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Abstract — Car price prediction framework mostly suffers from sub-optimal parameter optimization. This study
introduces an intelligent hybrid car pricing system that combines evolutionary computing with ensemble
learning to construct highly precise predictions. In this study established on the noisy car price dataset,
some preprocessing phases such as cleaning numerical and textual errors, handling missing data, and One-
Hot Encoding for categorical features have been applied. To determine car price, XGBoost machine
learning method, efficient gradient boosting technique, has been chosen for this study. Rather than
depending on the computationally expensive Grid Search, to maximize the success of the model, Genetic
Algorithm with 5-Fold Cross-Validation has been used over an extended XGBoost hyperparameters. The
trained models have been assessed using MAE, MAPE, RMSE, and R? metrics. In addition, error
distributions and actual-versus-predicted alignments have been visualized with figures. To explain the
ensemble networks, TreeSHAP (SHapley Additive exPlanations) has been introduced to mathematically
quantify and visualize feature-level impacts on car price prediction. The results demonstrate that the
Genetic Algorithm optimized XGBoost model provides high explanatory power and low error in car price
determination.

Keywords — Car price prediction, XGBoost, Machine learning, Genetic Algorithm, Parameter optimization

I. INTRODUCTION

The transport sector has experienced a substantial evolution during the last ten years, with the used
automobile industry developing to become an immensely active and vital area of the international market.
Contrary to new vehicles, that display regulated vendor prices, the estimation of second-hand cars remains
essentially complicated, volatile, and asymmetrical. A used car’s worth depends on various parameters as
car specifications, changing consumer trends, and prior operation factors [1].

That’s why, constructing a visible and robust costing model is critical for consumers and vendors business
distributors, and insurance agencies who demand vehicle estimations to reduce uncertainties. Standard
methods to vehicle valuation, past records, or mathematical systems which struggled account for multi-
dimensional patterns in the datasets. Modern scientists and commercial professionals have steadily adopted
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to artificial intelligence techniques to handle these kind of problems [2]. Such sophisticated methods are
suited for revealing complex variable dependencies and handling vast data repositories. They converts car
pricing from a subjective practice to an evidence-based discipline. Gradient-boosted decision structures
have exhibited unmatched capability, establishing themselves as the sector benchmark for the databases
[3].

In spite of the strength of learning models, their application is commonly constrained by the integrity of
accessible sector data. The vehicle databases like the “quikr car” dataset, are well-known for containing
widespread textual degradation, acute data distortion, and absent attributes [4]. Therefore, developing a
comprehensive model demands an exhaustive emphasis on input cleaning alongside model tuning. The
cleaning textual inconsistencies, applying suitable categorical encoding techniques, and handling structural
deviations are important stages that decide the initial generalization capacity of any learner methos [5].

This study introduces a GA optimized XGBoost method implemented to tune and model fluctuating
prices. Using the car price “quikr car” dataset as a benchmark, the system implements One-Hot Encoding
to maximize the systems’ success and text-cleansing methods. The prediction technique is a refined
XGBoost model, optimized across multi-dimensional parameters through 5-Fold Cross-Validation and
Genetic Algorithm. The final model has been evaluated by five machine learning regression metrics.

II. MATERIALS AND METHOD

In this study, the used cars’ prices have been predicted using Genetic Algorithm optimized XGBoost
which is a machine learning technique. This section presents detailed explanation for XGBoost (Extreme
Gradient Boosting) method, Genetic Algorithm, and the car price dataset.

A. XGBoost Method

XGBoost is a great adaptable technique of gradient-based decision trees. It is developed for rapid
execution, superior prediction, and algorithmic optimization [6]. This method developed by Chen and
Guestrin is based on ensemble learning. As it is known that ensemble learning methods are weak learners
and the regression trees are sequentially trained to reduce loss functions [7]. XGBoost models include a
regularized and penalized objective function unlike gradient boosting models. XGBoost models prevent
overfitting successfully using iterative processes [8]. As displayed in Equation 1, the objective function of
the XGBoost at iteration t can be stated in mathematical manner.

£O = 3, 15,950 + (k) + 90 M

Here, [ states the loss function between the prediction ﬁi(t_l) and the target y;, and f; means the new tree
structure added at step t, and Q(f;) is a regularization parameter which controls the number of leaves and
tree weights [9]. A various benefit of XGBoost is the usage of Taylor series approximation for estimation
of the target criterion. The criterion provides this technique to tune the cost functions by using hessian
arrays and gradient [10].

The XGBoost models present an innovation designated as the weighted quantile sketch. It implements
weighted data and specifies the best division thresholds without inspecting the all dataset successively [11].
XGBoost implements a sparsity-aware division algorithm which decided a direction to omit the values
based on the reduction of the loss. It manages the dataset resulting from missing values and categorical
transformations with One-Hot Encoding [12]. This innovation reduces the memory usage and optimization
time. It is capable for complicated prediction problems [13].

The prediction of XGBoost method is quite rely on the hyperparameter tuning in the prediction tasks as
car price prediction. The main parameters as max_depth govern the maximum depth of the architectures
which controls the model’s capacity. The regularization constraints as subsample and colsample bytree
prevent adaptation by providing the sampling of rows and columns [14]. Similarly, the optimization rate
via the learning rate and extending the ensemble size through n_estimators ensures a balance between
variance and underfitting. The gradient boosting’s synergy can be used to map economic fluctuations and
local pricing problems with encapsulating the complex prediction [15].
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B. Genetic Algorithm (GA)

GA is a metaheuristic evolutionary technique with natural selection. It has superior outputs to advanced
exploration and refinement challenges. It replicates the concepts of biology as “survival of the fittest”. The
method starts with a randomly selected group of possible solutions, called chromosomes. These initial
options serve as the starting point for the algorithm. Each option is scored based on a specific test to see
how well it works. This score shows how it actually solves the problem [16-19].

Genetic algorithms consist of three stages as selection, crossover, and mutation. This algorithm is
generally used to achieve successful solutions in optimization and search problems. Genetic algorithms find
to solve the problems in the application areas such as hyperparameter optimization of systems, puzzle
solving problems, and the optimization of decision trees [20-23].

In genetic algorithms, random solutions are generated at first, and subsequent solutions evolve toward
more successful ones. The obtained candidate solutions, namely chromosomes, are subjected to mutation
at a certain rate to form new solutions. In early genetic algorithms, chromosome solutions consisted of
sequences of 1s or Os. However, other coding systems can also be developed.

The beginning of a genetic algorithm starts with a population gathered from random next solutions. In
each iteration, new solutions are found. The fitness values of the solutions in the population of each
generation are calculated. The fitness value is the result derived from the objective function in the
optimization problem. Finally, the genes of the chromosomes in the population are randomly selected and
altered. That is, new chromosomes are created by subjecting them to mutation. In this manner, new
populations with new chromosomes are used repeatedly. These processes continue for a certain number of
iterations until the best solutions are obtained, or until a specific fitness level is reached [24-25].

C. Car Price Dataset

The Car Price Dataset [26] includes a lot of information of the used cars which gathered from the Quikr
platform. The dataset consists of pricing and manufacturing information, vehicle specifications, and other
features which can be utilized on data science, artificial intelligence applications, and visualization of the
data. This dataset is quite beneficial to find the attributes which effect the car price and for car price
prediction, the dataset can be used to construct machine learning models.

Even though this dataset is great for spotting market features, the raw data is quite messy and unformatted.
It contains the real-world errors when collecting real user inputs. The columns are full of text errors, typos,
and mixed-up data types. For instance, number features include text units or extra commas, while missing
prices are often replaced with placeholders like “Ask For Price”. Therefor, the data provides a suitable test
set to practice data cleaning and preparation methods.

I11. RESULTS AND DISCUSSION

In this study, the car prices have been predicted using the XGBoost machine learning method. This
method’s hyperparameters have been optimized by GA. As stated in Equations 2-5, the accuracy of the
price predictions has been evaluated with the metrics as MAE (Mean Absolute Error), RMSE (Root Mean
Squared Error), MAPE (Mean Absolute Percentage Error), and R? Score. MAE is represented as the
average absolute differences between actual values and the predicted. It assigns equal weight to all errors
regardless of their direction.

RMSE means the square root average of squared prediction errors. It penalizes the errors more heavily.
So, it is preferred in projects to avoid big errors.

MAPE states the errors as a percentage. By checking the model's performance against real-world results,
it makes it easy to compare data on totally different scales. For instance, you can easily use it to look at sale
forecasts across multiple countries at once.

R? is a simple stat that shows how much your main result changes based on your input data. Basically, it
tells you how well your inputs explain your final outcome. When R? = 0.75, it shows that 75% of the
variance in the target feature can be explained by your model.

1 A
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The implementation begins with a comprehensive data engineering layer that cleans, structures, and
prepares raw second-hand car market data for modeling. Data quality is insured through text normalization,
data type casting, and the removal of outliers lying outside logical boundaries such as price, age, and
mileage. Using the SmoothTargetEncoder class, high-cardinality categorical variables particularly vehicle
sub-models are encoded relative to the target variable using a dynamic smoothing algorithm that minimizes
overfitting. While the remaining numerical variables are processed through robust scalers, standard
categorical data are passed into a One-Hot Encoder pipeline, ensuring that the model learns in accordance
with structural priors.

Instead of using standard methods like gradient descent or random searches, this setup uses a genetic
algorithm built with the PyGAD library. This approach relies on evolutionary steps to find the best settings.
It has been set up a 10-part “‘chromosome map” to track both whole numbers and flexible ranges for our
model's settings. This includes key features like the learning rate, max tree depth, regularization rules, and
the target smoothing factor. It has linked the fitness function directly with a 5-fold cross-validation test. It
scores each option by calculating its negative root mean squared error. The algorithm runs through multiple
rounds of tournament picking, code swapping, and random mutation tweaks within the chosen limits. This
evolutionary loop pinpoints the ultimate mix of settings to push the XGBoost method to its best
performance.

Once the evolutionary loop finishes, it has taken the absolute best-performing settings. Then, it has been
used this top-tier setup to train the final model. Next, it is tested the model on test data to check its error
rates and R-squared scores. The system automatically turns these performance numbers into visual graphs.
It is added a SHAP layer to the system so it can be easily trusted and explained the model’s choices. This
keeps the whole decision-making process completely open and honest. Using the TreeExplainer tool, it has
been calculated exactly how much details like car age, type, or mileage swing the predicted price up or
down.

Table 1 shows the performance of GA Optimized XGBoost method which has been trained with various
random state (RT) values. It has been evaluated with the metrics as CV RMSE Log, Test RMSE, Test
MAE, Test MAPE, and Test R? Log. In this table, INR is denoted by Indian Rupee. When RT=42, the
XGBoost method optimized by Genetic Algorithm achieves its highest test performance metrics, with an
R? Log of 0.7576, a MAPE of 29.79%, an MAE of 113,458, and an RMSE of 222,159.

Table 1. The results of GA Optimized XGBoost method with RMSE, MAE, MAPE and R? metrics

Models CVRMSE | Test RMSE | Test MAE Test Test R?
Log INR INR MAPE | Log

GA Op“(r];"TZ:egz))(GBOOSt 0.4510 243643 12550 | 3496% | 0.6744
GA Op“(r];"TZ:"SZ))(GBOOSt 0.4773 222159 113458 | 29.79% | 0.7576
GA Op“(r];"TZ:egz))(GBOOSt 0.4564 226007 120358 | 44.18% | 0.6902
GA Opt‘(;“Tngz))(GBOOSt 0.4318 285726 129204 | 40.06% | 0.6068
GA Op“(rf{“TZj‘li;;GBo"St 0.4301 220257 125345 36.05% | 0.6123
GA Opt‘?ﬁidszBOOSt 0.4352 316133 144457 33.74% | 05211
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Fig. 1 Price distribution for car price dataset

Figure 1 illustrates the price distribution of the car price dataset. It is indicated that the median value of
the price feature in this dataset is 290000 Indian Rupees. Prices are primarily concentrated between 100000
and 800000 Rupees. The number of vehicles priced above one million is not substantial.
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Fig. 2 Genetic algorithm convergence history

Figure 2 shows the negative RMSE metric values obtained while training the hyperparameters of the
XGBoost method over 30 iterations using the Genetic Algorithm. According to this graph, it can be stated
that the parameters of the XGBoost model were successfully tuned by the genetic algorithm, reaching the
optimal values.
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Fig. 3 Actual value vs model prediction (Log)

Figure 3 displays a graph which compares the actual car prices in the dataset against the prices which are
predicted with GA Optimized XGBoost method. Both the actual and predicted prices in this chart are
logarithmic values. Points close to the 45-degree red diagonal line represent the most accurate predictions,
whereas points far from this line indicate poor predictions. Overall, it can be stated that the model delivers
highly successful predictions. The prediction accuracy appears roughly uniform across the Economy, Mid-
Tier, and Luxury classes. However, while the Economy class contains the highest volume of vehicles in the
dataset, the Luxury class contains the lowest.
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Fig. 4 Global price drivers (SHAP)

As can be seen in Figure 4, the exact model of the vehicle (short name _te) is the factor that our XGBoost
model relies on the most and manipulates the price heavily when making vehicle price predictions. This is
followed sequentially by the age of the vehicle (car_age), whether it belongs to the economic segment
(brand_tier economy), and its mileage (kms_driven num). This ranking is highly consistent with the real-
world pricing dynamics in the automotive sector.

The SHAP (SHapley Additive exPlanations) framework allows us to demystify the “black box” behind
Al predictions. Rooted in the concept of “Shapley Values” from game theory, SHAP demonstrates how
vehicle features share the credit for a specific price prediction.
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The article about SHAP was published in 2017 [27]. SHAP explains machine learning methods using a
game theory approach. In the game theory, the extent to which players influence the game is calculated.
With a similar manner, how features affect the model is decided in machine learning. Unlike traditional
feature importance computation, by using the SHAP model during multi-class categorization, the rate at
which features affect the result according to the categorization type can be determined.

IV.CONCLUSION

In this study, price prediction systems have been developed using the XGBoost technique which is a
machine learning method, on a vehicle price dataset. To increase the performance of these systems,
hyperparameter optimization has been performed using a Genetic Algorithm. Thus, the most successful
model achieving the optimum performance of the system has been identified. The training and test datasets
have been generated from this dataset using the 5-fold cross-validation technique. After training the model
with the training datasets, the performance of the system has been evaluated using the test dataset. The
regression metrics used to measure the model's success were Log score, MAPE, MAE, and RMSE. The
most optimum XGBoost model was obtained when the random state was set to 42. The optimum
performance of this model has been achieved with R? Log score of 0.7576, MAPE of 29.79%, MAE of
113,458 INR, and RMSE of 222,159 INR. SHAP explanation layer cleared up how this model makes its
decisions. It takes away the mystery usually tied to complex boosting techniques that makes the all setup
easy. After building on standard economic logic, the TreeExplainer tool showed how the model thinks. It
showed that a car’s specific model and its actual age are the absolute biggest reasons. Genetic algorithm
tuning with gradient boosting gives us a flexible and powerful model. This provides a robust tool that can
be checked and verified for car pricing.

Future work will focus on integrating real-time macroeconomic indicators and exploring deep neural
network architectures to further augment predictive fidelity.
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