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Dataset

mpg cylinders

* https:/ /huggingface.co/dat ? ii:? ﬁ
asets/scikit-learn/auto-mpg 2 1s.e 8
* Auto Miles per Gallon (MPG) 3, i?:g :
Dataset -
origin
* Contains data of fuel . 8 1 chevrol
consumption of different ; i
cars from the 70’s and 80’s E =
. 4 1
Importing
Ipip install datasets
from datasets import load dataset
import pandas as pd
dataset = load dataset("scikit-learn/auto-mpg")

df = pd.DataFrame(dataset| train’])
print{df.head())

displacement horsepower

3e7.e
ice.e
318.8e
jad4.e
3e2.8

car name
et chevelle malibu
buick skylark 328
plymouth satellite
amc rebel sst

ford torino

138
165
158
158
148

weight
3584
3693
3436
3433
3449

e

acceleration model year --~

12.0 70
11.5 70
11.0 76
12.0

18.5




Data Cleaning

Getting rid of unnecesary

——eolumns; like:—+—

We will work with:

Car name

Origin

MPG
Cylinders

Displacement

Horsepower
Weight
Acceleration
Model Year

mpg cylinders

12.0
15.8
12.8
16.0
4 17.09

W M = @

C0 00 00 00

a8

displacement horsepower

3a7.oe
358.0
318.0
jad.a
3e2.a

138
165
158
158
148

<class 'pandas.core.frame.DataFrame’>»
RangeIndex: 398 entries, 8 to 397
Data columns (total 7 columns):

# Column

@ mpg

1 cylinders

2 displacement
3 horsepower
4 weight

5 acceleration
6 model year

Mon-Null Count
398 non-null
398 non-null
398 non-null
398 non-null
398 non-null
398 non-null
398 non-null

floated
inted
floatsd
object
inted
floatod
inted

dtypes: floats4(3), int64(3), object(1l}

memory usage: 21.9+

KB

weight
3584
3693
ELE
ELEE]
3449

acceleration
12.8
11.5
11.8
12.9
18.5

model year
g
78
78
FL
FL:




Data cleaning

One extra step:

« Converting all the data to
numeric datatype

« ¢+ Horsepower: object -> float

b

[V T SRV S RS I

for col in df.columns:

df[col] = pd.to numeric(df[col], errors='coerce’)

df.info()

<class ‘pandas.core.frame.DataFrame’>

RangeIndex: 398 entries, 8 to 397

Data columns (total 7 columns):

# Column

mpE
cylinders
displacement
horsepower
weight
acceleration
& model year

Non-Null Count

398

non-null
non-null
non-null
non-null
non-null
non-null
non-null

| dtypes: float64(4), inted(3)
memory usage: 21.9 KB

floate4a
inted
floated
floate4d
inted
floated
intea




Getting familiar with the data

df .describe()

mpg

count 398000000

mean

std

25%

50%

75%

Max

23514573

7.615964

9.000000

17.500000

23.000000

29.000000

46.600000

cylinders displacement

398.000000

2.454774

1.701004

3.000000

4 000000

4 000000

&.000000

&.000000

|

358.000000

193.425879

104.269838

68.000000

104.250000

148.500000

262000000

455.000000

horsepower
3592 000000
104 469388
38491160
46000000
75000000
93.500000
126000000

230000000

weight acceleration

398.000000

25970.424623

846841774

1613.000000

2223.750000

2803.500000

3608.0000C0

2140.000000

358.000000

15.566090

2757683

8.000000

13.822000

15.500000

17175000

24 800000

-
-
-
—
-

model year
398 000000
76.010050
3.697627
70.000000

73.000000

76.000000
79.000000

82000000 = - ,T




Correlation matrix

Shows the correlation between the

Correlation Matrix of Auto MPG Dataset

variables .
1 -> strong correlation
« -1-> strong inverse correlation

O -> no correlation

import matplotlib.pyplot as plt

import seaborn as sns

# Calculate the correlation matrix

correlation matrix = df.corr()

4 reaata-a hoatmno
# LPegie g neatmap

plt.figure(figsize=(12, 18))

sns. heatmap{correlation matrix, annot=True, cmap='coolwarm', fmt=".2f")

plt.show()

cylinders

weight horsepower  displacement

acceleration

model year

] 1 il 1
cylinders displacement horsepower weight acceleration model year
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Splitting the data into training and testing datasets—

— 1

- - i1

from sklearn.model selection import train_test split

- S -
] I

df'dpép{I”FE', éHiS=1) it Featur
Y = S mg'] & Tarset vacia

X train, X test, y train, y test = train test split(X, y, test size=8.2, random state=42) # 8@’

print{"X train shape:", X train._shape)
print("y train shape:”, y train.shape)
print({"X test shape:”, X test.shape)
print{”y test shape:", y test.shape)

| ¢
X _train shape: (318, 6) iy
y train shape: (318,) o . f_;
X _test shape: (88, 6) , %3

y_test shape: (88,) en




Another emerging problem: missing data |

from sklearn.linear_model import LinearRegression
from sklearn.metrics import mean squared error, rl score

df .dropna(inplace=Tr 1)-

df[ ':!:-_1:;_:' ] # Tarpet

df .drop{ 'mpg’, axis=1) # Features (all

=4
1l

the dat nto training and testing

X train, X test, y train, y test = train test split(X, y, test size=8.2, random state=42) # 28% training and 28%

model = LinearRegression()
model _fit(X train, y train)

y_pred = model.predict(X test)

mse = mean squared error(y test, y pred) - = S R
rZ = r2 _score(y_test, y_pred) - -ﬁ:‘” ,-ﬁf:f

Mean Squared Error: 10.5082378329417325 O Pl 3" 1.y S
R-sgquared: 8.7942349875428586 -




Showing the result of our Model .

y_pred = model.predict(X test)

comparison_df = pd.DataFrame{{'Actual': y test, 'Predicted’

: y_pred})

print(comparison_df.head(28))

comparison_df[ 'Differen

print(comparison_df.head(28))

plt.figure(figsize=(18, 6))

plt.
plt.
plt.

plt.ylabel( 'Pr

scatter(y_test, y_pred)
plot({[min(y test), max(y test)], [min(y test),
x1label('Actual MPG')

max(y_test)],

plt.title('Actual vs. Predicted MPG'

plt.

plt.figure(figsize=(10, &))

show()

plt.scatter(y_pred, comparison_df[ 'Difference’])
plt.axhline(y=8, color="red’, linestyle="--' # £
plt.xlabel( 'Predic PG")

plt.ylabel( 'Re Actual edicted) ')

plt.title('Residual Plot’)

plt.

show()

color="red",

ce'] = comparison_df[ Actual’'] - comparison_df[ Predicted’]

linestyle="--

.
W R D = Pl e e e P e B e B RS R R D
o= k@ oo oW W~ =
S oA ERD D MRS WS 0005085 = O E

fsd
(4]

=
™
+
=
28]
[

;::5:::2-—"_—’
Predicted Differencé

25.932796 8.86/7284
26.299279 -4.699279
32.965439 3.134511 §
26.3854438 -8.3854438
29.453726 -2.453726
29.886995 -1.686095

7.638748 5.361252
29.237844 -3.237844
28.3877368 -1.877368
28.9153829 8.834171
12.485837 2.514963
23.6985%383 -4.698933
16.4183892 8.4381188
28.1966388 8.383312 -
22.839679 -5.839679 § 2

30.881524 -2.881524 .
21.183111  -1.183111 | =%
31.646623  B.753377 S
27.916498  -8.516498 =i
e S e

! L -




Actual vs. Predicted MPG

Showmg the result of our

Predicted MPG

Residual Plot

T
25
Actual MPG

Residuals (Actual - Predicted)

Could be better & let S try
to make it better! -

T
20
Predicted MPG




Feature Weights in Linear Regression Model

import matplotlib.pyplot as
feature weights = pd.Series{model.coef , index=X.columns)

plt.figure(figsize=(18, 6))
feature weights.plot(kind="bar
plt.xlabel(’ )
plt.ylabel(

plt.title(’ Feature Weights in
plt.show()

Model year with the
biggest weight?

Interesting...

displacement -
horsepower
acceleration
model year

Features




Polynomial
Regression

Polynomial regression is a tyﬁe
of regression analysis used to
. model the relationship between
a dependent variable and one
or more independent variables
when the relationship is

nonlinear. It extends linear
regression by, fitting a
polynomial equation to the

data, which allows for modeling
more complex patterns.

from sklearn.preprocessing import PolynomialFeatures
from sklearn.pipeline import make pipeline

poly_model = make pipeline{PolynomialFeatures(degree=2), LinearRegression()) #degree 2

poly model.fit(X train, y train)
y poly pred = poly model.predict({X test)

mse poly = mean squared error(y test, y poly pred)
r2 poly = r2 score(y test, y poly pred)

print{f"Polynomial Regression - Mean Squared Error: {mse polyl")
print(f"Polynomial Regression - R-squared: {r2 poly}")
print(f"L lean Squared Error: {mse}")

- R-sguared: {r2}")

Polynomial Regression - Mean Sgquared Error: 7.8785248782047885
Polynomial Regression - R-squared: B8.8614725863578133

Linear Regression - Mean Squared Error: 18.582378320417325
Linear Regression - R-squared: 8.79423408675428586




Showing the result of the Polynomial Model .
L - SNC e i1rrerence DELwee] LNe cOLCLE £ LITE edl values 7or ;‘| }

reate a DataFrame to compare actual and predicted values for polynomial regressio Actual Predicted Difference
poly comparison_df = pd.DataFrame({'Actual’: y test, 'Predicted’': y_poly pred}) 26.8 26.520838 -8.528838
# Display the first few rows of the compariscn DataFrame 21.6 21.751928 -B.151928
print(poly comparison df.head(28)) 3a.1 34 _.GAAR22 1.5G5178

calculate the difference between actual and predicted value 26.8 26.362115 -8.362115
poly comparison df[ Difference’] = poly_comparison_df[ 'Actual’] - poly comparison df[ 'Predicted’] 27.8 38.115181 -3.115181
T U 28.8 29._3851e5 -1.3285185
pr‘int-(po.ly_compar*ison_df.head-29-) 12.& 13.129743 -8.129743
R 26.@ 20.475287 -3.475287
plt Figure(Figsize-(16, 6)) 19.8 19.349260 -0.349260
plt.scatter(y test, y poly pred) 20.8 31.819244 -2.819244
plt.plot([min(y test), max(y test)], [min(y test), max(y test)], color="red’', linestyle="--')
e 15.@ 16.586001 -1.586601
plt.ylabel( ‘Pre MPG (Poly ) 19.¢ 22.134139 -3.134139
plt.title( 'Actual vs. Pre Polynomial Regression}’) 16.9 15.041860 B.958131
plt.show()

20.8 28.538773 B.469227 Te-
# Plot the pesiduals (differences between actual and predicted) for polynomial regressio 16.2 12.695331 -2.495331 ;
plt.figure(figsize=(18, 6)) A
plt.scatter(y poly pred, poly comparison df[ 'Difference’]) 28.8 31.576395 -3.570355 "' -':T(
plt.axhline(y=8, color="red', linestyle="--") 20.8 19. 791977 B.288023 | .i,
i Bammal 32.4 33.265742 -0.865742 pis
plt. ial 1 ed) ") PO e N
plt.title('Residual Plot (Polynomial Regression)') 27.4 28.387828 -B.987826 i .
Btes i) 35.8 29.2488824 5.759916 e
; RS e s -




Showing the result of
the -Polynomial Model

Residual Plot (Polynomial Regression)

°*eo °

® 9
® ‘ . L] L ]
—_———gm———— [ 3 __..____..-...._

% ]

Residuals (Actual - Predicted)

T T
25 30
Predicted MPG (Polynomial)

Predicted MPG (Polynomial)

Actual vs. Predicted MPG (Polynomial Regression)

T
25
Actual MPG




t.figure(figsize=(1@, 6))
.scatter(y_test, y pred, label=

Linear VS POlynomial .scatt-_ar{i,f:test; yiroiv e 1ahels

t.plot([mi t), max{y_test)], [min(y 1 or="red', linestyle='--")
t.xlabel( X

t.ylabe

t.title

t.legend()

t.show()

Actual vs.

Linear Regression
Polynomial Regression

Predicted MPG

St111 could be_better’-’

Maybe — Let’

T
25 30
Actual MPG




Random Forest Regression ' .. e s o

Randem Forest RCgI’CSSiOH is an ensemble from sklearn.preprocessing import StandardScaler

from sklearn.model selection import GridsearchCV —

learning method that uses a collection ot
decision trees to perform regression tasks. It
is an extension of the Random- Forest - k.
- . . " . - scaler = StandardScaler()

algorlthma which is -prlmarﬂy known for X_train_scaled = scaler.fit_transform({X_train)
classification but can also handle regression X test_scaled - scaler.transform(X_test)
tasks -effectively.

trom sklearn.ensemble import RandomForestRegressor

rf model = RandomForestRegressor(random state=42)

Bl -/ =S
2 i ,
[- 9 ' |- V
. - ey g
We got our best'score: 3 - [ oy
. 1 ¢
Random Forest Regression - Mean Squared Error: 6.037425564634708 A "2 b 7 A <

Random Forest Regression - R-squared: 8.8817132332460282 -




Importance

0.30 1

0.25

0.20

0.15 ~

0.10 A

0.05 A

0.00 -

Feature Importances in Random Forest Model

Random Forest weights
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Features

model year

T
-makes a lot more N

ort pandas as pd

L]

A"

b Y
R LS

Now this one

sense than the weights

-

feature importances = pd.Series(best rf model.feature importances , index=X.columns) ..

-

BT

A0
/l

in the linear regression -

model! .




Plotting all of
our-results

plt

plt.
plt.
plt.
plt.
plt.
.ylabel( ' Predicted MPG')

.text{min(y test) + 5, max(y test) -18, f"MSE:

plt
plt

plt.subplot(l, 2, 2)

plt.scatter(y_test, y poly pred)
plt.plot{[min(y test)}, max(y test)], [min(y test},
plt.title( 'Polynomial Regression’)
plt_-xlabel('Actual MPG")

plt.ylabel( 'Predicted MPG')

plt.text(min(y test) + 5, max{y test) - 18, "MSE
plt.subplot(l, 3, 3)

plt.scatter(y_test, y rf _pred)

plt.

plt
plt
plt
plt

plt

plt.

.figure(figsize=(15, 5))

subplot(1, 3, 1)

scatter(y_test, y_pred)

plot{[min(y test), max{y test}], [min(y test),
title{ 'Linear Regression’)

xlabel( 'Actual MPG")

plot{[min(y_test), max{y test}], [min(y test),

.title('Random Forest Regression')

.x1abel( "Actual MPG"

.ylabel('Predicted MPG')

.text{min(y test) + 5, max(y test) - 18, {"MSE:

.tight layout()

show( )

max(y test}], color="red', linestyle="--

{mse:.2f}")

max{y test}], color="red', linestyle="--

{mse_poly:.2f}")

max(y test}], color="red', linestyle="'--

{mse rf:.2f1")

")

.} 'v

) joal
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Plotting all of our results

Linear Regression

MSE: 10.50
”
o 8
°
.. ... .’i,
s B
®e o oo
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s B
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25 30
Actual MPG

Predicted MPG

Polynomial Regression

MSE: 7.07

Actual MPG

Predicted MPG

MSE: 6.04

T T
25 30
Actual MPG




Conclusion . e

-
-
-
-

« This project investipgated the prediction of automobile fuel efficiency (MPG) using various regression models.
The analysis began with data preprocessing, including handling missing wvalues and removing irrelevant columns
trom the "auto-mpg” dataset. Exploratory data analysis, visualized through a correlation heatmap, provided
insights into feature relationships.

Three regression models were trained and evaluated: Linear Regression, Polynomial Regression (degree 2),
and Random Forest Regression. Model performance was assessed using Mean Squared Error (MSE) and R-squared.
Visualizations, including actual vs. predicted MPG plots and residual plots, helped analyze the models
accuracy and identify potential areas of improvement. Furthermore, feature importance was analyzed for the
Random Forest model. A comparative plot was created to easily compare the performances of the three models.
The results show that the Random Forest Regression model, atter hyperparameter tuning, achieved the best
performance based on the lowest MSE. -~
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Thank you for your




