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processes, automated machine learning based on meta-heuristics
optimization such as genetic programming (GP) has started to emerge and is
Keywords: gaining popularity. However, identifying the best hyper-parameters of the
meta-heuristics’ algorithm is the critical issue. This paper demonstrates the
evaluation of GP hyper-parameters in modeling machine learning on house
affordability dataset. The important hyper-parameters of GP are population
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House affordability size (PS), that has been observed with different setting in this research. The
Machine learning machine learning with GP was used to predict house affordability among
Mutation rate employers with transport expenditure and job mobility as some of the
Population size attributes. The results from testing that run on hold-out samples show that

GP machine learning can reach to 70% accuracy with split ratio 0.2 and GP
PS 30. This research contributes to the advancement of automated machine
learning techniques, offering potential for faster and more accurate real
survey-based datasets.
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1. INTRODUCTION

Machine learning has been so prevalent in various domains of real-world problems due to the
evolution of industrial 4.0. The ever-increasing realm of machine learning has helped industries, businesses,
government agencies, public, and private people in making fast decision for simple and complex problems. In
medical [1], [2], education [3]-[6], agriculture [7], finance and economy [8], [9], building and property
[10]-[12], as well as in engineering [13], the utilization of machine learning is highly substantial. As a result,
critical demands are needed to simplify the implementation complexity of machine learning to be used by
inexpert or inexperienced data scientists from various research fields. To introduce rapid tools for the novice
machine learning users is highly significant.
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Genetic programming (GP) [14] is a popular meta-heuristic [15] algorithm that can be used to
automate some important tasks in machine learning. Most research on automated machine learning that used
GP aim to automate features selection task. GP based feature selection was introduced in [16] for optimizing
the selection of machine learning parameters when tested on the particular problems. Focus on high-
dimensional data, Ma and Gao [14] presented multi-features construction based on multi-tree GP
representation to resolve single-features GP representation. Multi-features construction provides multi-layers
of features mimics to deep learning neural network to be utilized by machine learning. Concerning class
imbalance issues that can create bias prediction in a classification model, Devarriya et al. [17] used entropy
gain-based fitness function in GP that potentially deployed for machine learning classification problems.
Santoso et al. [18] demonstrate the applicability of GP in solving binary classification problems, highlighting
its effectiveness in comparison to traditional machine learning techniques. Regardless of the various
applications of GP in machine learning, all related studies emphasize the advantageous impact GP has
contributed to the tested domains.

To demonstrate the practicality of GP based machine learning, this research used a set of real
datasets on cases of housing affordability among employees in Perak, Malaysia. Housing affordability has
been a decisive issue for more than a decade because of the continuous growth of property prices. Housing
prices in Malaysia for example are becoming severely unaffordable either in urban or rural areas. Significant
growing work on housing affordability has been concerned on housing costs and household income.
Recently, a new indicator of housing affordability which includes transportation expenditure has been widely
discussed [19]-[21]. Housing and transportation are the two biggest expenses for most households. However,
research by Dewita et al. [19] suggested that transportation costs when integrated with housing affordability
measurements reveal a different pattern of affordability. Research to investigate how the combination of
housing and transportation costs can impact housing affordability measurements in machine learning
approach is very rare in the literature. The structural of housing is the main concern to be analyzed with
machine learning house affordability models [22]. Based on the machine learning house affordability models,
the projection of housing affordability can be strategized for the benefit of vulnerable tenants. Admitting that
transport and job mobility are two critical problems in Malaysia, the development of effective and intelligent
prediction model is highly significant. In the previous research on conventional machine learning for the
same dataset of housing affordability, low accuracy and high classification error have been faced that
enforced the researchers to extend the implementation with the GP machine learning to be presented in this
paper.

To address the gap, this presents a more robust GP based machine learning is introduced. By using
tree-based pipeline optimization tool (TPOT) Python [23], [24], automation of machine learning not just on
the features selection but to the extent of optimizing the best machine learning algorithms with the suitable
hyper-parameters setting. However, findings of research on the GP hyper-parameters in TPOT are not yet
widely accessible in the literature, hence need more discovery.

Therefore, this paper introduces automated machine learning from Python libraries that only need a
very short programming to be replicated by researchers. The contributions of this paper are two-folds. First, it
presents simple and rapid implementation of machine learning. For inexpert data scientists, the easy
framework can be directly replicated for their data domain. For the expert, the rapid framework can
accelerate the process of machine learning modelling. The second contribution provides insight into the
hyper-parameters impact on the GP based machine learning. As meta-heuristics, GP search optimization
involves parameters that will influence the search direction to converge at the most optimal. Research to
study the effects of GP hyper-parameters keep in progressing and deserves more intention due to the wider
benefits of GP in many domains. As evolutionary based algorithm, the GP performances usually depending
on the three important parameters namely population size (PS), mutation rate and crossover rate as well as
the dataset used for the evaluation. As this is a new attempt for GP on the house affordability cases, focusing
on the default setting of mutation and crossover rates but observing different PS will be a useful contribution
for future research extension.

2. METHOD
2.1. The dataset

The dataset for evaluating the GP machine learning was the existing collected data that consists of
300 records of employees in Perak, Malaysia. The features can be divided into three groups; demography,
transport expenditure, and employment status as given in Table 1. The DV is house affordability by means of
the ability of the person to provide something for buying a new house not considering repayment of the
existing house loans. It is denoted as true or false to indicate afford or not afford respectively.
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Table 1. The house affordability classification model feature

Features group Attribute
Demography Age, gender, marital status, family size, lifestyle
Transport expenditure  Vehicle ownership, vehicle usage, public transit
Employment status Position, company status, distance, job mobility

2.2. GP in machine learning

Figure 1 presents the implementation method of GP machine learning executed with Python Google
Colab platform. Every experiment method in Figure 1 was repeated with different split ratio (0.2, 0.3,0.4) and
each split ratio is repeated with 4 PS (10,20,30,40) and 3 validations from the 3 GP generations. Thus, the
total experimental run is 12 and the total validations from GP is 3x12=36. The average of the tree validation
was recorded in each of the 12 runs.

Dataset of House affordability
Set Set class
Features label
Set Split Ratio
Genetic Execute
Programming : TPOTCLassifer ()
optimization
Repeated 3
times ¢ -
according to Average of 3
GP validation fitness
generations from training set

Vernfy score
from testing set

Repeated 12 times (3 split ratio * 4 population size)

Figure 1. The experimental method

The total row of the house dataset is 300, which is divided into training and testing set as depicted in
Figure 2. If the split ratio is 0.3, 210 out of 300 were deployed for training set, and the rest of 90 data was left
for testing. For validation, TPOT used cross-validation to divide the training dataset into training and
validation sets according to the number of k-folds. This research used 5 k-folds, which can be illustrated in
Figure 2.

2.3. Performance metric

The validation and testing accuracy as well as area under curve (AUC) [25] were observed to access
the performances of the machine learning with GP. AUC is more reliable than accuracy in the assessment of
the classification model because AUC can depict the trade-offs between the model sensitivity and specificity.
For this paper, only the best split size setting is measured with AUC to be discussed. The precision or true
positive rate is the number of correct predictions for house affordability class from the total of real house
affordability cases. On the other hand, recall or false positive rate is the number of incorrect house
affordability classification from the total of house unaffordability cases. AUC can be observed from receiver
operating characteristic (ROC) plot that can depict the curve to map the relationship between the precision
and recall.
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Figure 2. Training and testing dataset

3. RESULTS AND DISCUSSION

Figure 3 presents the output from a single run of GP machine learning with TPOT library in Python
codes. The codes are very short to be replicated by researchers. The same codes were executed 12 times
according to the 3 split ratios and 4 PSs. Split ratio 80:20 for training and testing can be set with test_size
parameter as in Figure 3.

° X_train = train_df.drop(["DV"], axis=1).values
Y_train = train_df["DV"]
Features = X_train
Class = Y_train

Feature_Train, Feature Test, Class_Train, Class_Test = train_test_split(X_train, Y_train, test_size=0.2)

tpot2 = TPOTClassifier(generations=3, population_size:zp, mutation_rate=@.9,crossover_rate=0.1,verbosity=2, cv=5)
tpot2.fit(Feature_Train, Class_Train)

print(tpot2.score(Feature_Test, Class_Test))

Generation 1 - Current best internal CV score: ©.54074074074@74089
Generation 2 - Current best internal CV score: ©.5518518518518518
Generation 3 - Current best internal CV score: 0.562962962962963

Best pipeline: GradientBoostingClassifier(input_matrix, learning rate=1.@, max_depth=1@, max_features=0.70006000000

0.7

Jusr/local/lib/python3.8/dist-packages/sklearn/metrics/_scorer.py:794: FutureWarning: sklearn.metrics.SCORERS is de
warnings.warn(

Figure 3. The Python codes with optimal setting and output

Furthermore, Figure 4 presents the comparison of testing accuracy between four PSs at different
split ratios (0.10, 0.20,0.30,0.40,0.50). The testing accuracy score is the proportion of correct predictions
made by the model on an unseen (hold-out) dataset that has never been exposed during the training process.
When comparing the different PS in Figure 4, population size 20 (PS20) outperforms the others, including
PS30, which indicates that larger PS does not significantly lead to better accuracy. This could be due to the
fact that PS20 strikes a balance between exploration and exploitation in the genetic algorithm machine
learning optimization process. Too large a population may lead to excessive computation time without
significant gains in accuracy.

Regardless to split ratios, the graph in Figure 4 shows that as the split ratio decreases from 0.50 to
0.20, there is a general increase in accuracy. This suggests that the models benefit from a larger training
dataset, which a lower split ratio provides, as it gives the model more data to learn from. It is interesting to
note that when the split ratio is less than 0.2, the increase in accuracy becomes less pronounced. This could
indicate that the improvement in accuracy becomes less pronounced when the split ratio drops below 0.2.
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This shows that the models have reached a point where they have enough data to capture the underlying
pattern and that additional data from the training set does not significantly change their performance. This
finding could suggest that optimizing the split ratio around 0.2 may be a good stating point for GP machine
learning optimization. Table 2 presents the accuracy results from 12 classification models across different PS
and split ratios.
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0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50
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Figure 4. Comparison of testing accuracy from different PS

Table 2. Accuracy results from the 12 classification models
Population size  Validation of training set  Testing set
Split ratio (80:20)/test_size 0.1

40 0.48 0.53
30 0.48 0.65
20 0.68 0.70
10 0.51 0.55
Split ratio (70:30)/test_size 0.2
10 0.47 0.51
20 0.48 0.65
30 0.66 0.70
40 0.58 0.52
Split ratio (60:40)/test_size 0.3
10 0.39 0.43
20 0.59 0.63
30 0.59 0.64
40 0.41 0.45
Split ratio (60:40)/test_size 0.3
10 041 0.42
20 0.48 0.51
30 0.53 0.55
40 041 0.42

The data shows how accuracy varies with changes in the PS and the proportion of data allocated to
training in comparison to testing. There is some level of consistency, particularly in the relationship between PS
and model performance. There is a clear pattern in both training and testing results that the PS of 20 and 30 show
higher performances. Although the consistency of these results varies with different split ratios, the superiority in
terms of performance oscillates between PS 20 and 30 only, regardless of the specific split ratio used.

Furthermore, Figure 5 confirms that the PS of 20 and 30 not only offer robust performance but also
the highest AUC values, emphasizing their efficacy in model prediction. As PS was set to 10, the AUC was
0.58, signaling a relatively low predictive performance. However, increasing the PS to 20 caused a
significant improvement, with the AUC rising to 0.93, suggesting a substantial enhancement in predictive
accuracy. Further increasing the PS to 30 continued to produce positive results, as the AUC value improved
to 0.95, indicating a high level of predictive capability. Surprisingly, when the PS was increased to 40, the
AUC dropped to 0.56, suggesting a decrease in predictive performance compared to the previous setting.
These findings highlight the importance of choosing an appropriate PS in GP to achieve optimal predictive
accuracy in modeling machine learning tasks.
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Figure 5. AUC-ROC at split ratio 0.2

4. CONCLUSION

This paper provides in-depth insight into the potential of machine learning with GP to be evaluated
on the house affordability dataset. House affordability is one of the critical issues in many countries that
contributed to major impact on socioeconomic and societal well-being. Research on identifying the effective
and efficient approach for housing affordability is useful for the government and the property industry to
strategize future planning. Due to problems of real datasets that hinder machine learning to generate high
accuracy results, using GP is beneficial. The evaluation of hyper-parameters in this study highlights the
critical challenge of identifying the optimal settings for GP in machine learning, particularly in the context of
modeling house affordability, where a 70% accuracy was achieved with a PS of 30. This research contributes
to the advancement of automated machine learning techniques using meta-heuristics optimization, offering
the potential for faster and more accurate preliminary analysis of real survey-based datasets, such as those
related to house affordability.
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