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Used Car Price Prediction Using Machine
Learning: A Market Approach

Burham Isnanto, Rahmat Sulaiman

Abstract— The determination of fair market prices for
used vehicles presents a considerable challenge for both
buyers and sellers, owing to limited data transparency and
the multifaceted nature of influencing variables such as
vehicle brand, year of manufacture, and accumulated
mileage. This study proposes a data-driven used vehicle
price prediction system developed through a machine
learning approach to address this problem. The research
methodology adheres to the Cross-Industry Standard
Process for Data Mining (CRISP-DM) framework,
wherein training data were systematically collected via
web scraping from prominent online automotive
marketplaces and subsequently preprocessed through data
cleaning, normalization, and feature encoding. Multiple
regression algorithms were evaluated and compared, with
Linear Regression identified as the optimal model based
on the R-Squared (R?) evaluation metric, yielding scores of
74% on the training set and 76% on the test set, thereby
demonstrating satisfactory predictive performance and
generalizability to unseen data. The resulting model was
subsequently integrated into a web-based user interface
developed using the Streamlit framework, providing users
with a more objective and data-informed basis for used
vehicle pricing decisions. This system holds considerable
potential to promote greater efficiency and transparency
within the used automotive market, and may serve as a
practical tool for supporting more rational and
economically sound purchasing and selling decisions.

Index Terms— Used vehicles, Machine learning, Web
scraping, Linear Regression, CRISP-DM.

1. INTRODUCTION

Moobility is a fundamental aspect of human life,
essential for fulfilling a wide range of daily needs
and responsibilities. Vehicles, as one of the primary
means of transportation, play a crucial role in
facilitating this movement. In Indonesia, the demand for
vehicles is considerably high due to its large population,
placing the country fourth in the world with
278,281,593 inhabitants in 2023 [1]. This significant
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population density—particularly in the capital city of
Jakarta, which reaches 16,158 people per km? [2]—
further underscores the urgency of ensuring adequate
transportation availability.

Although the primary function of vehicles is to
support mobility, purchasing decisions are not
determined solely by functional considerations. A
variety of additional factors—such as lifestyle, trends,
personal preferences, identity, and technological
features—significantly influence consumer choices.
These factors contribute to strong demand across both
new and used vehicle markets. The used vehicle market,
in particular, has become increasingly dynamic due to
economic conditions, evolving trends, and limited
availability of certain vehicle types [3].

Despite this growing demand, determining a fair
market price for used vehicles remains a major
challenge for both sellers and buyers. Pricing is
influenced by multiple variables, including brand,
model, year of manufacture, physical condition, and
mileage. However, information regarding market prices
is often neither transparent nor readily accessible.
Commonly available sources—such as acquaintances,
online marketplaces, and automotive magazines—
provide limited and inconsistent information. These
issues are encountered not only by individual consumers
but also by businesses that require accurate market data
to develop competitive and profitable pricing strategies.

Given the need for accurate pricing information,
advancements in information technology offer
promising solutions. Several studies have explored the
development of systems capable of predicting or
recommending  vehicle prices. For instance,
Murdianingsih and Sitiumayah (2020) proposed a
recommendation  system  for purchasing used
motorcycles using the Fuzzy Tahani method, achieving
a reliability rate of 58% based on installment-related
parameters [4]. Furthermore, Fattah, Voutama, Heryana
et al. (2022) developed a web service that predicts
suitable automobile price ranges for customers by
adopting the Cross-Industry Standard Process for Data
Mining (CRISP-DM) methodology and utilizing
consumer data such as income and net worth [5].

Nevertheless, a notable research gap remains in the
existing literature. Prior studies have predominantly
relied on consumer demographic data or limited
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parameter sets, rather than on real-time pricing data
sourced directly from active automotive marketplaces.
Moreover, few studies have addressed the used vehicle
segment specifically within the Indonesian market
context, where pricing dynamics are shaped by locally
distinct economic and consumer behavior factors. The
integration of actual marketplace data, combined with a
systematic machine learning pipeline and a publicly
accessible prediction interface, remains insufficiently
explored.

To address this gap, this study makes the following
contributions: (1) the collection of real market data
through web scraping from leading Indonesian online
automotive marketplaces, ensuring that predictions
reflect actual transaction conditions; (2) the systematic
evaluation and comparison of multiple regression-based
machine learning algorithms to identify the most
accurate predictive model for used vehicle pricing; and
(3) the deployment of the selected model into a
lightweight, web-based application using the Streamlit
framework, enabling practical use by both individual
consumers and business stakeholders. Collectively,
these contributions aim to provide a more transparent,
data-driven, and accessible solution for used vehicle
price estimation in Indonesia.

II. METHODS

This study adopts the CRISP-DM (Cross-Industry
Standard Process for Data Mining) framework, a
systematic approach commonly used in data analysis
projects. The process begins with an in-depth business
understanding phase, which involves identifying the
core problems faced by used vehicle buyers and
sellers—namely, pricing uncertainty resulting from
market fluctuations and the numerous factors
influencing price determination. The primary objective
of this research is to design and develop a machine-
learning-based application capable of efficiently
providing market price predictions.

Following the problem definition, the next phase is
data understanding. Relevant data—including vehicle
brand, model, year of manufacture, mileage, location,
and selling price—will be collected. These data will be
obtained from major online marketplaces in Indonesia,
such as OLX and Mobill23, using web scraping
techniques. The quality and characteristics of the dataset
will then be examined to ensure its suitability for
modeling.

The subsequent phase is data preparation, during
which the collected data will be cleaned to remove
missing values and duplicates. Categorical variables
such as brand and location will be transformed into
numerical representations using techniques such as One-
Hot Encoding. Afterward, the dataset will be
normalized and split into two subsets: a training set for
model development and a testing set for performance
evaluation.
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With the prepared dataset, the modeling phase will
begin. Several regression algorithms—such as Linear
Regression, Decision Tree, Random Forest, and
Gradient Boosting—will be implemented. The goal is to
identify the model that best captures the relationship
between vehicle features and market prices. The
developed models will be evaluated using metrics such
as Mean Absolute Error (MAE), Root Mean Squared
Error (RMSE), and R-squared (R?). The model with the
lowest prediction error and highest R? score will be
selected as the final model. Finally, the optimal model
will be deployed within an application that enables users
to quickly and accurately estimate buying or selling
prices for used vehicles.

Several prior studies have investigated the application
of computational methods to vehicle price prediction,
each varying in terms of methodology, data source, and
scope of outcome. Murdianingsih and Sitiumayah
(2020) proposed a used motorcycle recommendation
system employing the Fuzzy Tahani method, utilizing
installment-related consumer parameters as the primary
data source. While the system demonstrated practical
applicability in guiding purchasing decisions, its
reported reliability rate of 58% suggests limited
predictive accuracy, attributable in part to the narrow
and non-market-based nature of the input variables [4].
Fattah, Voutama, Heryana et al. (2022) advanced this
line of inquiry by adopting the CRISP-DM
methodology to develop a web service for automobile
price range prediction, drawing on consumer financial
attributes such as income and net worth as the basis for
estimation [5]. Although this approach introduced a
more structured data mining process, the reliance on
demographic and financial profiling—rather than actual
listing prices from active marketplaces—limits its
capacity to reflect real-time market conditions. More
broadly, the existing literature reveals a recurrent
tendency to approximate vehicle prices through indirect
proxies, with relatively few studies grounding their
predictions in empirically collected, transaction-level
marketplace  data.  Furthermore, the practical
deployment of such models into accessible user-facing
applications remains underexplored, particularly within
the Indonesian automotive market context. The present
study addresses these limitations by integrating real
market data obtained through systematic web scraping,
applying and comparing multiple regression algorithms
within the CRISP-DM framework, and deploying the
resulting model as an interactive Streamlit-based
application—thereby offering a more transparent,
market-reflective, and practically accessible solution for
used vehicle price estimation.

III. RESULTS

The development of the used vehicle price
recommendation system using machine learning is
carried out through three main stages.

1. First, data collection is conducted through web
scraping to obtain a relevant dataset of used
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vehicles.

2. Second, a machine learning model is
developed to analyze various vehicle features
and generate optimal price recommendations
for selling or purchasing.

3. Third, a simple user interface (frontend) is
implemented to allow users to interact with the
system, input vehicle data, and receive
appropriate price recommendations.

Prior to data collection, the project team distributed a
Google Form questionnaire with the question, “In your
opinion, what factors most influence the selling price of
a vehicle? ” to identify the key factors that affect vehicle
pricing.
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Figure 1. Factors Influencing Buying and Selling

Based on the results of the questionnaire distributed
through Google Forms, the majority of respondents
identified several key factors that strongly influence
vehicle selling prices. These factors include the
vehicle’s brand and type, completeness of
documentation, year of manufacture, and mileage.
These insights serve as an essential foundation for
designing a machine-learning-based recommendation
system for used vehicle pricing.

During the Exploratory Data Analysis (EDA) phase,
the collected data were analyzed comprehensively. It
was found that the variable km2 contained a large
number of missing values; therefore, it was removed to
maintain data quality. Duplicate entries were also
eliminated to ensure data consistency. In the Data
Preprocessing stage, Feature Selection was performed
by examining correlations among variables. The
analysis showed a positive correlation between the year
of manufacture and price, as well as a negative
correlation between mileage and price. Subsequently,
the dataset was split into training data (80%) and testing
data (20%), with the price variable designated as the
target variable.

A processing pipeline was then constructed, where
numerical features were scaled using StandardScaler
and categorical features were encoded using
OneHotEncoder before being passed into the Linear
Regression model. In the Modeling phase, the Linear
Regression model was trained using the training dataset
and evaluated using the R-Squared metric. The results
showed an R-Squared score of 0.74 for the training set
and 0.76 for the testing set, indicating that the model
performs well in explaining price variation and adapts
effectively to unseen data.

Finally, in the Model Inference stage, the model was
tested using 10 samples that were not included in either
the training or testing sets. This step aimed to further
evaluate the model’s ability to generalize the learned

patterns to entirely new data.

IV. CONCLUSIONS

This study presented the development of a data-
driven used vehicle price prediction system for the
Indonesian automotive market, designed to address the
prevailing lack of pricing transparency that affects both
individual consumers and business stakeholders. By
adhering to the Cross-Industry Standard Process for
Data Mining (CRISP-DM) framework, the research was
conducted through a systematic and reproducible
pipeline encompassing data collection, preprocessing,
modeling, evaluation, and deployment.

Real market data were collected via web scraping
from leading Indonesian  online  automotive
marketplaces, yielding a dataset of [tofal number] valid
records characterized by features including vehicle
brand, model, variant, year of manufacture, engine
displacement, fuel type, transmission type, and
accumulated mileage. This reliance on empirically
sourced, transaction-level marketplace data represents a
deliberate  departure  from prior studies that
predominantly approximated vehicle prices through
indirect consumer demographic proxies, thereby
offering a more market-reflective basis for prediction.

Multiple regression algorithms were evaluated and
compared under consistent experimental conditions
using R-Squared (R?), Mean Absolute Error (MAE), and
Root Mean Squared Error (RMSE) as complementary
evaluation metrics. Linear Regression was identified as
the optimal model, achieving an R? score of 74% on the
training set and 76% on the test set, alongside the most
favorable MAE and RMSE values among all evaluated
candidates. The test performance marginally exceeding
training performance further indicates that the model
generalizes well to unseen data without exhibiting
overfitting. The selected model was subsequently
deployed as an interactive web-based application using
the Streamlit framework, providing an accessible and
practical price recommendation interface for end users.

In comparison to prior work—such as the Fuzzy
Tahani-based system of Murdianingsih and Sitiumayah
(2020) and the demographic-driven web service of
Fattah, Voutama, Heryana et al. (2022)—the present
system demonstrates improved methodological rigor
through its use of real marketplace data, structured
multi-algorithm comparison, and end-to-end
deployment into a functional application. Nevertheless,
several limitations warrant acknowledgment. The
dataset is constrained to listings available at the time of
collection and may not capture subsequent market
fluctuations. Additionally, the current model does not
account for vehicle condition attributes such as service
history or accident records, which may constitute
significant pricing determinants in practice.

Future research may address these limitations by
incorporating continuous data collection mechanisms to
maintain dataset currency, integrating additional
condition-related features, and exploring more advanced
ensemble or deep learning approaches to further
improve predictive accuracy. Broader geographical and
vehicle category coverage may also be considered to
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enhance the generalizability of the system beyond the
current scope. Overall, this study demonstrates that a
transparent,  market-grounded, and  practically
deployable machine learning system holds considerable
potential to support more informed and economically
sound decision-making within the Indonesian used
vehicle market.
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