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Abstract - Over the last decade, machine learning has seen widespread application in several domains.
Automobile or transportation industry has leveraged different predictive analytics techniques to cater
customer requirements, user satisfaction, manufacturer profit analysis etc. In this paper, KNN algorithm
is applied on a standard dataset which has been taken from UCI machine learning repository. The
automobile dataset contains information regarding car mileage, engine, weight, price etc. As kNN
classifier was applied on this benchmark dataset, accuracy was determined from confusion matrix to

gain valuable insights.
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1. Introduction

Intelligent data analysis (IDA) is playing a
pivotal role coupled with machine learning to
make prominent decisions/predictions. Since its
inception, ML is widely applied in healthcare
domain, financial domain, social media,
agriculture, transportation sector etc. This
research explores the application of Al in
automobile domain using a standard benchmark
dataset from UCI machine learning repository.

The dataset has information about car engine,
fuel type, number of cylinders, price etc. The
dataset was cleaned and pre-processed before
applying ML classifier. The price is predicted
based on independent variables. As RMSE
(Root Mean Square Error) values were
tabulated, following features appeared as major
contributor - ‘highway-mpg', ‘curb-weight’,
‘horsepower’, ‘width' and ‘city-mpg'. Different k
values were tried as KNN classifier was
explored. This kind of analysis will help to
understand what are the important factors
regarding an automobile before taking a final
decision for profit.

The organization of the paper is as follows-
Section 2 surveys the literature while Section 3
details the implementation steps. The
implementation section contains code snippets
and graphical representation for better
visualization. Section 4 concludes the work
with future scope.

2. Literature Survey

Machine Learning has seen fruitful application
in many businesses. Numerous IDA (Intelligent
Data Analysis) techniques have enriched the
domain of Al [3] [4] [5] and helped in effective
decision making.

John T. Behrens pointed the differences
between classical data analysis and exploratory
data analysis [7]. ETL (Extract-Transform-
Load) technology was explored since 2004 [2].
Ehrlinger et al. investigated several data quality
management tools [1]. In 2018, V Elliott
described coding process for qualitative data
analysis [6].

The history of application of ML techniques in
automobile industry dates long back [8]. Yagqi
et al. utilized random forest and nearest
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neighbour classifier for detecting insurance
frauds [9].

3. Implementation

In this section, detail implementation is
described step by step.

The dataset was split into training and testing
data using the function “train_test split”. We

are using 85% of the data for training and rest
15% for validation. The target data ‘price’ is
put in a separate frame y. The price is predicted
depending on other independent variables.

Following code snippets were run to perform
these operations -

from sklearn.model selection import train_test split
x_train, x _test, y_train, y test = train_test split(x data, y data, test size=8.15,

random_state=1)

print("number of test samples :", x test.shape[@])
print("number of training samples:", x_train.shape[®@])

number of test samples : 31
number of trainine samples: 174

y_data = car['price’]
x_data=car.drop('price’, axis=1)

In the next step, the model is trained using
‘horsepower’, ‘curb-weight', ‘engine-size' and
'width’ as features. Price was predicted using
train data. The distribution of the predicted
values of the training data appears in the
following figure Fig. 1.

Ir = LinearRegression( )

The x axis represents price in dollars. From the
figure it is evident that the model seems to be
doing well in learning from the training dataset.

Ir.fit(x train[['horsepower', ‘curb-weight', 'engine-size', ‘width']], y train)

LinearRegression(copy X=True, fit_intercept=True, n_jobs=None, normalize=False)

Distribution Plot of Predicted Value Using Training Data vs Training Data Distribution
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Fig.1 Prediction of car price using train data
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The numeric values are normalized to prevent
outliers when measuring squared errors. Next,
KNN classifier is applied on the dataset taking
the training column, target column, the data
frame object, and a parameter for the k value.
The k value is chosen as 3, 5, 7 and 9.

All k values were applied and the RMSE (Root
Mean Square Error) results were plotted. Fig. 2

k values [1, 3, 5, 7, 9]
rmse_uni = {}

current_rmse = []

target column = 'price’

for feature in continuous numeric[@:-1]:
for k in k values:

current_rmse.append(knn_train_test uni(feature, target column, normalized cars, k))

rmse_uni[feature] = current _rmse
current_rmse = []

represents the plots. RMSE values range from
4,000 dollars up to 11,000 dollars. The top 5
features based on the average of all RMSE
values for each k value are chosen. From the
table it is evident that the top 5 features are -
‘highway-mpg', ‘curb-weight', 'horsepower’,
‘width' and ‘city-mpg' (based on Table 1).

RMSE for Each Training Column
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Fig. 2 RMSE Plotting for different k values

Table 1: List of RMSE values

Features RMSE value
highway-mpg 4384.38
curb-weight 4661.53
Horsepower 5072.51
Width 5189.36
city-mpg 5264.74
Length 5729.05
wheel-base 5836.64
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Bore 7092.32
normalized-losses 7328.33
compression-ratio 7335.78

Stroke 7779.82
peak-rpm 8361.30
Height 8407.70

KNN is a non-parametric, lazy learning
algorithm.  Non-parametric  means  no
assumption is made for underlying data
distribution. In KNN, K is the number of
nearest neighbours. The number of neighbours
is the core deciding factor. K is generally an odd
number if the number of classes is 2. When
K=1, then the algorithm is known as the nearest
neighbour algorithm. In this case, we are

classifying the car as ‘0’ which denotes medium
range cars and ‘1’ which denotes higher range
cars.

The confusion matrix was generated using the
following code snippet and accuracy values are
calculated. Table 2 enlists all the calculated
values.

from sklearn.metrics import confusion matrix
confusion matrix(y test, y pred)

array([[34, 1],

[ &, 6]], dtype=inte4d)

Table 2: Accuracy Values for Different k Values

k Value

Accuracy (in %)

2

95.12

5

96.20

13

98.70

21

97.56

4. Conclusion

In this article, we have visualized the data using
EDA (Exploratory Data Analysis), and
predicted the price of car depending on various
features of car like engine-size, horsepower etc.
The benchmark dataset was chosen from UCI
machine learning repository. Numeric values in

the dataset was normalized. The price is
predicted depending on other independent
variables. RMSE values helped us to gauge
which features are having great contribution in
determining the price. The top five features
appeared as ‘highway-mpg', ‘curb-weight',
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‘horsepower’, ‘'width' and 'city-mpg'. The KNN
model helped us to select the best features for
price prediction. As the accuracy values were
measured for different k values, it seemed that
the performance is satisfactorily. Atk =13, the
obtained accuracy was 98.7%.
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