436221 0.324701 0.265201 0.238141 0.071107

horsepower 0.071622 0.295772 0.352297 0.555003 0.642482 -0.110711 0.751034 0.810773 0.577273 0.090254 -0.205874 1.000000 0.130971 -0.803620 -0.770908 0.214703 0.810533

peak-rpm 0.274573 0.264597 -0.361052 -0.287325 -0.219957 -0.322272 -0.266306 -0.244618 -0.264269 -0.071493 -0.436221 0.130971 1.000000 -0.113788 -0.054257 -0.270205 -0.101649

city-mpg -0.035823 -0.258502 -0.470414 -0.670909 -0.642704 -0.048640 -0.757414 -0.653658 -0.594584 -0.042906 0.324701 -0.803620 -0.113788 1.000000 0.971337 -0.207487 -0.686571

highway-mpg 0.034606 -0.210768 -0.544082 -0.704662 -0.677218 -0.107358 -0.797465 -0.677470 -0.594572 -0.044528 0.265201 -0.770908 -0.054257 0.971337 1.000000 -0.286047 -0.704692

mercedes-
benz -0.135313 -0.096360 0.408210 0.347345 0.485409 0.165354 0.442556 0.483128 0.205379 0.114114 0.238141 0.214703 -0.270205 -0.207487 -0.286047 1.000000 0.524953

price -0.082391 0.203254 0.584642 0.690628 0.751265 0.135486 0.834415 0.872335 0.543436 0.082310 0.071107 0.810533 -0.101649 -0.686571 -0.704692 0.524953 1.000000

<AxesSubplot: >

Correlation with price based on the following columns:

Price_Corr

wheel-base 0.584642

length 0.690628

width 0.751265

curb-weight 0.834415

engine-size 0.872335

bore 0.543436

horsepower 0.810533

mercedes-benz 0.524953

city-mpg -0.686571

highway-mpg -0.704692

Updating the dataset with only the columns that have a high correlation with the price:

body-style wheel-base length width curb-weight engine-size bore horsepower city-mpg highway-mpg mercedes-benz price

0 convertible 88.6 168.8 64.1 2548 130 3.47 111.0 21 27 0 13495.0

1 convertible 88.6 168.8 64.1 2548 130 3.47 111.0 21 27 0 16500.0

2 hatchback 94.5 171.2 65.5 2823 152 2.68 154.0 19 26 0 16500.0

3 sedan 99.8 176.6 66.2 2337 109 3.19 102.0 24 30 0 13950.0

4 sedan 99.4 176.6 66.4 2824 136 3.19 115.0 18 22 0 17450.0

Plotting the correlation between the price and the selected columns:

Dealing with the outliers in the dataset:

Before and after removing the outliers:

Handling the missing values:

Checking the missing values after dealing with the outliers:

total_values

column

body-style 0

wheel-base 0

length 0

width 0

curb-weight 0

engine-size 0

bore 4

horsepower 2

city-mpg 0

highway-mpg 0

mercedes-benz 0

price 4

Filling the missing values with the mean of the columns containing the missing values:

fillna(df.loc[:,col].mean()

Checking again about the missing values:

total_values

column

body-style 0

wheel-base 0

length 0

width 0

curb-weight 0

engine-size 0

bore 0

horsepower 0

city-mpg 0

highway-mpg 0

mercedes-benz 0

price 0

The dataset is ready for the ML:

Specifying the feature and the target columns:

body-style wheel-base length width curb-weight engine-size bore horsepower city-mpg highway-mpg mercedes-benz price

0 convertible 88.6 168.8 64.1 2548.0 130.0 3.47 111.0 21.0 27.0 0.0 13495.0

1 convertible 88.6 168.8 64.1 2548.0 130.0 3.47 111.0 21.0 27.0 0.0 16500.0

2 hatchback 94.5 171.2 65.5 2823.0 152.0 2.68 154.0 19.0 26.0 0.0 16500.0

3 sedan 99.8 176.6 66.2 2337.0 109.0 3.19 102.0 24.0 30.0 0.0 13950.0

4 sedan 99.4 176.6 66.4 2824.0 136.0 3.19 115.0 18.0 22.0 0.0 17450.0

Splitting the dataset into:

Training set (X_train, y_train)

Test set (X_test, y_train)

Training multiple models on the "training set" and then fit the model:

Models:

Gradient Boosting Regressor

Random Forest Regressor

LinearRegression

Bayesian Ridge

Decision Tree Regressor

Kernel Ridge

XGB Regressor

SVR

Metrics:

R2 Score

Mean Squared Error

Mean Absolute Error

  Model R^2 MSE MAE

3 KernelRidge 0.750000 8944910.240000 2190.370000

1 Random Forest 0.750000 9148169.840000 1691.750000

0 GBRegressor 0.740000 9210609.420000 1559.990000

5 MLRegression 0.740000 9403904.590000 2212.730000

7 XGBRegressor 0.730000 9786258.990000 1701.370000

2 BayesianRidge 0.700000 10761205.370000 2365.810000

4 SVRegression 0.700000 10939682.760000 2373.460000

6 DecisionTree 0.670000 11884671.310000 2064.970000

Comparing the prediction results with the actul ones including in the test set:

Y_Prediction Y_Test_Set

0 6091.8 6795.0

1 16526.2 15750.0

2 12813.7 15250.0

3 5133.6 5151.0

4 9579.6 9995.0

5 9888.7 11199.0

6 5820.3 5389.0

7 7416.7 7898.0

From the observation:

Random Forest, Kernel Ridge, and Gradient Boosting Regressor models realized the highest coefficient of determination (R^2).
Extreme Gradient Boosting Regressor, Gradient Boosting Regressor and Random Forest achieved the lowest mean absolute error (MAE).
KernelRidge, Gradient Boosting Regressor and Random Forest obtained the smallest mean squared error (MSE) comparing to the other models.

205

164

205205 203205205205205205205205205205205205205 201201205 203203205205 201205

mercedes-benz

highway-mpg

city-mpg

compression-ratio

fuel-system

engine-size

num-of-cylinders

engine-type

curb-weight

height
width

length
wheel-base

engine-location

drive-wheels

body-style

aspiration

fuel-type

symboling

peak-rpm

horsepower

num-of-doors

price
stroke

bore
normalized-losses

0

50

100

150

200

The Total Number of Values in each Column

Columns

To
ta

l V
al

ue
s

6

51

2225 3 2

53

75

4449

171

77

44

8

38 36 32

59

23
2930

186

2

price
curb-weight

length
horsepower

wheel-base

normalized-losses

height
engine-size

width
bore

stroke
compression-ratio

highway-mpg

city-mpg

peak-rpm

fuel-system

num-of-cylinders

engine-type

symboling

body-style

drive-wheels

mercedes-benz

engine-location

num-of-doors

aspiration

fuel-type

0

50

100

150

The Total Number of Unique Values in each Column

Columns

To
ta

l V
al

ue
s

41

2
44

22
4

normalized-losses

price
stroke

bore
peak-rpm

horsepower

num-of-doors

mercedes-benz

highway-mpg

city-mpg

compression-ratio

fuel-system

engine-size

num-of-cylinders

engine-type

curb-weight

height
width

length
wheel-base

engine-location

drive-wheels

body-style

aspiration

fuel-type

symboling

0

10

20

30

40

The Total Number of Missing Values in Each Column

Columns

To
ta

l V
al

ue
s

41

44
22

4

normalized-losses

price
stroke

bore
peak-rpm

horsepower

mercedes-benz

highway-mpg

city-mpg

compression-ratio

fuel-system

engine-size

num-of-cylinders

engine-type

curb-weight

height
width

length
wheel-base

engine-location

drive-wheels

body-style

num-of-doors

aspiration

fuel-type

symboling

0

10

20

30

40

The Total Number of Missing Values in Each Column

Columns

To
ta

l V
al

ue
s

85 90 95 100 105 110 115 120

5k

10k

15k

20k

25k

30k

35k

40k

45k

wheel-base

pr
ic

e

140 150 160 170 180 190 200 210

0

10k

20k

30k

40k

length

pr
ic

e

60 62 64 66 68 70 72

0

10k

20k

30k

40k

width

pr
ic

e

1500 2000 2500 3000 3500 4000

0

10k

20k

30k

40k

curb-weight

pr
ic

e

50 100 150 200 250 300
0

5k

10k

15k

20k

25k

30k

35k

40k

45k

engine-size

pr
ic

e

2.6 2.8 3 3.2 3.4 3.6 3.8 4

0

10k

20k

30k

40k

bore

pr
ic

e

50 100 150 200 250 300

5k

10k

15k

20k

25k

30k

35k

40k

45k

horsepower

pr
ic

e

15 20 25 30 35 40 45 50

0

10k

20k

30k

40k

city-mpg

pr
ic

e

15 20 25 30 35 40 45 50 55

0

10k

20k

30k

40k

highway-mpg

pr
ic

e

4

2

4

price bore horsepower mercedes-benz highway-mpg city-mpg engine-size curb-weight width length wheel-base body-style
0

1

2

3

4

The Total Number of Missing Values in Each Column

Columns

To
ta

l V
al

ue
s

0.75

0.75

0.74

0.74

0.73

0.7

0.7

0.67

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

DecisionTree

SVRegression

BayesianRidge

XGBRegressor

MLRegression

GBRegressor

Random Forest

KernelRidge Model
KernelRidge

Random Forest

GBRegressor

MLRegression

XGBRegressor

BayesianRidge

SVRegression

DecisionTree

The Coefficient of Retermination (R^2) of each Models

R^2

M
od

el

1,559.99

1,691.75

1,701.37

2,064.97

2,190.37

2,212.73

2,365.81

2,373.46

0 500 1000 1500 2000

SVRegression

BayesianRidge

MLRegression

KernelRidge

DecisionTree

XGBRegressor

Random Forest

GBRegressor Model
GBRegressor

Random Forest

XGBRegressor

DecisionTree

KernelRidge

MLRegression

BayesianRidge

SVRegression

The Mean Absolute Error (MAE) of each Models

MAE

M
od

el

8.94491M

9.14817M

9.210609M

9.403905M

9.78626M

10.76121M

10.93968M

11.88467M

0 2M 4M 6M 8M 10M 12M

DecisionTree

SVRegression

BayesianRidge

XGBRegressor

MLRegression

GBRegressor

Random Forest

KernelRidge Model
KernelRidge

Random Forest

GBRegressor

MLRegression

XGBRegressor

BayesianRidge

SVRegression

DecisionTree

The Mean Squared Error (MSE) of each Models

MSE

M
od

el

0.75

0 0.2 0.4 0.6

DecisionTree

SVRegression

BayesianRidge

XGBRegressor

MLRegression

GBRegressor

Random Forest

KernelRidge

0.75

0 0.2 0.4 0.6

0.74

0 0.2 0.4 0.6

0.74

0 0.2 0.4 0.6

0.73

0 0.2 0.4 0.6

0.7

0 0.2 0.4 0.6

0.7

0 0.2 0.4 0.6

0.67

0 0.2 0.4 0.6

The R^2 and MAE of each Models

R^2 R^2 R^2 R^2 R^2 R^2 R^2 R^2

M
od

el

MSE=8944910.24 MSE=9148169.84 MSE=9210609.42 MSE=9403904.59 MSE=9786258.99 MSE=10761205.37 MSE=10939682.76 MSE=11884671.31

0.75

0 0.2 0.4 0.6

DecisionTree

SVRegression

BayesianRidge

XGBRegressor

MLRegression

GBRegressor

Random Forest

KernelRidge

0.75

0 0.2 0.4 0.6

0.74

0 0.2 0.4 0.6

0.74

0 0.2 0.4 0.6

0.73

0 0.2 0.4 0.6

0.7

0 0.2 0.4 0.6

0.7

0 0.2 0.4 0.6

0.67

0 0.2 0.4 0.6

The R^2 and MSE of each Models

R^2 R^2 R^2 R^2 R^2 R^2 R^2 R^2

M
od

el

MSE=8944910.24 MSE=9148169.84 MSE=9210609.42 MSE=9403904.59 MSE=9786258.99 MSE=10761205.37 MSE=10939682.76 MSE=11884671.31

https://pandas.pydata.org/
https://numpy.org/
https://scipy.org/
https://plotly.com/python/plotly-express/
https://seaborn.pydata.org/
https://matplotlib.org/
https://archive.ics.uci.edu/ml/machine-learning-databases/autos
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.GradientBoostingRegressor.html
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestRegressor.html
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LinearRegression.html
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.BayesianRidge.html
https://scikit-learn.org/stable/modules/generated/sklearn.tree.DecisionTreeRegressor.html
https://scikit-learn.org/stable/modules/kernel_ridge.html
https://machinelearningmastery.com/xgboost-for-regression/
https://scikit-learn.org/stable/modules/generated/sklearn.svm.SVR.html
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.r2_score.html
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.mean_squared_error.html
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.mean_absolute_error.html
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