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INTRODUCTION

The used car market, also known as the secondary automotive industry, has a much more complex and
volatile price structure than the new car market. Unlike new vehicles, which have standard retail prices, used
car prices are greatly influenced by non-linear asset depreciation and are affected by many variables [4].
This depreciation involves multivariate interactions between interrelated variables, creating significant price
uncertainty in the market.

In general, vehicle pricing is influenced by intrinsic characteristics (such as brand, model, and engine
capacity) and usage conditions (vehicle age and mileage) [13]. Market inefficiencies often occur when
sellers set prices too high (overvalued) or buyers bid too low (undervalued), which is generally caused by
information asymmetry and difficulties in accurately measuring the quantitative impact of each variable on
the final price [8].

Conventionally, used car price estimation is often done through a manual approach that relies heavily
on individual intuition. This approach has fundamental weaknesses because it is subjective, time-
consuming, and prone to human bias [11]. Manual methods often fail to capture non-linear patterns in
large market data, thus necessitating a shift from subjective estimation methods to more objective and
mathematically measurable computational solutions.

In the era of Big Data, the use of Machine Learning offers a powerful solution to this problem by
mapping the complex relationship between vehicle features and their selling price. This study applies and
compares two algorithms: Linear Regression to model simple variable relationships, and Random Forest,
which was chosen for its superiority in handling non-linear data and its resistance to noise [18], [23]. This
data-driven approach has been proven to minimize human bias and provide more accurate price estimates
than conventional methods.
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LITERATURE REVIEW

In this study, we will use a comparative analysis between two machine learning algorithms to predict
used car prices. Predicting used car prices requires a method that can analyze and model the relationship
between various factors that influence prices. The rising demand in the used car market has created a need
for accurate, data-driven pricing tools to benefit both buyers and sellers[4]. This research shows that
machine learning methods are more efficient and objective than traditional manual methods. With the
increasing availability of historical transaction data, more sophisticated algorithms have made it possible to
create predictive models that take into account a variety of factors.

Some of the information needed to predict used car prices includes:
Manufacturer

Car model

Engine size

Fuel type

Year of manufacture

Mileage

Random Forest

The Random Forest algorithm is a widely used machine learning technique for prediction problems,
primarily due to its ability to handle non-linear data with multiple variables[5]. Random Forest is an
ensemble learning method that builds multiple decision trees and combines their prediction results.

This algorithm works by building a number of decision trees and combining their prediction results to
produce more accurate estimates[5]. In addition, Random Forest also hasthe ability to reduce the risk of
overfitting, which is often a problem in other predictive algorithms.

Random Forest provides a powerful framework for handling complex and non-linear data, in this
model each stage of the prediction application development is carried out sequentially and independently,
either by searching for patterns in the data directly or by selecting the best features. The main goal of this
prediction application is to provide an easy-to-use and efficient interface for users to determine used car
price estimates based on various features.

Linier Regression

Linear regression is a quantitative method of calculation that uses time as the basis for estimated
predictions[11]. This method works by using a linear equation to connect the prediction application to
historical data, then querying car feature data to obtain a price prediction in numerical form that has been
processed and analyzed by the model.

Linear regression, a fundamental method in statistical analysis, establishes a relationship between a
dependent variable and one or more independent variables by fitting a linear equation to observed data[4].
To predict the price of a used car, the price is the dependent variable, and the independent variables include
the age, mileage, engine condition, make, and maintenance history of the car. It is suitable for applications
that require high interpretability because of the lightweight and easy-to-understand format of multiple
linear regression equations. This model works by using linear equations to connect the prediction
application to historical data and sending requests for car feature data to get price predictions in numerical
form that have been processed and analyzed by the model.

METHODOLOGY

Research Method

This research was developed utilizing an organized and methodical methodology to guarantee that
each step is completed in a sequential and quantifiable manner. Using this technique, the accuracy of
pricing information provided by two regression methods was compared. The main objective is to make it
simple for consumers to get used automobile pricing estimates.

DOI: 10.22441/collabits.v3i1.37646 | 57



Journal Collabits, Vol 3 No. 1 | January 2026
https://publikasi.mercubuana.ac.id/index.php/collabits

Analysis Stage
Dataset Analysis

In this study, the data used was obtained from the Kaggle platform. This dataset includes 5,000
entries with 6 columns, which include important information about used cars such as manufacturer name,
model, engine size, fuel type, year of manufacture, mileage, and price.
Functional Requirements Analysis Functional requirements are about technical steps or logical processes
that must be present for an experiment to run.

e Receive input
Cleaning Data
Perform Training
Generate Output

Non-Functional Requirements Analysis

Non-Functional Requirements in this case concern the quality of the model and the efficiency of the
experiment.

e Accuracy (Quality)

e Computational Time (Performance)

e Reproducibility (Reliability)

Experimental Phase
Cleaning Dataset

The dataset cleaning stage begins by importing the pandas, numpy, and files libraries from
google.colab to upload the "car sales data.csv" file. After the file is successfully uploaded, the data is
cleaned by removing duplicates using df.drop duplicates(inplace=True) and removing empty values using
df.dropna(inplace=True). Text normalization was applied to categorical columns for data consistency, then
the dataset was filtered based on a reasonable range of values. To handle outliers, the function
remove_outliers_iqr() using the IQR method which removes data outside the range [Q1l - 1.5IQR, Q3 +
1.5IQR] in the "Price" and "Mileage" columns.

Figure 1. Cleaning Dataset

After cleaning is complete, preprocessing is performed by importing the library from scikit-learn. The
X variable is separated from the target y (the "Price" column), where the categorical column is transformed
using OneHotEncoder and the numeric column is normalized using StandardScaler(). The dataset is divided
into 80% training data and 20% testing data with random_state=42, then the fit_transform process is applied
to the training data and transform on the testing data to produce features ready for use in modeling.
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Figure 2. Preprocessing & Feature Engineering

Random Forest

X_train_transformed, y_train)
st_transformed)

+, pred_rf)

The Random Forest implementation uses RandomForestRegressor() with parameters
n_estimators=100, max_depth=20, min_samples_split=10, random_state=42, and n_jobs=-1 to utilize all
CPU cores. The model is trained using model rf.fit(X train_transformed, y train) and predictions are made
using model rf.predict(X test transformed).

Model evaluation is performed using r2_score(y_test, pred rf) to measure prediction accuracy. Feature
importance is extracted using model rf.feature importances , sorted in descending order, and displays the
top 10 features that are most influential in determining the price of used cars.

Linear Regression

print("\n
model_1r
model 1r.fit(X tra: sformed, y_train)

pred_lr = model_lr.predict(X_test_transformed)

DOI: 10.22441/collabits.v3i1.37646 | 59



Journal Collabits, Vol 3 No. 1 | January 2026
https://publikasi.mercubuana.ac.id/index.php/collabits

Linear regression implementation uses LinearRegression() trained with
model lr.fit(X train_transformed, y train) and prediction using model Ir.predict(X test transformed).

Model evaluation is performed with 12 score(y test, pred Ir) to measure prediction accuracy in
percentage format. Model coefficients are extracted using model Ir.coef and stored in a DataFrame along
with feature names, then sorted by absolute value of coefficients in descending order to identify the most
influential features. The top 10 features with the highest coefficients are displayed to provide insight into the
most significant variables in the linear regression model.

RESULTS AND DISCUSSION

Figure 4. Training Data Results Using Random Forest

& Training Random Forest...

# Random Forest Results:
@ Accuracy: 99.60%

. Top 1@ Most Important Features (Random Forest):
Feature Importance
Year of manufacture 0.743754
Engine size 08.126967
Mileage 0.065468
Fuel type Petrol 0.016864
Model Polo 0.007395
Manufacturer _Toyota 0.005661
Model 911 0.004897
Model Golf 0.004165
Model Prius 08.003373
Model Focus 0.003077

Random Forest training results show an accuracy of 99.6% with an R* score, much higher than
Linear Regression. The "Year of manufacture" feature has the highest importance (0.743754), indicating that
the year of manufacture is the most dominant factor in price prediction. The "Engine size" (0.126967) and
"Mileage" (0.065468) features also provide significant contributions. Car models such as "Fuel type Petrol"
(0.016864), "Model Polo" (0.007395), "Manufacturer Toyota" (0.005661), "Model 911" (0.004897),
"Model Golf" (0.004165), "Model Prius" (0.003373), and "Model Focus" (0.003077) have lower
importance but still contribute to used car price prediction.

Figure 5. Training Data Results Using Linear Regression
8 Training Linear Regression...

¥ Linear Regression Results:
@ Accuracy: 82.33%

% Top 1@ Most Important Features (Linear Regression):
Feature Coefficient
Year of manufacture 6668.511789
Model_911 3938.133453
Mileage -2931.8039318
Model Fiesta -2904.655511
Model Polo -2486.777948
Model Yaris -2429.326362
Manufacturer_Porsche 2488.399646
Engine size 1795.564638
Model M5 1753.989353
Model Rav4 1619.257749

The Linear Regression training results show an accuracy of 82.33% with an R? score. The "Year of
manufacture" feature has the highest coefficient (6668.51), indicating that the year of manufacture has the
most significant positive influence on price. Car models such as "Model 911" (3938.13), "Engine size"
(1795.56), and "Model M5" (1753.98) also have a positive influence. Conversely, "Mileage" has a negative
coefficient (-2931.04), indicating that high mileage lowers the price, and models such as "Model Fiesta" (-
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2904.66), "Model Polo" (-2486.78), and "Model Yaris" (-2429.33) show relatively lower prices.
CONCLUSION

This study successfully proved the effectiveness of applying Machine Learning in overcoming price
variability problems in the used car market, where the two algorithms tested showed different performance
characteristics. Based on the evaluation results, Linear Regression proved to be quite reliable in modeling
general price trends with an accuracy of 82.33%, but had limitations in handling extreme data fluctuations
due to its linearity assumption. In contrast, the Random Forest algorithm showed far superior performance
and precision with an accuracy rate of 99.60%. This significant difference in performance indicates that the
Random Forest-based method is far more adept at capturing complex non-linear relationship patterns, such
as the variable rate of price depreciation due to age and usage factors, compared to classical statistical
methods.

This study also confirms that the year of manufacture and mileage are the most dominant variables
that determine resale value, reflecting the market's sensitivity to the remaining economic life of a vehicle.
The practical implications of these findings have great potential to be developed into an automatic price
estimation system that can help dealers and individual sellers set fair and transparent prices, thereby
minimizing harmful speculation.
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