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Abstract: This study is based on the BP neural network regression model optimised by genetic
algorithm and dedicated to predicting the amount of car purchase, this study is important for all
parties in the automotive industry. By plotting the violins of six indicators, including gender, age,
annual salary, credit card debt, net worth, and car purchase amount, we found that, except for
gender, the other data showed a trend of dense in the middle gradually decreasing to the upper and
lower sides, with an overall normal distribution. The correlation analysis shows that the amount of
car purchase has a high positive correlation with age (0.63), followed by annual income (0.62), the
correlation between net worth and the amount of car purchase is 0.49, while the correlation between
credit card debt and the amount of car purchase is low (0.03). In the experimental part, we analyse
the predicted-actual values of the training and test sets in comparison and find that the model
predicted values are very close to the actual values. The RMSE of the training set is 11.559 and the
RMSE of the test set is 11.4835, which is not much different from each other, indicating that the
model has good generalisation ability. In addition, the R2 of both the training and test sets is 1,
indicating that the model fits well. The MAE of the training set is 8.2512 and the MAE of the test set
is 9.578; the MBE of the training set is -4.3035 and the MBE of the test set is -2.4547. These metrics
indicate that the model performs well in predicting the amount of car purchase. In conclusion, this
study provides an effective and reliable method to predict the amount of car purchase, creating a
useful bridge between car manufacturers, dealers and consumers. CCS CONCEPTS ¢ Computing
methodologies ® Machine learning ® Machine learning algorithms

Keywords: genetic algorithm; bp neural network; car purchase amount prediction

1. Introduction

Car purchase amount prediction refers to the use of various data and models to predict the price
of a car, which is of great significance to car manufacturers, dealers, and consumers. The research
background of car purchase amount prediction can be traced back to the late 1990s, when, with the
popularity of the Internet and the development of information technology, people began to realise
that car prices could be predicted more accurately through big data analysis and machine learning
algorithms [1].

Machine learning algorithms play a crucial role in car purchase amount prediction. Firstly,
machine learning algorithms can deal with a large amount of complex data, including car brands,
models, configurations, market demand, economic environment and other various factors, and reveal
the relationship between these factors by building models [2]. Secondly, machine learning algorithms
can automatically learn and optimise the model to improve the prediction accuracy in continuous
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iteration. Finally, machine learning algorithms can also be updated and adjusted in real time
according to real-time data to maintain the accuracy of the prediction model.

In car purchase amount prediction, commonly used machine learning algorithms include linear
regression [3], decision tree [4], random forest [5], support vector machine [6] and neural network [7].
Linear regression is suitable for modelling simple linear relationships, and can quickly give a basic
price prediction result; decision trees are suitable for modelling non-linear relationships, and can
clearly show the degree of influence of each factor on the price; random forests improve the
prediction accuracy by integrating multiple decision trees; support vector machines are suitable for
high-dimensional data sets; and neural networks are able to discover the complex laws hidden
behind the data.

Predicting the amount of car purchase is a complex and challenging problem, in which the use
of machine learning algorithms can better discover the laws hidden in the massive data and provide
more accurate decision-making basis for car manufacturers, dealers and consumers. This paper
provides a new idea to predict the car purchase amount based on BP neural network regression
model optimised by genetic algorithm.

2. Data from Data Analysis

In this paper, we use the open-source dataset, which is located at (https://www.kaggle.com/
datasets/mohdshahnawaza adil/sales-prediction-dataset), and the dataset contains a number of
metrics of car-buying users, including gender, age, annual salary, credit card debt, net worth and the
amount of car purchase, the dataset can be used for regression analysis on the amount of car purchase,
we show part of the dataset, the results are shown in Table 1.

Table 1. Partial data.

Gender Age Annual Salary Credit card debtNet worth Car purchase amount
0 41.851 62812.09 11609.38 238961.25 35321.45
0 40.870 66646.89 9572.957 530973.90 45115.52
1 43.152 53798.55 11160.35 638467.13 42925.70
1 58.271 79370.03 14426.16 548599.05 67422.36
1 57.313 59729.15 5358.712 560304.06 55915.46
1 56.824 68499.85 14179.47 428485.36 56611.99
1 46.607 39814.52 5958.460 326373.18 28925.70
1 50.193 51752.23 10985.69 629312.41 47434.98
0 46.584 58139.25 3440.823 630059.02 48013.61
1 43.323 53457.10 12884.07 476643.35 38189.50
1 50.129 73348.70 8270.707 612738.61 59045.51

The six indicators of gender, age, annual salary, credit card debt, net worth and the amount of
car purchased are plotted in a violin diagram to observe the distribution pattern of the data, and the
results are shown in Figure 1. As can be seen from the violin diagram, except for gender, all other
data show a trend of dense in the middle gradually decreasing to the upper and lower sides, generally
showing a trend of normal distribution.
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Figure 1. Violin diagram.

3. Relevance Analysis

Correlation analysis is a statistical method for measuring the strength and direction of the
relationship between two or more variables. Correlation analysis measures the overall trend of the
variables by calculating the covariance between them. The covariance indicates the tendency of two
variables to deviate from their means simultaneously; if the covariance is positive, the two variables
are positively correlated; if the covariance is negative, the two variables are negatively correlated;
and if the covariance is close to zero, there is no linear relationship between the two variables [8]. The
correlation coefficient is calculated as shown in Equation (1).
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Figure 2. Correlation heat map.
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Figure 3. Relevance Ranking.

From the results of the correlation analysis, it can be seen that the highest degree of positive
correlation with the amount of car purchased is age at 0.63, followed by annual income with a
correlation of 0.62, net worth with the amount of car purchased with a correlation of 0.49, and credit
card debt with the amount of car purchased with a correlation of 0.03.

4. Method
4.1. Genetic Algorithm

Genetic algorithms are optimisation algorithms that mimic the mechanisms of natural selection
and heredity, searching for optimal solutions by simulating the operations of genetic inheritance,
crossover and mutation during biological evolution.

Encoding is the process of representing the solution in the problem space as a chromosome or
genotype. In genetic algorithms, the solution to a problem is usually mapped onto a binary code or
real number code so that it can be processed and manipulated by a computer. The encoding directly
affects the expressiveness of the algorithm’s search space and the efficiency of the search.

Selection refers to the selection of better individuals from the current population to participate
in reproduction as parents based on a fitness function. Roulette selection, tournament selection and
other methods are usually used to select individuals, retaining individuals with high fitness and
eliminating those with low fitness, in order to improve the overall fitness of the population of the
next generation.

Crossover is a simulation of the hybridisation operation during biological reproduction to
generate new individuals in the next generation population. Individuals of the offspring are
generated by randomly selecting two parent individuals and swapping gene segments at certain
positions. Crossing operations help to retain the characteristics of superior individuals and introduce
new variations that increase population diversity.

Mutation is a random mutation operation on certain genes in the offspring population. By
introducing random variations, it can make the search process more global and diverse, and help to
jump out of local optimal solutions. The mutation rate is usually set to a small probability value to
ensure that the population will not change drastically.

In summary, genetic algorithm performs selection, crossover and mutation operations
iteratively to find the optimal solution or near-optimal solution that satisfies specific conditions in
the candidate solution space. It has the advantages of high parallelism, strong global search ability,
and no prior derivation for the problem, and has a good application prospect in the solution of
complex optimisation problems [9].

4.2. BP Neural Network
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BP neural network, or back propagation neural network, is a common artificial neural network
model. Its principle is based on the gradient descent algorithm, which minimises the error between
the predicted and actual outputs of the network by constantly adjusting the weights of each

connection in the network.The model structure of BP neural network is shown in Figure 4.
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Figure 4. The model structure of BP neural network.

The ‘net input’ to the neuron is denoted by Ij and is expressed as a linear weighted sum, i.e.,:
I ) = 2 w; jx,; (2)

The output y of a neuron’s yj is a function of its current state, and the mathematical expression
for the M-P model is:

yi = sgn(X wix; — 6;) (3)

BP neural network contains input layer, hidden layer and output layer. The information is
propagated from the input layer to the output layer through the hidden layer, in which the hidden
layer plays the role of feature extraction and nonlinear mapping. The predicted output of the network
is obtained by forward propagation calculation, and then the weights of the connections between the
layers are adjusted according to the error signals by the back propagation algorithm to reduce the
error, and the process is iterated until convergence.

During the training process, the BP neural network evaluates the gap between the predicted
output and the actual output by calculating the loss function and updates the weights along the
direction of the error gradient using gradient descent. By repeatedly iterating the training sample set,
the weights and bias terms are continuously adjusted so that the network has a good generalisation
ability and can adapt to the prediction of new samples [10].

4.3. Genetic Algorithm Improved BP Neural Network Model

The process of optimising a BP neural network using a genetic algorithm is divided into three
steps, firstly, the parameters of the BP neural network are encoded into chromosomes in the genetic
algorithm; then, the genetic algorithm is used to generate a new generation of solutions by
performing crossover, mutation and other operations on these chromosomes, and the strengths and
weaknesses of each solution are evaluated according to the fitness function; and lastly, the process is
continually iterated until the set termination conditions are reached [11].

In this way, the genetic algorithm can help to adjust the connection weights and bias terms
between the layers in the BP neural network, which enables the neural network to achieve a better fit
on the training dataset and a better generalisation ability [12]. This combined optimisation approach
tends to be more effective than using BP neural networks alone when dealing with complex problems
[13].

5. Result

For the experimental part, matlab R2023a is used, the dataset is divided into training and testing
sets according to 7:3, the learning rate is set to 0.0002, the experimental equipment has 32G of
memory, and the graphics card is 2080.
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Output the adaptation change curve, as shown in Figure 5. Output the results of actual values
and predicted values in the training set, as shown in Figure 6. Output the results of actual and
predicted values in the test set, as shown in Figure 7. Plot the results of the actual and predicted
values in the training and test sets on a Y-X plot, respectively, and the results are shown in Figure 8
and Figure 9.
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Figure 5. The adaptation change curve.
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Figure 6. The results of actual values and predicted values in the training set.
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Figure 7. The model structure diagram of random forest.
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Figure 8. The actual and predicted values in the training and test sets on a Y-X plot.
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Figure 9. The actual and predicted values in the training and test sets on a Y-X plot.

As can be seen from the images of predicted-actual value distribution of the training set and test
set, the predicted values are very close to the actual values, and the model is able to predict the
amount of car purchase well. The RMSE of the training set is 11.559 and the RMSE of the test set is
11.4835, and there is not much difference between the RMSE of the training set and the test set, and
the generalisation ability of the model is good.

The output of the model is shown in Table 2.

Table 2. Modelling assessment.

R2 MAE MBE RMSE
Training 1 8.2512 -4.3035 11.559
Test 1 9.578 -2.4547 11.4835

As shown in Table 2, the MAE of the training set is 8.2512 and the MAE of the test set is 9.57§;
the MBE of the training set is -4.3035 and the MBE of the training set is -2.4547.The R2 of both the
training set and the test set is 1. The RMSE of the training set is 11.559 and the RMSE of the test set is
11.4835.

6. Conclusion

In this study, a prediction analysis of car purchase amount was conducted based on the BP
neural network regression model optimised by genetic algorithm. Firstly, by plotting the violin plots
of the six indicators of gender, age, annual salary, credit card debt, net worth and car purchase
amount, we observed that the data showed a trend of the middle intensively and gradually
decreasing to the upper and lower sides, which roughly showed the characteristics of normal
distribution. The results of correlation analysis show that there is a strong positive correlation
between the amount of car purchase and age, annual income and net worth. The experimental part
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shows the distribution images of predicted and actual values in the training and test sets, indicating
that the model can accurately predict the amount of car purchase and has good generalisation ability.

Specifically, on the training set and test set, we get the prediction results that are closer to the
actual values. The RMSEs of the training and test sets do not differ much, indicating that the model
can also achieve good results on unknown data. In addition, the MAE and MBE metrics show the
accuracy and bias of the model’s prediction of the car purchase amount. Most importantly, the R2
evaluation metrics show that the model performs well in explaining the variance of the variables.

In conclusion, the genetic algorithm optimised BP neural network regression model developed
in this study demonstrated high accuracy and stability in the task of car purchase amount prediction.
This research result is not only of great significance to automobile manufacturers, dealers and
consumers, but also provides a useful reference for further in-depth exploration of the automobile
price formation mechanism.
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