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Abstract: The advancement of urban scholarship and the effective addressing of urban environment
challenges necessitate the adoption of sophisticated analytical methods. Urban scholars and
policymakers need advanced analytical methods to tackle issues like gentrification, housing
affordability, and urban sprawl. Predictive models are crucial in the realm of urban sciences, and
hyperparameter tuning methods can significantly improve their accuracy and efficiency. Our study
compares three such methods — Optuna, Random Search, and Grid Search — using a housing
transaction dataset. We find that Optuna is not only 5.58 to 70.50 times faster than the other two
methods when applied to Random Forest and Gradient Boosting Machine algorithms, but also
achieves lower error values in key evaluation metrics on the test set, such as mean absolute error,
mean squared error, mean absolute percentage error and root mean squared error.

Keywords: hyperparameter tuning; Optuna; Grid Search; Random Search; urban sciences

Introduction

Machine Learning (ML) has emerged as a transformative technology, revolutionizing various
academic disciplines and industries through its capacity to derive valuable insights from data. This
powerful approach, which integrates statistical techniques, computational algorithms, and artificial
intelligence, has gained widespread popularity due to its remarkable capacity to identify patterns,
make predictions, and automate decision-making processes. The impact of machine learning has
been profound across a diverse range of fields, including urban sciences, clinical research (Weissler
et al.,, 2021; Miller, et al., 2023), biology (Noorbakhsh, et al., 2019; Greener et al., 2022; Chung, et al,,
2021; Ahlquist, et al.,, 2023), engineering (Grande and Imbimbo, 2012; Barbhuiya and Sharif, 2023),
computer simulations of physics-based models (Monteleoni, et al., 2011; Kashinath, et al., 2021;
Willard et al., 2022; Jamous, et al., 2023) and many others. Its versatility and adaptability have made
it an indispensable tool for researchers, scientists, and professionals seeking to unleash the full
potential of their datasets.

Machine learning’s relationship with urban sciences is emblematic of its transformative power
across academic and professional landscapes. As urban scholars grapple with the complexities of city
life, machine learning offers a robust set of tools to illuminate the hidden patterns within urban data.
The predictive prowess of machine learning algorithms can forecast urban growth, simulate the
effects of policy changes, and provide a data—driven foundation for urban sustainability initiatives.
In the context of urban sciences, machine learning aids in the analysis of social and spatial data,
enabling researchers to uncover correlations between urban phenomena such as housing density,
transportation networks, and public health outcomes. By harnessing the vast amounts of data
generated within urban environments, from traffic sensors to housing market statistics, machine
learning algorithms can help urban planners optimize land use, improve infrastructure, and enhance
the quality of life for city dwellers. By employing statistical techniques, computational algorithms,
and artificial intelligence, ML facilitates a nuanced exploration of the multifaceted challenges cities
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face, such as spatial analysis, urban gentrification (Reades, 2019), segregation, and sustainability (Li,
et al., 2023; Tsagkis, et al., 2023).

Furthermore, machine learning’s ability to process and analyze large—scale geospatial data is
invaluable for urban sciences. It can be used to monitor urban expansion, detect changes in land use
(Yuh, et al., 2023), and to predict air quality (Zhu, et al., 2018). The integration of machine learning
into urban sciences also facilitates the exploration of socio—economic disparities, providing a
quantitative basis for addressing issues of inequality and social justice within urban settings. As
machine learning continues to evolve, its applications in urban sciences are expected to become even
more sophisticated, offering unprecedented opportunities for urban scholars to engage with complex
urban challenges. The synergy between machine learning and urban sciences not only enhances our
understanding of urban dynamics but also equips policymakers with the insights needed to foster
more resilient and equitable urban futures.

Zheng, et al. (2023a) propose an Al model for spatial planning of urban communities. Key
aspects cover representing urban areas as graphs to capture irregular topologies; formulating
planning as a sequential decision-making problem on graphs; and using reinforcement learning with
graph neural networks to explore vast solution space. The Al model outperforms human experts in
objective metrics and can generate efficient plans tailored to different needs. A human-Al
collaborative workflow is proposed to enhance productivity and plan quality. This demonstrates the
potential of computational approaches in tackling complex urban planning challenges.

Zheng, et al. (2023b) propose a new approach to identify and analyze mixed—use urban
functional areas in Jinan, China, using big spatiotemporal data. Key aspects include applying a
revised information entropy method to quantify the degree of functional mixing; combining road
network and kernel density methods for accurate identification of functional areas; and simulating
urban layout in 2025 using the CA-Markov model. Their results show an increasing trend of mixed—
use areas in Jinan’s central region from 2015 to 2025. The study suggests optimizing urban functions
by expanding mixed—use areas, increasing infrastructure, and improving spatial efficiency.

Based on 140 publications, Wang and Biljecki (2022) highlights the growing importance of
unsupervised learning (UL) techniques in urban sciences. Clustering and topic modeling emerge as
the most widely used UL methods, applied across four main areas, namely urbanization, built
environment, sustainability, and urban dynamics. While UL offers powerful pattern discovery
capabilities from unlabeled data, limitations around data quality, interpretation, and validation need
to be addressed. Nevertheless, the integration of multi-source urban data and the potential of UL to
drive data-driven decision-making position it as a promising approach for understanding and
managing complex urban systems.

The use of artificial intelligence (Al) is changing the way we live and govern cities (Cugurullo,
etal., 2024). This study looks at how Al is affecting the way cities develop and argues that it’s different
from what's known as “smart urbanism”. In the future, Al could lead to the creation of “autonomous
cities” that are different from traditional “smart cities”. It compares what we know about smart
urbanism with new ideas and practices that are emerging due to Al; discusses the limitations and
potential problems of Al in cities, and finally provide ways to understand and think about the impact
of Al on cities now and in the future.

The transportation sector has experienced significant advancements through the incorporation
of ML technologies, particularly in domains such as traffic management, route optimization, and
predictive maintenance. The sustainable development of freight transport has become a major focus.
To measure its impact, companies need to develop methods to assess their social and environmental
performance. Castaneda, et al (2021) propose to use a supervised machine learning approach to
determine the level of sustainability (high, medium, or low) based on specific indicators. The model
is tested on an European company in the road freight sector, showing a high accuracy rate. The results
enable the development of green strategies for sustainable development (see also Hamner, 2010;
Ahmed and Abdel-Aty, 2013; Chung, 2013; Zhang and Haghani, 2015).

ML technology has also changed the real estate industry in recent years. It uses large datasets
and complex algorithms to make property valuations, market analysis, and investment decisions
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more accurate and efficient. By leveraging these insights, stakeholders in the real estate sector can
make more informed decisions and achieve better outcomes. According to recent studies (Ho, et al.,
2021; Kalliola, et al., 2021; Hjort, et al., 2022; Calainho, et al., 2022; Lorenz, et al., 2023), ML-powered
property valuation models are more accurate than traditional methods, and ML-based market
analysis can help identify opportunities that may have been overlooked through traditional methods
alone.

Literature Review

This section explores three machine learning algorithms used in urban problems. We start with
Gradient Boosting Machine, a powerful ensemble learning algorithm that combines multiple weak
models to create a strong and accurate predictor. It’s effective for complex datasets and can be used
for regression, classification, and feature selection. Next, we examine Random Forest, a popular
ensemble learning method that combines multiple decision trees to create a robust and accurate
model. It's known for handling large datasets and can be used for various tasks, including
classification, regression, and clustering.

Finally, we discuss three hyperparameter tuning methods that can be used to optimize the
performance of these algorithms. These methods are: Optuna, a state—of-the-art Bayesian
optimization method that uses a tree-structured Parzen estimator to search for the optimal
hyperparameters; Random Search, a simple and efficient method that randomly samples the
hyperparameter space to find the optimal combination; and Grid Search, a brute—force method that
exhaustively searches the hyperparameter space by evaluating each combination of
hyperparameters.

Gradient Boosting Machine

GBMs have become as one of the most widely used machine learning techniques for both
regression and classification tasks. They are a type of ensemble learning methods and combine
multiple weak learners, typically decision trees, to transform into a strong predictive model. The idea
behind gradient boosting is to iteratively improve the model by fitting new weak learners to the
residuals of the previous iterations, thereby reducing the overall error (Friedman, 1999). GBMs excel
in handling heterogeneous data types, feature interactions, and non-linear relationships, making
them suitable for a wide range of real-world applications. They have been successfully applied in
areas such as urban problems, real estate, finance, healthcare, and more.

Renaud et al. (2023) suggest using machine learning to detect and prevent Internet of Things
(IoT) attacks. Their study focuses on detecting noise level anomalies in a city suburb using machine
learning algorithms, including Gradient Boosting Machine and Deep Learning. Two types of attacks
are tested: sudden and gradual changes in noise levels. Their results show that their approach can
effectively detect these anomalies, even small changes in noise levels. This can help cities protect their
infrastructure and ensure a safer and more sustainable environment for citizens.

Ho, et al. (2021) employs three machine learning algorithms, namely support vector machine
(SVM), Random Forest (RF), and Gradient Boosting Machine (GBM), to assess property prices. This
study applies these methods to a dataset of 39,554 housing transactions in Hong Kong during the
period between June 1996 and August 2014, and then compares their results. In terms of predictive
power, GBM and RF outperform SVM, as demonstrated by their lower values of standard evaluation
metrics.

Based on GBM, Long et al. (2022) introduce a non—parametric method to measure how connected
financial institutions are, and how this affects their risk of failing. This paper studies the connections
between banks in China, and finds that banks with similar characteristics tend to be more connected
and riskier, especially those heavily involved in interbank activities like Industrial Bank. The banking
system becomes more connected during times of financial stress, and state-owned banks are more
likely to be the source of risk during instability.

Yin, et al. (2024) suggest that the GBM can effectively impute missing values related to
monitoring and reporting greenhouse gas emissions in healthcare facilities. By using larger datasets
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and the GBM, researchers can improve the accuracy of filling missing values, providing a more
precise depiction of GHG emissions from healthcare facilities. This could influence policy-making
and regulatory practices for monitoring and reporting GHG emissions. In this paper,
hyperparameters are optimized by tuning with Grid Search.

Despite their effectiveness, GBMs come with a myriad of hyperparameters that need to be
carefully tuned to achieve optimal performance. Hyperparameters control various aspects of the
model, such as tree depth, learning rate, regularization, and number of boosting iterations. Manual
tuning of these hyperparameters can be time—consuming and inefficient, especially given the high-
dimensional search space.

Random Forest

RF was introduced by Leo Breiman in 2001, as an ensemble method for classification and
regression tasks (Breiman, 2001). This innovative approach combines bootstrap aggregation and
decision trees to create a powerful predictive model, which has significantly influenced the field of
machine learning and remains a cornerstone in the development of ensemble methods.

Random Forest operates by constructing a multitude of decision trees during the training phase,
which are then combined to produce the final prediction. The strength of Random Forest lies in its
ability to handle large datasets with high dimensionality, while also providing resistance to
overfitting. Furthermore, due to the nature of the algorithm, it can naturally handle missing values
and maintain predictive accuracy even with a large number of irrelevant features.

Urban planning is becoming increasingly complex due to the vast amount of data available. The
integration and adoption of advanced information technologies within the domain of urban planning
have progressed at a relatively gradual pace. This trend has been particularly evident in recent years,
notably in the context of ‘smart city’ technologies and their implementation in urban environments.
Despite the rapid advancements in information and communication technologies (ICTs) across
various sectors, their application and assimilation into urban planning practices and methodologies
have not kept pace with the potential offered by these innovations. This lag in technological adoption
presents both challenges and opportunities for urban planners, policymakers, and researchers to
bridge the gap between cutting—edge technological capabilities and their practical application in
shaping more efficient, sustainable, and livable urban spaces. Advances in information technologies
have moved very slowly in the field of urban planning, more recently concerning ‘smart city’
technologies (Sanchez, et al., 2022; Jun, et al., 2023).

Sideris, et al. (2019) propose a solution using machine learning techniques. They combined data
from different sources and fed it into a Random Forest classifier and other machine learning models
to compare their performance. The results showed that Random Forest performed best in terms of
accuracy, precision, and other metrics.

Choy and Ho (2023) seek to demonstrate how machine learning can be used to deliver more
accurate pricing predictions, using the real estate market as an example. Utilizing 24,936 housing
transaction records, this paper employs Extra Trees (ET), k—Nearest Neighbors (KNN), and RF,
followed by hyperparameter tuning by Optuna, to predict property prices and then compares their
results with those of a hedonic price model. Their results suggest that these three algorithms
markedly outperform the traditional statistical techniques in terms of explanatory power and error
minimization.

A study by Aysan, et al. (2024) analyze survey data from 2016 to 2021 and find that Islamic banks'
accuracy in survey responses improves with a country's level of development. The study also found
a significant reduction in credit portfolio risk due to improved risk management practices, global
economic growth, and stricter regulations. Additionally, concerns about terrorism financing and
cybersecurity threats have decreased due to strengthened anti-money laundering regulations and
investments in cybersecurity infrastructure and education.

Loef et al. (2022) propose an approach to analyze large amounts of exposome data from long-
term cohort studies. Their study uses machine learning to identify predictors of health and applied
their method to the 30-year Doetinchem Cohort Study. Utilizing Random Forest (RF), their study
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finds that nine exposures, from different areas, are most important for predicting health, while 87
exposures have little impact. The approach shows an acceptable ability to distinguish between good
and poor health, with an accuracy of 70.7%.

Hyperparameter Tuning

Hyperparameter tuning is the process of finding the best combination of hyperparameters for a
machine learning model. It plays a crucial role in maximizing performance and generalization while
avoiding overfitting. However, the operation of hyperparameter tuning can be computationally
expensive, especially for complex models with plenty of hyperparameters. Several techniques have
been proposed for hyperparameter tuning, including Grid Search, Random Search, Optuna, and
more.

Traditional methods like Random Search and Grid Search often struggle to efficiently explore
the high—dimensional hyperparameter space, leading to suboptimal results or excessive
computational costs. Grid Search is a method that involves exhaustively evaluating a preset
hyperparameter values to find out the optimal combination. Although Grid Search ensures the
discovery of the global optimum within the search space, it can incur high computational costs,
particularly when dealing with numerous hyperparameters or continuous parameters requiring
precise resolutions.

In contrast, Random Search involves randomly sampling hyperparameters from specified
distributions. Despite its simplicity, Random Search often surpasses Grid Search in terms of efficiency
as it explores the search space more diversely (Bergstra and Bengio, 2012). However, there is no
guarantee of finding the global optimum, and the quality of the solution heavily relies on the number
of random samples taken.

Optuna represents a recent advancement in hyperparameter tuning techniques, introducing a
more streamlined and automated approach centered around Bayesian optimization and tree-
structured Parzen estimators (TPE). Diverging from the conventional Grid Search and Random
Search methods, Optuna builds probabilistic models to capture the link between hyperparameters
and the objective function, enabling informed decisions regarding which hyperparameters to
investigate next.

Through the application of Bayesian optimization principles, Optuna intelligently navigates the
hyperparameter space by emphasizing promising areas while disregarding less fruitful ones. This
adaptive sampling methodology leads to notable reductions in computational expenses and faster
convergence towards the optimal solution when compared to traditional approaches. A key strength
of Optuna lies in its lightweight and versatile design, facilitating seamless integration with a variety
of machine learning libraries and frameworks. Its Pythonic approach to defining search spaces and
simple parallelization capabilities further support its user—friendliness and scalability (Optuna, 2018).

Methodology

To conduct a fair comparison, we first implement each hyperparameter tuning method on GBM
with identical hyperparameter spaces. The experiments are performed on a dataset representative of
real-world scenarios to ensure the relevance of the results. The performance of each method is
evaluated based on two main criteria: computational efficiency and model performance metrics. In
supplement, we also implement each hyperparameter tuning method on RF with identical
hyperparameter spaces. The performance of each method is also evaluated based on the same criteria.

Gradient boosting is a powerful machine learning technique that constructs a predictive model
by aggregating multiple weak prediction models, typically comprising decision trees. The
fundamental principle underlying boosting is the transformation of a weak learner, a model that
exhibits poor performance in predicting the outcome variable Y, into a strong learner. In each
iteration, boosting assigns equal weights to each observation, aiming to reduce the differences
between the predictions generated by the weak learner and the actual values.

The gradient boosting algorithm employs the error rate to compute the gradient of the loss
function, utilizing this gradient to determine the optimal adjustments to the model parameters at
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each iteration. This iterative process is repeated m times, where m is a hyperparameter specified by
the data scientist. Target variable Y is assumed to be a continuous real-valued quantity. This

approach endeavors to construct an approximation (ﬁ (x)) to the weighted summation of functions

derived from weak learners (hi (x)).

PO =a+ ) i) M)

We can then utilize Equation (2) to seek an approximation that minimizes the average value of the
loss function over the training set, and commence with a model comprising a constant function, and
subsequently transform it into Equation (3):

Fo(x) = arg min z L(y;,6) )

hm €K

Fn(x) = Fn_1(2) + arg min [Z L0t P 1cxl>+hm<xl))] ®

hnm € H represents a base learner function where /1 denotes the optimal function at each step.
However, it is not feasible to precisely determine the optimal function h that minimizes the loss
function L, as noted by Swathi and Shravani (2019). To address this minimization problem, data
scientists can utilize a steepest descent approach. Under the assumption that ¥ is the set of arbitrary
differentiable functions on R, the model can be updated according to the following equations:

n
F () = Fn ) = O > g L0 Fpoy () @
i=1
n
O = argmin ) L (¥ Fn-1() = 67, L0 Fnoa () (5)
i=1
where the derivatives are taken with respect to the functions F; for i € {1,...,m}, 8,, is the step
length.

While this methodology may furnish an approximate solution to the minimization problem, it
is essential to acknowledge that the estimation of a GBM will only yield an approximation. The
performance of the model can be evaluated by calculating the coefficient of determination R? for the
test set, as well as assessing the mean absolute error (MAE), mean squared error (MSE), mean
absolute percentage error (MAPE) and root mean squared error (RMSE) respectively.

MY _ @
MAE = |(h(x ) y )l (6)
m
1 - . )
MSE = EZ(h(x(”) —y®) @)
100% (h(x®) —y®)
MAPE = — Z ;@ | ®8)
1w , .
RMSE = EZ(h(x(’))—y(‘))z )

i=1

where h(x®) and y@ represent the predicted value and actual value of the target variable Y,
respectively; and m represents the number of observations in the test data.
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Ultimately, the hyperparameters associated with the model can be optimized using various
techniques, including Optuna, Random Search, and Grid Search, to further enhance the accuracy of
the model. Hyperparameters are essential to determine the performance and ability to generalize of
machine learning models. Properly tuned hyperparameters can significantly improve a model’s
accuracy, efficiency, and robustness, enabling it to better capture the underlying patterns in the data
and make more reliable predictions.

The Random Forest algorithm is a supervised learning technique that utilizes an ensemble
learning approach for both classification and regression tasks. It operates by constructing a specified
number of regression trees, subsequently combining these trees into a unified model to yield more
accurate predictions than those generated by an individual tree. Random Forest undertakes the
construction of numerous decision trees during the training phase, where predictions from all trees
are aggregated to produce the final prediction.

By employing random sampling with replacement, a process known as “bagging” in machine
learning terminology (Breiman, 1996; 1997), Random Forest aids data scientists in mitigating the
variance associated with algorithms characterized by high variance, such as decision trees. When
provided with a training set comprising features denoted as X and corresponding outputs designated
as Y, bagging iteratively selects random samples from the training set § times (b = 1,2,...,) and
fits the trees to these respective samples.

For each decision tree, a random sample of instances is drawn with replacement from the
training dataset. Each sequence of instances corresponds to a distinct random vector @, which in
turn contributes to the formation of a specific tree. Due to the inherent variability in these sequences,
the decision trees constructed from them also exhibit slight variance. De Aquino Afonso et al. (2020)
propose that the prediction generated by the K-th tree for a given input X can be expressed using
Equation (10):

h,(X) = h(X,0,),Vk € {1,2, ...,K} (10)

where K is the number of trees. During the process of tree splitting, features are randomly selected at
each node to prevent correlations among them. A node denoted as S can be divided into two subsets,
S1 and S2, by choosing a threshold denoted as "c," which minimizes the disparity in the sum of
squared errors.

2

2
1 1
SSE = z vV — —z V; + z Vi — v V; (11)
1541 |52

iESi i651 i:iESZ iESZ

By adhering to identical decision rules, any subtree’s output can be predicted as the mean or median
output of the respective instances. Eventually, the final prediction can be derived as the average of
the output from each tree, as articulated in Equation (12).

K
h(X) = %Z hye (X) (12)

The performance of the model can be evaluated by calculating the coefficient of determination R?
for the test set, as well as assessing the mean absolute error (MAE), mean squared error (MSE), mean
absolute percentage error (MAPE) and root mean squared error (RMSE) respectively. Ultimately, the
hyperparameters associated with the model can be optimized using Optuna, Random Search and
Grid Search to boost the performance of the model.
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Table 1. Hyperparameter Space for GBM and RF.

GBM RF
bootstrap True
criterion friedman_mse friedman_mse
learning_rate 0.1
loss squared_error
max_depth 2,3,...,10 10,11, ..., 20
max_features sqrt sqrt
min_samples_leaf 2,3,...,10 2,3,...,10
min_samples_split 2,3,..,10 2,3,..,10
n_estimators 500, 510, ..., 600 50, 60, ..., 150
Subsample 0.6

Data Definitions and Sources

In this study, we focused on the analysis of one specific private housing estate, Ocean Shores, in
the Tseung Kwan O district of Hong Kong. This housing estate is classified as one of the “selected
popular residential developments” by the Rating and Valuation Department of the Hong Kong SAR
Government. Ocean Shores consists of 15 residential blocks and 5,726 domestic units. Our dataset
covers the period from January 2010 to December 2020, with a total of 7,652 cross—sectional
observations. Detailed information on individual buildings, locations, transaction dates, occupation
permits, sale prices, square footage, and other property characteristics (such as the inclusion of a
parking space) is maintained by the government and compiled by a commercial entity known as
"EPRC." Property prices in our analysis are adjusted for inflation using the popular housing estate
price index published by the Rating and Valuation Department. Some records were excluded from
our dataset due to inaccuracies.

where
P} represents the total transaction price of residential property i during time period #, measured in
HK dollars.

NFA! represents the net floor area of residential property i.

AGEf represents the age of residential property i in years, which can be obtained by the difference
between the date of issue of the occupation permit and the date of housing sales.

FL! represents the floor level of residential property i resides.

Ef,Sf, W, Nf,NE{,SEf, SW} & NW/ represent eight orientations that residential property i is facing.
They are assigned to be 1 if a property is facing a particular orientation, 0 otherwise. The omitted
category is Northwest so that coefficients may be interpreted relative to this category.

Exploratory Data Analysis

Exploratory statistics is a field that focuses on exploring and summarizing datasets to gain
insights into patterns, trends, and characteristics before modeling or hypothesis testing. By using
graphical and numerical methods, researchers can conduct exploratory data analysis to examine key
characteristics. Figures 1-3 show histograms, correlations, and a correlation matrix for property
prices and features. The results reveal a high correlation between footage area and property prices at
0.8, as well as moderate correlations between southeast at 0.4 and property age at —0.4, and floor level
and south at 0.2. Table 2 provides a summary of descriptive statistics for the features analyzed in this
study, offering a concise overview of the dataset.
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Figure 1. Histogram.
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Results and Discussions

In this study, we partition our dataset into 5 equal folds, using each fold as a test set in a specific
iteration. We also apply k—fold cross-validation to evaluate the performance of machine learning
models on a subset of the data, typically referred to as the training set (80% of the sample). The
remaining 20% is used to generate predictions. This approach allows us to assess the model's
performance on various subsamples, developing k distinct models in the process, and evaluating
them on unseen data.

Table 3 compares the hyperparameter selections made by three tuning methods after estimating
the GBM. The hyperparameters criterion, learning_rate, max_features, and subsample were fixed,
while the tuning methods independently selected optimal values for max_depth, min_samples_leaf,
min_samples_split, and n_estimators. The results indicate that the three methods do not converge on
the same optimal hyperparameters. Specifically, Optuna selects a max_depth of 6, whereas Random
Search and Grid Search agree on a value of 5. Similarly, Optuna chooses a min_samples_leaf of 9,
while Random Search and Grid Search agree on a value of 10. Furthermore, Optuna selects
n_estimators of 520, whereas Random Search and Grid Search agree on a value of 500 for this
hyperparameter. Min_samples_split is another hyperparameter where the methods diverge, with
Optuna selecting 9, while Random Search and Grid Search choose values of 3 and 2, respectively.

Table 4 presents the results of using GBM optimized by each method. Our findings indicate that
Optuna outperforms Random Search and Grid Search in terms of computational efficiency and model
performance. Optuna accomplishes the hyperparameter optimization process in a duration of
approximately 4.84 minutes, thereby demonstrating a remarkable acceleration of 8.78 times
compared to Random Search (42.52 minutes) and an impressive acceleration of 70.50 times compared
to Grid Search (341.48 minutes). This substantial reduction in computation time is particularly
valuable in situations where resources are limited or time—sensitive applications are involved.
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Furthermore, GBM models optimized using Optuna exhibit superior performance metrics
compared to those optimized using Random Search and Grid Search. Evaluation metrics such as
mean absolute error (MAE), mean squared error (MSE), mean absolute percentage error (MAPE), and
root mean squared error (RMSE) consistently display lower values for models optimized by Optuna
on the test set, suggesting that Optuna effectively traverses the hyperparameter space to identify
optimal configurations that lead to models with enhanced predictive accuracy and generalization
capabilities.

Table 3 also presents a comparison of the hyperparameter selections made by three different
tuning methods after estimating a Random Forest (RF) model. In our experimental setup, the
hyperparameters bootstrap, criterion, and max_features are fixed, while each tuning method
independently determine optimal values for max_depth, min_samples_leaf, min_samples_split, and
n_estimators. Interestingly, all three tuning methods select the same value for min_samples_leaf at 2.
However, differences have emerged in the choice of max_depth, min_samples_split, and
n_estimators. Optuna opts for a max_depth of 18, whereas Random Search and Grid Search select
values of 19. With regard to min_samples_split, Optuna chooses a value of 3, whereas Random Search
and Grid Search select values of 4 and 2, respectively. Furthermore, Optuna and Random Search
agree on a value of 130 for n_estimators, while Grid Search selects a value of 110.

In Table 4, our results based on RF indicate that Optuna surpasses both Random Search and
Grid Search in terms of computational efficiency and model performance metrics. Notably, Optuna
exhibits significantly faster computation speed, completing the hyperparameter optimization process
in approximately 2.91 minutes, a reduction of 5.58 times compared to Random Search (16.23 minutes)
and 53.61 times compared to Grid Search (156.02 minutes). RF optimized using Optuna also displays
superior performance metrics compared to those optimized using Random Search and Grid Search.
Evaluation metrics such as MAE, MSE, MAPE, and RMSE consistently show lower values for
Optuna—optimized models based on test set, suggesting that Optuna effectively traverse the
hyperparameter space to identify optimal configurations that lead to models with enhanced
predictive accuracy and generalization capabilities.

In both algorithms, these lower error values indicate that Optuna—optimized models achieved
higher predictive accuracy and better generalization capabilities on unseen test data. By effectively
navigating the high—dimensional hyperparameter space, Optuna identifies optimal configurations
that enables the trained models to capture the underlying patterns in the data more accurately,
leading to improved performance across different error metrics. The exceptional performance of
Optuna can be attributed to its innovative algorithmic design, specifically its utilization of Bayesian
optimization and pruning techniques. Unlike Random Search, which explores the hyperparameter
space randomly, and Grid Search, which follows a systematic search through predefined
hyperparameter combinations, Optuna adopts a more intelligent approach by utilizing past trials to
steer the search towards promising regions of the hyperparameter space.

Table 2. Descriptive Statistics.

RP GFA AGE FL E S W N NE SE SW NW

Count 7652 7652 7652 7652 7652 7652 7652 7652 7652 7652 7652 7652
Mean 3.65468 560.21445 6.45791 28.64310 0.07462 0.074750.089000.064040.264110.067300.248040.11814
Std  0.99348 94.34913 5.18221 15.94853 0.26280 0.26301 0.284760.244830.440890.25056 0.431900.32279

Min 0.51868 402  0.00274 1 0 0 0 0 0 0 0 0
25% 2918350 506  1.86575 15 0 0 0 0 0 0 0 0
50% 3.31126 552 5.89041 30 0 0 0 0 0 0 0 0
75% 4.01398 559  9.50137 42 0 0 0 0 0 0 0 0
Max 8.21933 851 20.09589 53 1 1 1 1 1 1 1 1

Skew 1.33763 1.35301 0.66926 -0.17527 3.2381783.234582.887453.562261.07033 3.454721.167052.36659
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Table 3. Optimized hyperparameters for GBM and RF.
GBM RF
Optuna Rsaenai:;n Grid Search  Optuna Rsaenai:;n Grid Search
bootstrap True True True
criterion friedman_msefriedman_msefriedman_msefriedman_msefriedman_msefriedman_mse
learning_rate 0.1 0.1 0.1
loss squared_errorsquared_errorsquared_error
max_depth 6 5 5 18 19 19
max_features sqrt sqrt sqrt sqrt sqrt sqrt
min_samples_leaf 9 10 10 2 2 2
min_samples_split 9 3 2 3 4 2
n_estimators 520 500 500 130 130 110
subsample 0.6 0.6 0.6
Table 4. Results based on GBM and RF.
GBM RF
Optuna R;;i:::‘ Grid Search  Optuna I{Sa;i:;n Grid Search
R2 0.96677 0.95480 0.95480 0.96256 0.96318 0.96306
(0.91837) (0.91774) (0.91774) (0.91879) (0.91837) (0.91851)
MAE 0.11442 0.13285 0.13285 0.10740 0.10638 0.10686
(0.16595) (0.17022) (0.17022) (0.16349) (0.16383) (0.16363)
MSE 0.03279 0.04460 0.04460 0.03694 0.03633 0.03645
(0.08060) (0.08122) (0.08122) (0.08018) (0.08060) (0.08046)
MAPE (%) 3.80679 4.45201 4.45201 3.71744 3.68398 3.69441
(5.66011) (5.74195) (5.74195) (5.54538) (5.66610) (5.56038)
RMSE 0.18107 0.21119 0.21119 0.19220 0.19062 0.19092
(0.28391) (0.28499) (0.28499) (0.28317) (0.28390) (0.28366)
Computational 290.60 2,551.43 20,488.57 174.62 974.02 9,361.18
speed seconds seconds seconds seconds seconds seconds

Notes: Figures indicate the values for training set while figures in bracket indicate the values for test set.

Conclusions

In conclusion, the rapid development of machine learning algorithms has opened up new
avenues for accelerating research and development in urban sciences research. By leveraging faster
hyperparameter optimization methods like Optuna, researchers can optimize the performance of
machine learning algorithms and identify new patterns and relationships in complex data sets. This,
in turn, enables the development of targeted policies and interventions that can drive tangible real-
world impact in urban sciences. The efficiency and accuracy in predictive modeling demonstrated by
Optuna are crucial for urban scholarship, as they facilitate the effective analysis of complex urban
dynamics and inform decision-making in this field. Therefore, the adoption of advanced
hyperparameter tuning methods like Optuna is essential for accelerating the growth and
development of urban sciences research.

The potential benefits of using Optuna in urban sciences are vast. By optimizing the performance
of machine learning algorithms, researchers can unlock new insights into complex urban phenomena,
such as traffic patterns and housing market trends. This, in turn, can inform more effective policy—
making and decision-making at the local and national levels. Furthermore, the increased efficiency
and accuracy of predictive modeling enabled by Optuna can also help to reduce costs and improve
resource allocation in urban planning and development.

In addition, the adoption of advanced hyperparameter tuning methods like Optuna can also
help to bridge the gap between academia and practice in urban sciences. By providing researchers

d0i:10.20944/preprints202406.0264.v2
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with faster and more accurate methods for optimizing machine learning algorithms, Optuna can help
to accelerate the translation of research findings into practical solutions for urban challenges. This, in
turn, can help to drive innovation and progress in urban sciences research, ultimately leading to more
effective and sustainable solutions for urban challenges.
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