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ABSTRACT

This study presents a data-driven machine learning (ML) approach to study the structural

behaviour of cold-formed steel (CFS) columns with web openings. A total of 23 experimental

results from literature were employed for validation purposes. It was shown that the

validation ratio is reasonable as the average ratio of experimental to FEA strengths (FEXP/FFEA)

is 1.07. Afterwards, a total of 15,000 data points for training selected ML algorithms are

generated from elasto plastic finite element analysis (FEA), which incorporates both initial

geometric imperfections and residual stresses. The input features of this study are the overall

lip width of the section, web height, section thickness, length of channel section, hole and

edge configuration (number, spacing, radius). A total of six machine learning (ML)

algorithms, namely, XGBoost, Decision tree, Artificial Neural Network, Random Forest,

Lasso Regression, and Linear Regression, are evaluated to examine the structural behaviour

of CFS columns with web openings. 10-fold cross-validations are performed on selected ML

algorithms. It was found that the proposed XGBoost model outperformed other previously

described machine learning (ML) algorithms in comparison. The XGBoost algorithm

produced the best accurate predictions (99%) with the shortest training time. In addition, the

XGBoost model has the lowest mean root squared error and mean absolute error. An

investigation of the importance of input factors found that lip width of the section and length

of channel section were the most relevant features.

Keywords: Data-driven; Machine learning; Predict structural behavior; Cold-formed steel

(CFS); 10-fold cross-validations; XGBoost; Decision tree; Artificial neural network; Random

forest; Lasso regression; Linear regression; Hole effect; Finite element analysis.
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Chapter 1: INTRODUCTION

Since the early 1940s cold-formed steel (CFS) sections have been frequently employed in

structural engineering applications [1]. The CFS sections provides several benefits over hot-

rolled steel, including superior strength-to-weight ratio, mobility, compatibility, cost-

effectiveness, quality control, and production adaptability. These advantages have resulted in

the widespread usage of CFS sections in the modern building sector. Typically, CFS columns

have been frequently applied to flexural construction framework parts.

The structural behaviour of CFS columns has been the subject of several investigations in the

past. Numerous empirical equations [2-4] have been presented to characterise the

performance of CFS columns. Holes are bored into the webs of CFS columns for ducting,

plumbing, and other applications. However, web openings in CFS columns might diminish

the overall or individual strength of the component. The load-bearing capacity of the cross-

section of CFS column is essentially controlled by the configuration and arrangement of the

openings, the material’s characteristics, and the cross-sectional area. Kulatunga et al.

investigated the buckling behaviour of CFS columns with different openings [5]. Their study

compared alternative perforation diameters, hole lengths, and hole regions using four

experimental data sets. They found a significant association between deformation behaviour

and ultimate load based on the research and comparison of experimental and finite element

data. Traditional CFS columns with web holes are often unreinforced (Fig. 1(a)), which can

dramatically lower their load-bearing capability. To solve this issue, the CFS columns with

edge-stiffened web openings (Fig. 1(b)) has been widely used in New Zealand [6-10]. These

studies aimed to investigate the structural performance of web openings in CFS columns.

According to their research, CFS columns with edge-stiffened web holes can have greater

structural strength than webs with no edge stiffening. Tests of axial compression [6], bending

[7], and web crippling [8-10] indicated that edge-stiffened web holes could enhance structural

capacity by 2%, 14%, and 15%, respectively.

Australian/New Zealand Standard (AS/NZS 4600:2018) and American Iron and Steel

Institute Specification (AISI S100-16) do not provide design recommendations for CFS

channel sections with edge-stiffened web holes. As a result of an in-depth examination of the

adequacy of the design regulations for CFS channel sections with unstiffened web holes in

AS/NZS 4600:2018 [11] and AISI S100-16 [12], it was evident that the calculation results
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from the proposed design equations would differ from experimental results by as much as 20

percent in some cases [13-21].

This report discusses whether the numerical data generated from the results of non-linear

elasto plastic Finite Element Analysis (FEA) can be used to provide training data for Machine

Learning (ML) algorithms to predict the experimental results. In such non-linear elasto

plastic FE models, it is necessary to include the initial geometric imperfections and residual

stresses from cold-forming process. AS/NZS 4600:2018 [11] provided the initial geometric

faults, while Moen et al. [22] provided the residual stresses.

In recent years data-driven machine learning methods have been widely used to evaluate

underlying issues’ complexity [23-26]. Xie et al. [23] presented a summary of the present

state of machine learning in earthquake engineering. They explored the use of machine

learning in four subfields of seismic engineering. Specifically, machine learning approaches

have been implemented in seismic hazard analyses and vulnerability assessments, system

identification and damage detection, and structural control. The failure mechanisms of

reinforced concrete bridges were predicted by Mangala et al. [24] using machine learning

techniques. That research investigates reinforced concrete bridge failure modes using

quadratic discriminant analysis (QDA), K-nearest neighbours (KNN), decision trees (DT),

random forests (RF), naïve Bayes (NB), and artificial neural networks (ANN). Using

conventional prediction data as a baseline, they found that ANN and QDA provided the most

accurate predictions, with the ANN algorithm being more in line with their study approach.

Parmer et al. [27] evaluated ANNs, a neuro-fuzzy interface, and a neuro-fuzzy-wavelet

coupled model to forecast river water quality elements. The third model generated more

precise predictions than the artificial neural network, neuro-fuzzy, and regression models. In

research on landslide susceptibility mapping, Yao et al. [28] discovered that a two-class

support vector machine (SVM) was more accurate than a one-class SVM and logistic

regression.

The most significant aspect of using ML algorithms is the complexity of converting input

characteristics to numerical data and choosing the optimal topology to evaluate the prediction

problem [29]. Due to the high risks and costs, the construction industry is hesitant to

implement AI approaches in construction and management [30]. A subtype of artificial

intelligence known as Shallow ANN has been used to accurately analyse the structural

performance of steel components [31-38]. Gholizadeh et al. [31] evaluated the load-bearing
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capacity of steel beams by training a shallow ANN with nonlinear FEA data. Currently there

are a number of engineering applications was applied based on ML algorithms, such as

modelling bridge cracks [39] and segmenting pictures to assess pavement faults using

convolutional networks and uncertainty frameworks [40]. Mangala et al. [41] evaluated the

mechanism of seismic failure in reinforced concrete shear walls using eight machine learning

algorithms. These eight algorithms consist of XGBoost, CatBoost, AdaBoost, and LightGBM,

and others. The use of ML algorithms in structural engineering has focused on predicting the

shear strength of reinforced concrete beam-column junctions, identifying the failure mode of

circular reinforced concrete bridge columns [42], predicting earthquake-induced building

damage [43], classifying failure modes, and predicting the shear strength of reinforced

concrete beam-column joints [44-45]. Lyu et al. [46] examined the efficacy of FEA,

regression analysis, and ANN methods. They discovered that all three can be consistent and

that ANN can be used to predict experimental results.

According to the literature review, ML research on the structural behaviour of CFS channels

with openings is clearly needed. This data-driven technique can provide an open-source

paradigm for both applied and academic purposes. Consequently, the objectives of this study

are:

To create a substantial experimental database of 15,000 test points of CFS with or without

web openings. Such an open-source database facilitates the adoption of data-driven

estimating methods for studying the structure behaviour by future researchers.

Develop advanced machine learning (ML) algorithms, including XGBoost, Decision tree,

Artificial Neural Network, Random Forest, Lasso Regression, and Linear Regression, to

determine the algorithm that predicts the behaviour of CFS columns with the highest

accuracy while minimising the required computation time [47]. These six ML models were

selected based on their compatibility with the article-specific database. In addition, selecting

the best accurate predictions and shortest training time machine learning algorithms for

database construction.

Compare machine learning predictions with design standards and for each ML algorithm.
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The input parameters for selected ML algorithms include: Overall lip width (b1), Web

height(d1), Section thickness(t), length of channel section(L), hole number(n), hole

spacing(s), hole radius(a), edge thickness(w), edge height(q), and edge expand(e).
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Chapter 2: LITERATURE REVIEW

2.1 Background of the literature

Cold-formed steel (CFS) sections are fabricated by rolling structural-grade sheet steel

through a succession of dies to create sections and other forms [1]. The production of cold-

formed steel using a single bending press machine dates back more than a century. In 1910,

the United States built the first continuous roll-forming apparatus [49]. Since 1960, cold-

formed steel has made rapid advancements. In 1989, the annual global output of cold-formed

steel reached 8 million tonnes, with over 10,000 distinct types and specifications [50]. The

production of cold-formed steel in various industrially developed countries accounted for

around 5 percent of total steel production [51]. Cold-formed steel sections can produce a

variety of lightweight, thin-walled, intricate cross-sectioned, and relatively robust products

than hot-formed steel products. The moment of inertia of cold-formed sections is

significantly greater than hot-rolled sections with the same cross-sectional area. The radius of

gyration of cold-formed sections can be increased by more than 50%. This means it can

reduce metal consumption from 25 to 50% for building structures and about 40% for sheet

piles [52]. In addition to the construction industry, cold-formed steel sections is used

extensively in the production of vehicles, agricultural machinery, ships, containers, highway

guardrails, and furniture. In recent years, cold-formed sections have become prevalent in

metropolitan structures around the world. Cold-formed steel combinations of mesh shells,

shelves, and single- and multi-story dwellings have also undergone rapid development. In the

building industry, 5 percent of all steel is cold-formed steel, and more than 70 percent of all

cold-formed steel is utilised in the building industry [53]. Cold-formed steel is often

fabricated into square and rectangular tubes shape in construction industry. Based on the

structural, mechanical and economic standpoint, cold-formed steel and H-beam are the

optimal combinations for the building industry, allowing for the factorisation of industrial

plants and residential development.

Cold-formed steel is produced from hot-rolled or cold-rolled steel strips with various cross-

sectional shapes and sizes. The billet of cold-formed steel columns will be bent and shaped
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afterwards. Cold-formed steel sections are often constructed from carbon structural steel,

low-alloy structural steel, atmospheric corrosion-resistant steel and stainless steel. There are

three classifications of cold-formed steel: open portions, semi-closed sections, and closed

sections. Angles, channels, caps, Z-beams, and other specific sections are all utilised in the

construction of buildings (see Figure.4) [54].

Fig.4 Different configurations of CFS sections [216]

As Davies notes, shape and yield stresses of CFS are becoming increasingly complex due to

modern technology [55]. This research [55] indicates indicate that the steel quality of CFS

sections will continue to increase and have a greater yield and tensile strength. The benefits

include reducing the size and weight of the structure; reducing the amount of welding work

and welding materials; reducing the number of various coatings (rust prevention, fire

protection, etc.); simplifying transportation and installation; reducing the cost of processing

of production, transportation, and installation of steel structures. At the same time, the usage

of welding materials and various coatings (rustproof, fireproof, etc.) can also be significantly

lower, which means less consumption of non-renewable resources and the environmental

damage caused by resource extraction. Simultaneously, the local stability had to be

reevaluated completely as the CFS cross-sections became more complicated, with increasing

strength and decreased thickness (figure 4). The inclusion of nickel has rendered the CFS

sections more resistant to corrosion. Even though it makes CFS sections more expensive than

standard steel, nickel provides a greater long-term cost benefit because to its superior

durability and lower maintenance costs. The number and size of CFS connections can also be

decreased.

CFS sections have several benefits over hot-rolled steel, such as the ability to enhance the

cross-sectional area of the radius of gyration by 50 to 60 percent and the moment of inertia of

the cross-section by 0.5 to 3.0 times [56]. Therefore, the material strength of cold-formed
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membets may be utilised more efficiently. It may also illustrate the large effect of steel

conservation compared to traditional steel structures. Nevertheless, cold-formed sections are

not flawless. Buckling is one of the primary issues with cold-formed steel components. In

cold-formed sections, local buckling, global buckling, distortional buckling, and shear local

buckling are often observed. Web crimping is a further issue with cold-formed steel sections.

It can occur where there is a concentrated strain on the support. Sometimes, cold-formed

portions cannot be furnished with a stiffener. The ductility and plasticity of sections of cold-

formed steel have certain limitations. Sectional buckling and the impact of cold forming by

strain hardening degrade ductility and limit plastic design options. Due to the extremely small

thickness, standard bolting and welding connection methods are not always applicable. Cold-

formed steel sections normally use blind rivets, self-drilling and tapping screws, fired pins,

and modern technologies such as press-joining, clinching, and rosette systems. Therefore,

connection design is more demanding and sophisticated for engineers [57].

In industrialised nations, cold-formed sections have been utilised in railway carriages for a

substantial amount of time [58]. Cold-formed sections production and product-loading

utilisation still have room for improvement. As indicated before, the problem of internal

stresses in cold-formed sections is exacerbated by the connection between the early

processing steps: uncoiling, rolling shear, closed coil, and then cold forming following

uncoiling and flattening[59]. As cold forming is a mechanically driven deformation, there is

substantial internal tension following the process. Although there is a process to rectify the

profile's proportions after cold forming, it is not particularly successful in relieving internal

tensions. Secondly, the internal stresses released during the preload treatment of descaling,

passivation and surface passivation may cause significant deformation of the cold formed

component, particularly for asymmetrical bores. Cold-formed sections have enhanced

mechanical qualities, corrosion resistance, and weldability, but their stamping properties are

inferior to standard carbon steel because of their dramatic bending springback. To assure

product quality, it is necessary to examine the cold-forming process utilising acceptable

process parameters.
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2.2 Machine learning algorithms

Internet, finance, and other fields generate a large amount of information, including photos,

data, audio, and video. Due to the Internet’s immense popularity and the rapid advancement

of computer technology, numerous high-tech corporations have already begun to utilise this

seemingly useless information to help them modify their products to meet market demands,

satisfy client wants, and even to make business decisions. Machine learning is used to process

these data to locate the correct information within a large amount of data and use it

effectively. Machine learning is also currently widely employed in the medical industry, the

Internet, and in other fields. Compare to traditional statistics methods, machine learning is

more able to handle vast amounts of data. Numerous categorisation and prediction algorithms

are emerging based on machine learning. However, machine learning has not been utilised

extensively in civil engineering, particularly in structural engineering [60]. A huge volume of

data were produced in field measurements, inspections, and laboratory testing of civil

engineering. Using machine learning to analyse these data can benefit engineers in making

decisions and judgments. Therefore, machine learning has a broad development perspective

in structural engineering.

Machine learning is an expanding topic of computing algorithms aiming to mimic human

intelligence by acquiring knowledge from the surroundings [61]. The objective is to extract

pertinent information from the data. Machine learning has grown to be pervasive in everyday

life. For instance, when individuals search for information, the search engine will

immediately provide results depending on the keywords input. Due to the ‘fight of the

century’ between ALPHA GO and the Go Grandmaster [62], machine learning and its

offshoot, deep learning, have gained widespread attention in recent years. It may appear that

all problems can be solved by applying machine learning to data, but this is not the case.

Machine learning is useful for conventional data analysis and predicting market behaviour,

but not in some engineering fields. Even with a significant quantity of experimental data, it is

only the appropriate machine learning method that can play a valuable role in predicting and

analysing fields such as structural engineering.
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Figure 5 illustrates the three types of

machine learning algorithms [63]:

supervised, unsupervised, and

reinforcement. Supervised learning

algorithms have both features, and

labelled values are present in the

original data. Its primary

characteristic is the capacity to

compare the output data with the

labelled values' interpolated values

and iteratively identify the model with the most outstanding performance. Unsupervised

algorithms have no labelled data, meaning only the input variable (X) is provided, and there

is no output variable. In unsupervised learning, the algorithm discovers the meaningful

structure of the data on its own. Reinforcement learning requires less “data feeding” than

supervised and unsupervised learning. Instead, it acquires particular abilities through trial and

error.

2.2.1 Supervised learning

Supervised learning handles known

problems and employs labelled data

sets to train algorithms to execute

particular tasks [64]. They are

utilising models to anticipate

outcomes that are already known.

The term “supervised” refers to the

fact that the output signal or label

required by the sample is already

known [Figure 6]. Supervised

learning techniques include KNN,

regression models, decision trees, random forests, K-neighborhood algorithms, logistic

regression, and SVM.
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The two primary types of supervised learning are classification and regression. Classification

is training an algorithm to categorise discrete variable-containing input data. During training,

“class”-labelled training input data is delivered to the algorithm. In spam filtering, for

instance, supervised learning techniques might be utilised. A corpus of labelled emails is

employed as the training model in this instance, and a supervised learning training model is

applied to predict whether a new email is a spam or not. A classification task such as the

spam filtering previously described is also known as supervised learning with discrete

classification labels. In contrast to classification, regression involves training an algorithm to

predict the output of a continuous range of potential values. In regression, the algorithm is

required to discover the functional relationship between the input and output parameters. The

output values are a function of the input parameters instead of being discrete, like a

classification. The accuracy of the regression procedure is computed based on the deviation

between the actual output and the projected output.

- Predicting classification of labels

Classification is a sub-field of supervised learning the objective of which is to predict the

classification labels of fresh samples based on previous observations [65]. These

categorisation labels are discrete, unordered values that can be regarded as the relationships

between sample group members. Email spam detection is a typical binary classification task

in which machine learning algorithms learn rules to differentiate spam from non-spam.

However, not all classifications of datasets are binary. The predictive model created by the

supervised learning algorithm can assign labels from the training set to unlabelled new

samples after learning. A classification problem involves more than two category labels

instead of binary classification. The multi-classification does not distinguish between normal

and pathological outcomes. Instead, samples are categorised based on membership in a series

of established classes. In specific issues,

the number of class labels may be

extremely large. For example, a model

may predict that a photograph depicts

one of the thousands of faces in a face

recognition system [66]. Problems

involving the prediction of sequences of

words, such as text translation models,
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can also be categorised as a subtype of multi-classification. Each word in the sequence of

words to be predicted involves a multi-category classification. The size of the words defines

the number of categories that can be predicted, which may be thousands of words in size. A

multivariate probability distribution model is usually used to model the multi-category

classification task. A multivariate distribution is a discrete probability distribution that

contains events with definite classification outcomes, such as K in {1,2,3,..., K} for this

classification task [67]. This means that the model can predict the probability that a sample

belongs to each category label.

Figure 7 illustrates the basic concept of binary classification. The sample values of both

labels (-) and (+) are in the plane formed by x1 and x2. The model prediction is performed by

supervised machine learning, and the two samples with different labels are classified and

arranged on both sides of the dotted line.

- Regression for predicting continuous outcomes

Regression is the examination of existing points (training data) and the fitting of a suitable

functional model (y = f) to them (x). Here, y represents the data’s label. For a

new independent variable x, this functional model yields the label y. The

regression problem involves variables of a continuous kind.

Linear regression is a type of regression analysis in statistics that describes the relationship

between one or more independent and dependent variables using a minor square function

termed a linear regression equation [68]. This function is a linear combination of one or more

regression coefficients, which are the model parameters. The case of a single independent

variable is known as simple regression, while the case of several independent variables is

known as multiple regression [69]. In univariate linear regression, a straight line is found to

best fit the data when only one x

variable is used to predict y.

Figure 8 shows a scatter plot of a

set of data, with the horizontal

coordinate representing the

amount of advertising input and

the vertical coordinate
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representing the sales volume. Linear regression is about finding a straight line and making

that line fit the data points in the plot as closely as possible (distance variance).

2.2.2 Reinforcement learning

Reinforcement learning is a method for training machine learning models to make a series of

decisions [70]. In other words, it is learning how to map states to behaviours to maximise

reward [71]. This agent must continually experiment in the environment in order to maximise

the state-behaviour connection based on environmental feedback (reward). Trial and error

and delayed reward are the two essential components of reinforcement learning. Four

characteristics distinguish reinforcement learning: the absence of a supervisor and the use of

just a reward signal; delayed rather than immediate feedback; a time-series structure; and the

intelligence's behaviour affects subsequent data. Typically, reinforcement learning systems

consist of four elements: policy, reward, value, and model.

- Policy: The policy defines the behaviour of intelligence for a given state; it is a

mapping from state to behaviour [71]. The state includes the state of the environment

and the state of intelligence.

- Reward: The reward signal defines the goal of the reinforcement learning problem

[72]. At each time step, the scalar value sent by the environment to the reinforcement

learning is the reward, which defines how well the intelligence performs, similar to

how humans feel pleasure or pain [71].

- Value: Value is an essential concept in reinforcement learning. Unlike the immediacy

of reward, the value function measures long-term gain. As is said: “people should

always look to the stars as well as the ground”. The evaluation of the value function is

to “look up to stars”, to judge the benefit of the current behaviour from a long-term

perspective, rather than just focusing on the immediate reward.

- Models: Models are simulations of the environment. For instance, the given states and

behaviours of reinforcement learning can predict the following states and the

corresponding rewards. However, not all reinforcement learning systems need a
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model, so there are two approaches: model-based and model-free. The model-free

based approach learns mainly by analysing strategies and value functions.

Figure 9 explains the overall

architecture of reinforcement learning,

which starts from the current state of

Agent. After making an action, it has

some impact on the environment. It

first gives a reward signal and status

back to the agent, and then the agent

can find some information from it,

enter a new state, and make a new

behaviour, forming a cycle.

2.2.3 Unsupervised learning

The unsupervised learning method is the unlabeled training set, which requires statistical

pattern analysis of the sample set [73]. In data mining, unsupervised learning is routinely

used to uncover patterns in enormous quantities of unlabeled data. The training aims to

develop the ability to classify or discriminate observations, etc., using unlabeled data.

Association rules and the K-means clustering algorithm are examples of strategies for

unsupervised learning. The most often used unsupervised learning techniques are clustering,

discrete point identification, and dimensionality reduction. Clustering is the most used

unsupervised learning technique.

- Finding subsets of clusters

Unsupervised learning is most dependent on accurate feature extraction. In dog recognition, a

dog's fur, limbs, ears, eyes, whiskers, teeth, tongue are considered distinguishing

characteristics. Dogs (canines) can be grouped into one class by grouping animals with the

same characteristics. Before implementing unsupervised learning, the machine is unaware

that this set of furry creatures belongs to a class. So, elephants and aeroplanes do not belong

in this category (trunks do not correspond), (they have wings). Feature validity directly

determines algorithm validity. If weight is clustered and physical characteristics are

disregarded, it will not be easy to differentiate between rabbits and dogs. Clustering aims to
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group related items, regardless of their class. Consequently, a clustering algorithm often

needs to understand how to compute similarity to begin functioning. All data sets are label-

free in unsupervised learning.

As seen in Figure 10, it is divisible

into two or three distinct sets of points

(clusters). If an algorithm can identify

the sets of encircled points in the two

diagrams above, it as a clustering

algorithm or unsupervised learning.

An unsupervised learning algorithm

receives a sequence of unlabelled

training data. The data is then

compressed through dimensionality

reduction using the number of clusters determined by the intrinsic structure of the data set.

Dimensionality reduction is lowering the number of variables in a data set while preserving

the integrity of the data [74]. Dimensionality reduction can be performed using feature

extraction and selection techniques. The feature selection method selects an initial collection

of variables. Methods for feature extraction transform data from a high-dimensional to a low-

dimensional space. The PCA algorithm is an example of a feature extraction method.

As shown in Figure 11, a non-linear dimensionality reduction algorithm was applied to

compress the Three-Dimensional data into a Two-Dimensional graph.

Fig. 11 An example of non-linear dimensionality reduction algorithm [220]
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2.3 Machine learning application in structure engineering

The typical phases of civil engineering design [75] are planning, design, construction, and

operation & maintenance. Each technique produces vast quantities of data. A time-series

organised data stream occurs in construction monitoring, operation monitoring, and

maintenance monitoring, and the data is simple to organise and use. Using machine learning

algorithms across the BIM-based design process provides robust scheduling, design

component recommendation, and compliance checks [76]. In the construction business,

machine learning may be utilised for monitoring the environment and ensuring worker safety,

among other applications such as structural engineering research. Traditional machine

learning methods such as regression and classification have been widely utilised in structural

engineering.

2.3.1 Regression algorithms

Regression algorithms can predict material metrics based on linear models, support vector

machines, and other models. Recently, Dabiri et al. [77] published research on machine

learning and regression methodologies for predicting the tensile strength of steel bars using

machine learning. Their research applied three machine learning models: nonlinear regression,

ridge regression, and an artificial neural network. Each of the three machine learning

techniques produced satisfactory results in terms of prediction. The model of nonlinear

regression attained the best performance. The R2 value of the nonlinear regression model was

greater than 90 percent when compared to the experimental testing's actual values. Bar size,

splice method, splice length, temperature, and steel type are essential input variables for

determining the tensile strength of bars. There is minimal value in applying machine learning

to forecast concrete strength since ordinary concrete's strength is clearly established in the

specifications. By utilising support vector machines to learn from a small number of

laboratory data samples, the computer can provide accurate strength predictions to assist

engineers in designing ultra-early concrete in pre-emptive projects and other materials for

which there are no specification requirements. This can significantly mitigate the risks

associated with a lack of experience applying innovative materials [78].

In 2020, Sun et al. suggest employing machine learning regression class approaches to

analyse buildings' structural design and performance assessment (SDPA) [79]. In his research,

he presents several critical difficulties with using machine learning in the construction of
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SDPAs. The insufficiency of the machine learning database for SDPA is one of the most

significant concerns. A high-quality, open-source database with appropriate data is necessary

to apply machine learning to anticipate and assess SDPAs correctly. This necessitates the

involvement of foreign scholars. For structural engineering applications, Moustapha et al.

compared the machine learning algorithms Kriging and SVR in 2019 [80]. Comparing the

analytical functions and finite elements of the two algorithms lead to the conclusion that SVR

is the best approach for machine learning in terms of performance and efficiency. Meanwhile,

Kaveh et al. [81] calculated the ultimate flexural loads of cylinders using machine learning

regression techniques. This research applied four unique machine learning algorithms: deep

learning, random forest, decision tree, and multiple linear regression. The study’s dataset was

collected through Latin hypercube sampling. Their analysis and comparison revealed that

deep learning produced the best accurate estimates of the ultimate buckling load. Khadem et

al. (2017) proposed employing multiple linear regression, artificial neural networks, and

adaptive neuro-fuzzy inference systems to assess the compressive strength of concrete after

28 days [82]. By comparing these three machine learning algorithms, they observed that

ANN and ANFIS are capable of delivering more exact prediction outputs than multiple linear

regression techniques. Sensitivity analysis was also performed in this enquiry. By comparing

sensitivity coefficients, they concluded that the more experimental input data were supplied,

the more exact the final prediction conclusions were. Typically, regression issues are used to

forecast a value, such as the price of a dwelling or the forthcoming weather [83]. For instance,

the actual price of a product is $500, yet the value projected using regression analysis is $499,

which seems to be a more accurate estimate. The linear regression (LR) approach is one of

the most used regression procedures. In addition, regression analysis is used in neural

networks, the top layer of which does not necessarily contain the SoftMax function but

instead accumulates the preceding layer. Regression represents an estimate of the actual value.

In structural engineering, regression-like machine learning algorithms are typically used to

assess the accuracy of predicted and experimentally observed values [84]. Various machine

learning techniques approaching regression are used to validate that the predicted outcomes

and actual values are comparable. Regression approaches are precise when researching the

structure-behaviour of a substance. However, regression algorithms are not a panacea, and

their performance with discontinuous data is limited.
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2.3.2 Classification algorithms

Classification algorithms are designed to label objects using discrete values [85]. For

example, categorisation may be used to determine if an image of an animal depicts a cat or a

dog [86]. The last layer of categorisation often applies the SoftMax function to determine the

object's category. In classification, there is no approximation, only one accurate and one

erroneous result, and there is no notion of similarity. Logistic classification or logistic

regression is the most common strategy for classification. Models such as basic Bayes,

logistic regression, and decision trees can be utilised to categorise engineering issues. For

instance, a Gaussian process may be used to categorise tunnel envelope rock types.

Classification of the tunnel envelope is a crucial area of research in tunnelling engineering.

Zhang et al. published a paper utilising machine learning to forecast the maximum bending

moment of a tunnel [87]. They utilised the MARS and decision tree machine algorithms in

their analysis. Based on an analysis of the prediction results of both machine learning

algorithms, it was concluded that both yield accurate bending moment predictions and are

thus suitable for engineering practice. Due to the diversity in engineering settings and input

variables, both methods must be adapted for diverse research applications. A significant

element of the design and construction plan for tunnelling projects is evaluating and selecting

acceptable support structures based on the surrounding rock stability. Nonetheless, machine

learning approaches applying Gaussian process models can substitute this manual decision-

making process for the logical classification of the surrounding rock kinds. Budget overruns,

accidents, and other incidents are commonplace in tunnel building projects due to the high

level of uncertainty. Consequently, it is crucial to predict the condition of the rocks

surrounding the tunnel. In recent years, a large number of machine learning algorithms have

been utilised to estimate tunnel building projects. Mahmoodzadeh et al. According to their

article, GPR is more accurate than machine learning algorithms such as ANN, SVM, and

deep learning. This reduces labour costs, makes construction methods and support structures

more realistic, ensures the stability of the tunnel, and eliminates catastrophic accidents. Siam

et al. [89] proposed a method based on machine learning to anticipate and characterise the

structural behaviour of shear walls. This study utilised both supervised and unsupervised

learning approaches to predict behaviour. By comparing the outcomes of these two

approaches' predictions, it was determined that machine learning could accurately detect and

predict the behaviour energy of structural components. In addition, the study demonstrates

that machine learning techniques have significant promise for future structural engineering
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predictive analysis and categorisation. These algorithms can analyse various construction

materials, including concrete, steel, and wood. Salehi et al. summarised and contrasted the

use of AI in structural engineering [90]. Their article compares and analyses the pros and

cons of machine learning, pattern recognition, and deep learning in structural engineering

applications. In the field of mechanics, machine learning and deep learning are excellent.

Both approaches may be used to precisely calculate mechanical values. In addition, they can

significantly improve traditional finite element methods. With the expansion and

development of modern science, ML, PR, and DL approaches may more effectively and

efficiently replace the traditional structural engineering calculation methods. Their use in

structural engineering applications will rise in the future.

Many machine learning techniques, such as neural networks, have been utilised in civil

engineering for quite some time. Machine learning can be used whenever data must be

regressed and categorised.
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Chapter 3: Research significance and Database

3.1 Research significance

The use of machine learning in structural engineering is still in its experimental stages and is

a significant distance from becoming a fully formed theory. The logic behind machine

learning and structural engineering is fundamentally distinct and challenging to combine. The

rationale underlying both disciplines have limits at a deeper level. The fundamental principle

of machine learning is to validate outcomes with data and evidence [91]. In contrast, the

reasoning is the norm in structural engineering, followed by the constant development of

hypotheses and derivation of formulae. Integration of machine learning with structural

engineering is relatively difficult. This section explains why machine learning has limited

application in structural engineering.

- Variability of data

The basis of artificial intelligence and machine learning are algorithms and data. Their

algorithmic architectures interconnect. However, there are several distinctions between

internet data and structural engineering data. For instance, the geographical variability of

ground vibrations in the same region is pretty significant that it is challenging to use data

from one site to describe the characteristics of another. This may result in inadequate data for

machine learning or a lack of precision.

- Security of the structure

The accuracy of machine learning is determined by the size and reliability of the amount of

data. Variability in the amount and correctness of the data makes it hard to assure the security

of the data structure. Consequently, the outputs of machine learning may generate varying

degrees of technical challenges.

- Structural independence

There are no duplicate structures in existence. A large quantity of data may be gathered for a

single structural project. Nevertheless, the difficulty and complexity of machine learning

implementation vary considerably between topologies. For instance, different ecosystems,
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geological properties, and loading conditions may cause the precision of machine learning

predictions to differ substantially.

- Diversification of structural engineering applications

Structural engineering applications in industrialised nations, such as Europe, the United

States, Japan, Australia, and New Zealand, are fundamentally separate. Their primary focus is

on infrastructure maintenance and renewal. New infrastructure must be created significantly

in rising nations such as China, India, Malaysia, etc., demanding quicker building approaches

[92]. In a nutshell, the demands of different locales are radically dissimilar. This study

captures academics’ interest by giving different machine learning algorithms for structural

engineering applications. From there, additional persons will understand and consider the

applicability of AI techniques to structural engineering applications.

A few literature pieces suggest ML strategies to investigate the structure and behaviour of

CFS columns. Since they are based on scant data, they are highly cautious. Several

researchers [93-97] have established publicly accessible datasets to explore the structural

behaviour of CFS. In 2016, Bilal et al. produced a study on the construction industry’s

employment of big data [98], which applies to construction engineering and is still in its

infancy. They explored the application of machine learning algorithms for data analytics,

mining, and warehousing within the construction sector setting [99]. MapReduce (MR) and

Directed Acyclic Graph (DAG) were employed for statistical data, data mining, and

regression algorithms. In addition, they discovered that many non-core services in the

construction business could benefit from extensive data analysis by executing various

machine learning operations, such as generative design (GD), conflict identification and

resolution, performance prediction, and visualisation analysis. Simultaneously, the massive

number of uses of Big Data approaches in construction brings various concerns. Data security,

privacy, and data quality are examples of these hazards. Their research indicate that big data

will be increasingly employed in building engineering and that big data and machine learning

technologies will considerably boost the efficiency of the construction process and preserve

both human and material resources. However, the sizes of the databases and the variety of

machine learning algorithms are restricted. It is required to establish a more extensive

database to boost the accuracy of predictions when developing a model for the structural

behaviour of CFS columns with web holes. This research seeks to better understand CFS

columns' structural behaviour by evaluating all relevant components and applying a wide
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variety of data [100]. The integrated 15,000 data points can boost the model’s potential to

make more accurate predictions. It must have appropriate variety in experimental outcomes.

The current study provides the road for the suitable usage of CFS in the commercially built

building sector and advocates the global deployment of CFS features [101].

3.2 Database

3.2.1 Statistical summary of the data

Table 13 lists the parameters that need to be examined. The section lip width and web height

range were arbitrarily set between 20-70 mm and 10-30 mm, respectively. As indicated in

Table 13, this collection of data ranges is by far the most frequent. The section thickness was

intended to range between 0.5 and 2.5. The section length was specified as 2000 and 3000

mm. In addition, the number of holes in each radius, edge thickness, height, and expansion

were established as significant characteristics. The web depth was chosen at 240 mm since

this is the most common size.

3.2.2 The validation of FE model

The experimental outcomes of Chen et al. [6] were used for validation purpose. The axial

capacities obtained from the experimental tests [6] and FEA are shown in Table 1. It was

shown in Table 1 that the average ratio of experimental to FEA strengths (FEXP/FFEA) is

1.07. It can be seen that the validation ratio is acceptable even though it is slightly higher than

the FE models with real imperfection. The estimated FEA results are consistently lower than

the actual experimental results, suggesting that FE models incorporating imperfection values

taken from the standard [11] were more conservative than the experiments with measured

imperfection. Afterwards, the training data was then generated from the validated FE models.
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Chapter 4: MODEL DEVELOPMENT

This study assessed six machine learning (ML) techniques for determining the optimal model,

namely Linear regression (LR1), Random Forest (RF), Lasso regression (LR2), Decision

trees (DT), Artificial Neural networks (ANN), and XGBoost (XB). All models were subjected

to 10-fold cross-validation for optimal results. Ten of the input characteristics given before

were utilised to evaluate these models. Scikit-learn [103], sometimes known as sklearn, is an

open-source machine learning toolkit written in Python. It enables efficient algorithmic

applications utilising Python numerical calculation libraries, such as NumPy, SciPy, and

Matplotlib, and it includes the vast majority of fundamental machine learning algorithms for

engineering applications. It is unlikely that such an algorithm could be implemented

manually in Python since it is time-consuming and labour-intensive. Building a model with a

clear structure and high stability may not be possible. Frequently, it is necessary to analyse

the collected data, select a suitable algorithm based on the characteristics of the data, call the

algorithm from the toolkit, adjust the algorithm's parameters, and obtain the required

information in order to achieve a balance between the algorithm's efficiency and effectiveness

[104]. In contrast, sklearn provides a framework for creating algorithmic applications

efficiently. This study will use Scikit-learn to develop the above mentioned ML algorithms.

4.1 Linear Regression

The linear regression algorithm is an essential technique that integrates machine learning and

statistics derived from statistical analysis. Statistics often focus on tests, whereas machine

learning focuses on the outcomes. Therefore, machine learning does not preclude variables

that may influence the model, such as covariance for linear regression but instead develops

the model first to determine the effect. If the model in this study does not perform well once

constructed, the researcher can then use statistical guidance to exclude potential factors that

could be affecting the model. The existence of regression requirements in the actual world

necessitates the development of numerous regression-like algorithms. The most well-known

are linear and logistic regression, from which ridge regression, Lasso, and elastic net are

derived. In addition, several classification techniques enhance regression, such as regression

trees, regression in random forests, support vector regression, Bayesian regression, etc [105].

In addition, other robust regressions are now derived, such as RANSAC, Theil-Sen

estimation, Huber regression, etc [106]. Considering the prevalence of regression difficulties
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in the actual world, it can be claimed that the regression family has evolved in a fairly

systematic manner. In comparison to logistic regression, principal component analysis with

singular value decomposition and support vector machines, the mathematical challenges

associated with linear regression are relatively straightforward [107]. Understanding linear

regression typically requires two perspectives: the matrix and the algebraic perspectives.

Almost all machine learning tutorials understand linear regression from an algebraic

perspective, similar to analysing logistic regression and support vector machines, which

transforms the problem of solving parameters into an optimisation problem with conditions,

and then uses three-dimensional images to illustrate the process of finding extrema [108].

This research will examine linear regression techniques using a matrix approach (a linear

algebraic approach). In statistics, linear regression (LR1) is a supervised method [109] that

provides a form of regression analysis. Using a least-squares function known as a linear

regression equation, it can analyse the relationship between one or more independent and

dependent variables. For example, in a two-dimensional plane, data sets have x-values and y-

values, together with a functional relationship between x and y. Linear regression provides a

method for fitting a straight line segment so that as many data sets as possible are as close as

possible to the straight line segment to identify the optimal data set. The regression function

used in this study for a sample i with n characteristics can be expressed as in Equation 1:

Eq. 1
In the equation ω is called the parameter of the model, where ω0 is called the intercept,

w1~wn is called the regression coefficient, and sometimes θ or β is used to represent it. where

y is the target variable of the function, which is the label. xi1~xin are the different

characteristics of the features on sample i. If the equation has m samples, the regression result

can be written as:

Eq. 2

where y is a column vector containing the regression results for all m samples [110]. This

equation can be represented as a matrix, where ω can be viewed as a column matrix with

structure (n+1, 1) and X is an identity matrix with structure (m, n+1), then matrix as shown in

Figure 12 below:
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Fig. 12 Regression function matrix of Linear Regression

In this study, the objective of linear regression is to develop a prediction function that depicts

the linear connection between the input feature matrix X and the label values y. The essence

of this predictive function is the model that must be built and the essence of building the

predictive function is locating the parameter vector of the model. Generally, the technique for

determining the parameter vector w involves defining the loss function and then solving for

the parameter vector by minimising the loss function or some variant of the loss function.

This strategy involves converting the pure solution problem into an optimisation problem.

The loss function in linear regression is defined as follows:

Eq.3

In equation 3, yi is the true label corresponding to sample i, and ŷ, or Xi ω, is the predicted

label of sample i under a set of parameters ω [110]. This loss function represents the result of

squaring the L2 paradigm of the vector y – ŷ. Where y and ŷ are the true label and predicted

value respectively and the loss function measures the difference between the predicted value

and the true label [111]. For this reason, the smallest value of loss function is require as show

in equation 4.

Eq.4
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This equation is also the loss function used behind Linear_model.LinerRegression in sklearn.

It is also called Residual Sum of Square (RSS). Afterwards, the parameter vector ω of the

linear regression is solved by applying the least squares method.

Eq.5

The ω in equation 5 is the optimal solution of the parameter. The calculated ω leads to the

calculation of X ω, and then to the solution of the predicted value ŷ.

The linear regression only contains simple class. It takes only four parameters to complete a

complete algorithm which include fit_intercept, normalize, copy_X, and n_jobs [112].

However, none of these factors is essential to the model, much less irreplaceable. This

indicates that the efficacy of linear regression is frequently dependent on the data themselves

rather than the ability to adjust the parameters. Consequently, linear regression likewise has

stringent data requirements. Fortunately, the majority of continuous variables are linearly

connected. Therefore, linear regression is simple but effective.

In the evaluation metrics of the classification model, when a comparison is made between if a

== b, this judgement and if b == a are in fact completely different concepts. However, R2 is

clearly not the same as accuracy or precision in the classification model metrics. R2 involves

a calculation that makes a huge difference between predicted and true values, where the

predicted value must be in the numerator and the true value in the denominator. Therefore,

when calling the metrics module to evaluate an indicator, it is important to check whether the

true value or the predicted value is entered in the indicator's parameters.

As observed from table 5, the Mean squared error (MSE) on the study CFS structure behavior

dataset is actually not small (300) and has a good value of R2 (0.86). This demonstrates that

the model fits some of the data values relatively well and fits the distribution of the data

correctly. Figure 13 plots two curves on a graph, one with the true label y(test) and the other

with predicted outcome y(predict), the more the two curves overlap, the better the model fit.
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Fig. 13 Linear Regression test - predict curve

As can be seen, while most of the data fits relatively well, there are significant fitting errors at

the beginning and end of the image. If more data is distributed on the right side of the image,

the model will increasingly deviate from actual labels. This result is similar to that mentioned

earlier, where the values are correctly predicted on a limited data set. However, the data

distribution is not correctly fitted, and if more data enters the model, the likelihood of the data

labels being incorrectly predicted is very high.

Model evaluation of regression-type algorithms has always been a difficult problem in Model

evaluation and has always been a challenging problem in regression methods. In contrast to

unsupervised learning algorithms, which evaluate metrics such as profile coefficients, the

objective of model evaluation in regression is to determine the difference between the actual

label and the predicted value [113]. There are two distinct perspectives on the influence of

regression in regression class algorithms, which correspond to distinct model assessment

metrics.
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- whether the correct values were predicted.

Mean squared error (MSE) and Mean absolute error (MAE) were used to measure the

difference between the predicted and true values [114]. In sklearn, there are two ways

to call this evaluation metric, one is to use the class mean_squared_error in the

sklearn specific model evaluation module metrics, and the other is to call the class

cross_val_score for cross-validation and use the scoring parameter inside to set the

MSE to be used. On the other hand, sklearn can also call MAE using the command

from sklearn.metrics import mean_absolute_error, or use scoring =

"neg_mean_absolute_error" in cross-validation to call MAE during cross-validation.

- whether sufficient information has been fitted.

It is not sufficient for regression algorithms to investigate the accuracy of the data

predictions. Researchers want the model to capture the “patterns” of the data,

including distribution patterns, monotonicity, etc., which cannot be assessed using

MSE or MAE. Consequently, the variance will be utilised to quantify the amount of

data information. If the variance is greater, it indicates that the data contains more

information, which includes not just the size of the values but also the patterns that the

model captures. R2 is used to evaluate how well the model captures the quantity of

data information in order to determine the model captures the amount of data

information.

Eq. 6

In Equation 6, y is the true label, ŷ is the predicted outcome, �� is the mean value, and yi-�� is

the variance if divided by the sample size m. The essence of variance is the difference

between any one y value and the sample mean; the larger the difference, the more information

these values carry. In R2, the numerator is the difference between the true value and the

predicted value, which is the total amount of information not captured by the model, and the

denominator is the amount of information carried by the true labels [116]. It measures the

proportion of information not captured by the model to the amount of information carried by

the true labels, so the closer it is to 1, the better[115].
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4.2 Random forest

Ensemble learning is a very popular machine learning algorithm that is not a separate

machine learning algorithm, but rather integrates the modelling results of all models by

building multiple models on the data. It can be used for modelling marketing simulations,

counting customer sources, retention and churn, and predicting the risk and susceptibility of

patients to disease [117]. In various algorithmic competitions nowadays, random forests,

gradient boosting trees (GBDT) and multiple models are integrated into a model called an

ensemble estimator, and each model that makes up the ensemble estimator is called a base

estimator. There are three types of integration algorithms: Bagging, Boosting and stacking

[118] as shown in Fig.14.

Fig. 14 Three types of integration algorithms: Bagging, Boosting, and stacking [221]

The fundamental premise of bagging is to assemble numerous mutually independent

evaluators and then use the average or majority vote to decide the evaluation's outcome [119].

Random Forest is an exemplary model of bagging.

Random Forest is a Bagging-type Ensemble Learning method [120]. It combines multiple

weak classifiers and votes on or averages the final output to construct a model with high

accuracy and generalisation. Due to “random” and “forest,” precise results are possible.

“Random” makes it resistant to overfitting, whereas “forest” improves its accuracy.

A random forest is comprised of a collection of unconnected decision trees [121]. When a

new input sample is introduced, each decision tree in the forest independently chooses which

class the sample should belong to and then predicts which class the sample should belong to

by observing which is most frequently selected.
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There are two fundamental challenges with decision trees: locating the relevant features to

ask questions (how to branch) and when to stop growing the tree. The impurity metric is used

to measure the branching quality, measured by the Gini coefficient or information entropy for

Random Forest classification and the MSE for Random Forest regression. At each branching,

the decision tree assesses the impurity of all features, selects the feature with the lowest

impurity for branching, and then calculates the impurity of each feature again for the different

values being branched [122] and selecting the feature with the lowest impurity for branching.

As the tree’s branching continues, its overall impureness decreases. The objective of the

decision tree is to find the least amount of impurity. Therefore, the tree will continue to

branch until there are no more features or the overall impurity metric is optimal [123], at

which point it will cease growing. A decision tree is highly susceptible to overfitting,

meaning it might frequently perform well on the training set but poorly on the test set.

Pruning must be done to the decision tree to minimise overfitting, and sklearn provides a

variety of pruning settings.

Random Forest is a representative Bagging integration technique with decision trees as its

fundamental evaluators. Random Forest classifier refers to the forest of classification trees,

whereas Random Forest regressor refers to the forest integrated by regression trees [124].

- Random Forest Classifier

There are six significant parameters in the Random Forest classifier was applied in this study

to control the base evaluator: criterion, max_depth, min_samples_leaf, min_samples_split,

max_features, min_impurity_decrease [125]. Of these six essential indicators,

the criterion represents a measure of impurity, with two options of Gini coefficient and

information entropy. The max_depth represents the tree's maximum depth; any branches that

exceed the maximum depth will be cut off. The min_samples_leaf represents that each child

node after branching must contain at least min_samples_leaf of training samples; otherwise,

branching will not occur. The min_samples_split represents a node that must contain at least

min_samples_split training samples for the node to be allowed to be branched. Otherwise,

branching will not occur [126]. The max_features indicate the limit branching is the number

of features to be considered, and any feature exceeding the limit is discarded. The default

value is the total number of features squared and rounded.

The min_impurity_decrease represents the limits on the size of the information gain so that

branches with information gain less than the set value do not occur. These parameters suggest
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that the higher the accuracy of an individual decision tree, the higher the accuracy of the

random forest will be since the bagging method relies on the mean or the principle of

minority rule to determine the outcome of the integration [127].

The n_estimators is the number of trees in the forest (number of base evaluators). The effect

of this parameter on the accuracy of a random forest model is monotonic; the more

significant the n_estimators are, the better the model tends to be. However, accordingly, any

model has decision bounds, and after a certain level of n_estimators, the accuracy of the

random forest tends not to rise or fluctuate. On the other hand, the larger the n_estimators,

the more computation time and memory required, and the longer the training takes. People

aspire to strike a balance between training difficulty and model effectiveness for this

parameter.

Decision Tree Classifier in sklearn generates a random classification tree. Therefore, random

forest trees in a forest are inherently distinct. As noted in the description of classification

trees, the decision tree selects a random character from the most crucial traits. The random

argument state controls this function. Random forests also contain a random state, which is

used similarly to classification trees, except that the random state in classification trees

controls the generation of only one tree. In contrast, the random state in a random forest

controls the pattern of the resulting forest rather than having only one tree in a forest. When

the random state is specified, a random forest with a fixed set of trees is formed, but each tree

is still inconsistent; this is the randomness obtained by the ‘randomly picked features for

branching’ method. The bagging approach will generally perform better the more random its

components are. The basis classifiers should be independent and not identical when

integrating using the bagging approach. Nevertheless, the limitations of this strategy are

evident. When an algorithm requires thousands of trees or more, the data do not necessarily

contain thousands of attributes to build as many and as diverse trees as possible.

Consequently, random forests require more randomness in addition to a random state.

Using different training sets for training is an efficient technique to ensure that the base

classifiers are as distinct as feasible. The bagging approach uses a random sampling strategy

with put-back to provide unique training data, and bootstrap regulates the sample parameters.

From the original training set containing n samples, a random sample is drawn. Each time a

sample is collected, it is returned to the original training set before the following sample is
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collected [128]. This sample may be retaken such that a self-help set of n samples equal in

size to the first training set is finally obtained. The self-help set is always distinct from the

original data set and the other sampled sets due to the random sampling. Thus, infinite and

distinct bootstrap sets will be generated for use in training the underlying classifier. Actual is

the default value for the bootstrap parameter, indicating that this random sampling technique

is employed with a put-back.

Fig. 15 Bootstrap - Random sampling technique with put-back

However, the put-back sample technique has its issues. Due to the put-back, some samples

may appear many times in the same set of self-help materials, while others may be

disregarded. On average, self-help sets comprise approximately 63% of the original data.

Given that the chance of each sample being taken from a particular self-help collection is:

Eq. 7

When n is sufficiently large, this probability converges to 1 - (1/e), or approximately 0.632.

Therefore, around 37% of the training data is discarded and not incorporated into the model.

This information is known as out-of-bag data (OOB) [129]. In addition to the initial test set

partitioned for the integration procedure, this data set can also be utilised as a test set. In other

words, the test and training sets can be left undivided when utilising random forests, and only

the out-of-bag data can be used to test model. However, this is not an absolute rule, and when

neither n nor n estimators are large enough, no data will likely fall outside the bag, making it

difficult to test the model using OOB data.

Four interfaces are shared between random forests and decision trees: apply, fit, forecast, and

score. In addition, the predict_probe interface of random forests can be utilised, which

returns the likelihood of each test sample being given to each class of label and the chance of
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the label being categorised as many times as possible. In the case of dichotomous problems,

predict_probe will returns 1, if the returned value is more significant than 0.5, and if the

returned value is less than 0.5 will return 0. Traditional Random Forests algorithms determine

the conclusion of integration via bagging, averaging, or majority rule. In comparison,

Random Forests in sklearn take the average of the probabilities supplied by predict_probe for

each sample to determine the categorisation of the test samples.

- Random Forest Regressor

The random forest regression shares the same parameters, features, and interfaces as the

random forest classifier. The only difference between the classification and regression trees is

that the impurity metric and he parameters criterion are not similar.

There are three measures of branching quality for regression trees:

1) Using mean squared error (MSE). The difference in MSE between parent and leaf nodes

is used as a criterion for feature selection, and this method minimises L2 loss by using the

mean value of the leaf nodes.

2) Feldman’s mean squared error (FMSE) [130] was used to improve MSE for problems in

potential branches.

3) Mean absolute error (MAE) was used in the median of the leaf nodes to minimise the L1

loss.

Eq. 8

In Eq. 8, N is the number of samples, i is each data sample, fi is the value regressed by the

model and yi is the actual numerical label of sample point i. So, the essence of MSE is the

difference between the real data of the sample and the regression results [131]. In regression

trees, MSE is not only the branching quality measure. It is also the most common measure of

regression quality in regression trees. When using cross-validation, the mean squared error is

used as an assessment (in classification trees, the metric is the predictive accuracy

represented by the score). In regression, the smaller the MSE, the better. However, the

interface score of the regression tree returns R2, not MSE. R2 is defined as follows:
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Eq. 9

In Eq.9, u is the residual sum of squares (MSE * N), v is the total sum of squares, N is the

number of samples, i is each data sample, fi is the value regressed by the model, and yi is the

actual numerical label of sample point i. The y cap is the average of the true numerical labels.

R2 can be positive or negative (if the residual sum of squares of the model is much larger than

the total sum of squares of the model, the model is corrupted and the R2 will be negative),

while the mean squared error is always positive [131]. The most important properties and

interfaces of the Random Forest Regressor are consistent with the Random Forest Classifier,

with apply, fit, predict and score being the most central. However, Random Forest Regressor

does not have a predict_proba [132] interface, because for regression there is no question of

the probability that a sample will be assigned to a specific category, and therefore no

predict_proba interface.

During the creation of a decision tree, two factors must be taken into account: sampling and

complete splitting. When executing two random sampling processes, the initial step is to

collect samples from the rows and columns of input data. For row sampling, a put-back

technique is employed, which means that there may be duplicate samples within the set of

samples collected by sampling. It is presumed that the number of input samples is N, and that

the number of sampled samples is also N. This makes it very straightforward to avoid

overfitting by not using all samples in each tree during training; column sampling is then

used to select m samples (m M) from M features. Using a full split of the sampled data, a

decision tree is then created. Then, it will check that one of the tree’s leaf nodes cannot be

further subdivided or that all the samples within it lead to the same categorisation. As the two

prior random sampling techniques ensure the unpredictability, there is no overfitting, even in

the absence of layer pruning.

- Random forest regression to fill in missing values

Data gathered from the real world is nearly never flawless and frequently contains missing

values. In this investigation, the values in the dataset are also insufficient. Many individuals

prefer to delete the samples having missing values, which is a valid course of action; however,
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occasionally filling in the missing values is more beneficial than simply discarding the

samples, even if the true appearance of the missing values is unknown. Using sklearn's

SimpleImputer, the mean, median, and other common values may be simply inserted into the

data. This study will use mean, zero, and random forest regression to fill in missing values.

The fit will be checked for the four circumstances to determine the optimal missing values for

the Filling methods employed for the dataset. This section of this study’s coding includes the

following example:

# First determine the percentage of missing data want to put in, in this case let's say 10%, that's a total of 1500 missing data.

rng = np.random.RandomState(0)
missing_rate = 0.1
n_missing_samples = int(np.floor(n_samples * n_features * missing_rate))

#All data should be randomly spread across the rows and columns of the data set, and a missing data would require a row index

and a column index

#If it can create an array of 1500 row indexes spread between 0 and 506, and 1500 column indexes spread between 0 and 13, then

can use the indexes to assign null values to any 1500 positions in the data

# Then fill in the missing values with zeros, means and random forests and see how the regression turns out4.3 Lasso Regression

missing_features = rng.randint(0,n_features,n_missing_samples)
missing_samples = rng.randint(0,n_samples,n_missing_samples)

# Now 15000 data are sampled, use the random sampling function randint, or np.random.choice to sample the data. choice will
randomly draw non-repeating random numbers, so it can help to make the data more spread out and ensure that the data is not
concentrated in some rows.

X_missing = X_full.copy()
y_missing = y_full.copy()
X_missing[missing_samples,missing_features] = np.nan
X_missing = pd.DataFrame(X_missing)

#numpy is fast method with matrices, but not as fast as pandas for indexing and other functions. Pandas

#Fill using the mean

from sklearn.impute import SimpleImputer
imp_mean = SimpleImputer(missing_values=np.nan, strategy='mean')
X_missing_mean = imp_mean.fit_transform(X_missing)

# Use 0 for filling

imp_0 = SimpleImputer(missing_values=np.nan, strategy="constant",fill_value=0)
X_missing_0 = imp_0.fit_transform(X_missing)

#Fill in missing values with random forest regression

rfc = RandomForestRegressor(n_estimators=100)
rfc = rfc.fit(Xtrain, Ytrain)
Ypredict = rfc.predict(Xtest)

# Return the filled features to original feature matrix
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X_missing_reg.loc[X_missing_reg.iloc[:,i].isnull(),i] = Ypredict

Once the missing data has been filled in, the study can be modelled again and the effects

evaluated.

4.3 Lasso Regression

Lasso Regression is regarded as the operator with a minor absolute shrinkage and selection.

Lasso Regression is a multicollinearity problem-solving algorithm [133]. However, Lasso

employs the L1 parametrisation of the coefficients (the L1 parametrisation is the absolute

value of the coefficients) multiplied by the regularisation coefficients. The loss function of

Lasso is defined as:

Eq. 10

Lasso Regression is comparable to ridge regression in that both utilise a standard term to

build a penalty to the original loss function to prevent multicollinearity. However, the Lasso

Regression is unable to resolve the issue of “precise correlation” between features. If the

linear regression is unsolvable or yields a division by zero error when the least-squares

approach is performed, then Lasso Regression will also be ineffective. In practice, it is

uncommon to find several covariance problems that are “perfectly correlated”; rather the

majority should be “strongly correlated”. If one considers that the inverse of the equation XTX

must exist, one can write the equation as:

Eq. 11

A negative factor may be introduced to the computation of ω, if the α in equation 11 is

increased. This circumstance will restrict the size of ω in the parameter estimates and prevent

the problem of multiple covariances, causing the model to be misaligned due to an

overestimation of the parameter ω. Lasso regression is not a fundamental answer to the issue

of multiple covariances but rather a method for mitigating its effects. Moreover, this assumes

that every coefficient is positive. Suppose the coefficient ω cannot be positive. In that case,

the parameter for the positive term will need to be adjusted to a negative value thereby
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allowing it to take on a negative value. The larger the negative number, the greater the

limitation on co-linearity.

Lasso algorithm is an excellent method designed to reduce multicollinearity [134]. However,

researchers do not use it to limit multicollinearity but instead accept its benefits in other ways.

As described in the explanation of logistic regression, a critical distinction between L1 and

L2 regularisation is the effect on the coefficients ω: both regularisations will compress the

size of the coefficients ω, with features that contribute less to the label possessing smaller

coefficients and being more easily compressed. In contrast, L1 regularisation dominates

sparsity and consequently compresses coefficients to 0. This characteristic makes Lasso the

prefered feature selection tool for linear models. The primary characteristic of Lasso

Regression is feature selection.

The Lasso class is utilised to invoke lasso regression in sklearn. The regularisation factor is

one of the numerous characteristics to be considered. When this parameter is “True”, the

coefficients of the Lasso regression must be positive for the degree of regularisation to

increase. Lasso Regression in sklearn uses the loss function:

Eq. 12

Where 1/(2nsamples) is present as a coefficient to eliminate the extra 2 that is added to the

derivative of the loss function (the 1/2 carried over from solving for ω) and averages out the

overall RSS. This alteration has no impact. Either in terms of the meaning of the loss function

or the nature and function of Lasso, except that it simplifies the calculation. In general, Lasso

Regression imposes a more significant penalty on the coefficients for the L1 regularisation

term, and it compresses the coefficients to zero, making it suitable for feature selection. In

order to get the optimal regularisation coefficients, Lasso’s regularisation coefficients should

fluctuate over a small region. Another key component of lasso regression is determining the

optimal values for the regularisation parameters.

The parameters of the Lasso class ”sing’cross-validation is slightly different from those of

ridge regression. Due to the more sensitive nature of Lasso with respect to the value of α. As



Comparison of selected machine learning algorithms Chapter 5

37

mentioned before, the coefficient α varies in a very small space because Lasso is overly

sensitive to changes in the regularization coefficients. This space is so small that it is

unimaginable (it’s not a space between 0.01 and 0.02; that is still too large for Lasso), For

this reason, an important concept, the “ regularization path” is set to set the variation in the

regularization factor:

- regularisation path

Suppose there are n features in the feature matrix, then it has feature vectors x1, x2... xn. For

each value of α, a set of parameter vectors ω corresponding to this feature vector can be

derived, which contains n+1 parameters, ω0, ω1, ω2 ... ωn. These parameters can be regarded

as points in an n+1 dimensional space. For different values of α, a number of points in the

n+1 dimensional space will be obtained, all of which form a sequence that is known as a

regularised path [135]. The length of the path is the amount obtained by dividing the

minimum value of the regularised path’s α by the maximum value of [(a.min)/(a.max)]. In

sklearn, sklearn can automatically generate the values by specifying the length of the path

(i.e., limiting the ratio between the minimum and maximum values of α) and the number of α

in the path, which avoids the need to generate very small list of α for the cross-validation

class to use and class LassoCV can calculate it itself. Similar to the cross-validation class of

ridge regression, LassoCV also builds a separate model in addition to cross-validation. It will

first find the best regularisation parameter and then model under this parameter according to

the model evaluation metric. It is important to note that the model evaluation metric for

LassoCV is the mean squared error, whereas the model evaluation metric for Ridge

Regression can be set by itself and defaults to R2.

Lasso Regression is the most sophisticated linear regression algorithm. It has numerous uses

in a wide range of industry sectors. The BIC (Bayesian Information Criterion) or the Akaike

Information Criterion (AIC) can also be utilised for model selection. It is also possible to

calculate Lasso without using the coordinate descent or minimal angle regression techniques.

In terms of model results, the model selection and model computation performed by these

methods do not differ significantly from those of ordinary Lasso. However, they all make

corresponding improvements to the original Lasso in various respects (such as increasing the

dimensionality of model selection, since the mean square error as a loss function only

considers the bias and not the variance) (i.e., the presence of variance). In addition to

resolving the underlying multicollinearity problem, enhancing model performance is a crucial
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step for linear models. This is the fundamental requirement of machine learning. However,

Lasso and ridge regression are not intended for this function.

LR2 is a feature selection and regularisation (mathematical) regression analysis algorithm. It

increases the accuracy and interpretability of statistical models’ predictions. Robert

Tibshirani first proposed NNG in 1996, based on Leo Breiman's Nonnegative Garrote [55].

This fundamental technique illustrated several essential aspects of the estimator, such as the

relationship between the estimator and Ridge regression and the selection of the optimal

subset, as well as the estimation of the Lasso coefficient (estimator) and the relationship

between soft thresholding. In addition, it reveals that Lasso estimations are not necessarily

unique when variables are co-linear (similar to standard linear regression).

Eq. 13

The Lasso regression constrains the sum of the absolute values of the regression coefficients

to be less than a predefined threshold, hence requiring some regression coefficients to be

equal to zero. Therefore, LR opts for simpler models that omit these elements.

4.4 Decision Tree

The decision tree algorithm is a supervised method for approximating the value of a discrete

function [136]. To address classification and regression problems, it may summarise decision

rules from various data with features and labels and present these rules in a tree diagram form.

Decision tree algorithms are simple to comprehend, applicable to a large variety of data types,

and effective in solving various issues. Mainly, numerous integrated algorithms with tree

models are utilised extensively across numerous businesses and areas. A decision tree is a

standard classification technique for analysing data and developing understandable rules. A

decision tree employs an inductive approach and then uses the decisions to analyse additional

data. The decision tree is a system for classifying data according to criteria. The decision tree

model is a tree-like structure that depicts the categorisation of instances in a classification

problem according to their qualities. It is similar to an if-then rule set. Its key advantages are
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that the model is intuitive and classification is quick. The training data are used to build a

decision tree model for learning that minimises the loss function.

The decision tree algorithm is essentially a graph structure, where the researcher simply asks

a series of questions to classify the data. For example, the following data set is a series of data

for a known species and the category to which they belong [137]:

Table 2 Example of classifying animals into mammals and non-mammals [229]

Name
Body
temperature

Epidermal
cover

Foetal
birth

Aquatic
animals

Flying
animal

With
legs

Hibern
ation

Class
notations

Human Thermostats Hairs Yes No No Yes No Mammals
Salmon Cold-blooded scales No Yes No No No Fish
Whales Thermostats Hairs Yes Yes No No No Mammals
Frog Cold-blooded None No Half No Yes Yes Amphibians
Giant lizards Cold-blooded scales No No No Yes No Reptiles
Bats Thermostats Hairs Yes No Yes Yes Yes Mammals
Pigeons Thermostats Feathers No No Yes Yes No Bird
Cat Thermostats Soft Hairs Yes No No Yes No Mammals
Leopard
Shark Cold-blooded scales Yes Yes No No No Fish
Sea turtles Cold-blooded scales No Half No Yes No Reptiles
Penguin Thermostats Feathers No Half No Yes No Bird
Porcupine Thermostats bristles Yes No No Yes Yes Mammals
Eel Cold-blooded scales No Yes No No No Fish
Salamanders Cold-blooded None No Half No Yes Yes Amphibians

The goal now is to classify the animals into mammals and non-mammals. Then, based on the

data already collected, the decision tree algorithm works out the following decision tree:
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Fig. 16 Decision Tree Algorithm flow-chat of animal example [222]

Imagine discovering a new species dubbed the Python, which is cold-blooded, scaled, and

non-viviparous. Using this decision tree, the researcher can decide the category to which the

item belongs. As seen in the preceding illustration, the decision tree has been asking queries

regarding the recorded features during this decision-making process. The location of the

initial question is known as the root node, each question before the conclusion is known as an

intermediate node, and each conclusion (animal type) obtained is known as a leaf node [138].

4.4.1 Decision Tree Classifier

The decision tree algorithm has two fundamental components: locating the best node and the

best branch from the data table, limiting the tree’s growth and preventing overfitting [139].

The Decision Tree Classifier consists of four essential elements: criterion, random_state &

splitter, pruning parameter, and target weight parameter.

- criterion

In order to transform a table into a tree, the decision tree must locate the optimal node and the

optimal branching strategy. For classification trees, this is termed “impurity”. In general, the

better the decision tree matches the training set, the more minor the impurity. In terms of

branching approaches, the optimisation of an impurity-related measure is at the centre of the
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majority of the decision tree algorithms in use today. Each node in the tree will have an

impurity, and the impurity of the child nodes must be less than that of the parent node [140],

i.e., the leaf node must have the lowest impurity within the same decision tree. Criterion is

used to decide precisely how impurity is calculated, and sklearn provides two options:

entropy and Gini [141].

Eq. 14

In equation 14, t represents a particular node, i represents an arbitrary label classification, and

P(i/t) is the percentage of labelled classification i at node t. Note that when information

entropy is used, sklearn calculates the Information Gain based on the information entropy,

which is the difference between the information entropy of the parent node and the

information entropy of the child nodes. Information entropy is more sensitive to impurity and

penalises it more severely than the Gini coefficient. However, the effects of information

entropy and the Gini coefficient are practically same. Information entropy is calculated more

slowly than the Gini coefficient since the Gini coefficient computation does not use

algorithms. In addition, because it is more sensitive to impurity, the decision tree grows more

'finely' when it is employed as an indicator. Therefore, for high-dimensional data or data with

a lot of noise, the entropy tends to over-fit, whereas the Gini coefficient tends to perform

better. When the model is under-fitted, i.e., when it performs poorly on both the training and

test sets, information entropy is applied.

The fundamental process of a decision tree can actually be briefly summarised as follows:

Fig. 17 The fundamental process of a decision tree [223]

The decision tree will stop growing when there are no more features available or when the

global impurity metric has reached its ideal value. However, regardless of how the decision
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tree model unfolds, the pursuit of optimisation of an impurity-related measure remains the

essence of the branching. Impurity is computed on a node-by-node basis, i.e., optimal

decision trees are constructed by optimising nodes. sklearn has a method in which the

optimality of a single tree is not guaranteed, therefore many trees are constructed and the best

one is chosen. In lieu of utilising all features in each branching, a random selection of

features is made and the best node is chosen for the branching of impurity-related metrics. In

this manner, the created tree is unique each time.

- random_state & splitter

The default branching algorithm uses a random_state to set the random pattern parameter

[142]. Randomness will be more apparent in higher dimensions but will be negligible in

lower dimensions. Inputting any integer will always result in the same tree growth, stabilising

the model.

The splitter is also used to control the decision tree’s random possibilities [143]. There are

two input values: enter “best”, and the decision tree will branch randomly while still

prioritising the more essential features for branching (importance can be viewed via the

attribute feature importances_); enter “random”, and the decision tree will branch more

randomly, the tree will be deeper and more significant because it contains unnecessary

information, and the fit to the training set will be reduced due to this unnecessary information.

Additionally, this prevents overfitting. When the model predicts that the tree will overfit,

these two parameters will be employed to lower the chance of overfitting [127].

- Pruning parameters

A decision tree grows until the impurity level is ideal or until there are no more features

available if there are no limits. This decision tree tends to overfit, meaning it performs well

on the training set but poorly on the test set. The collected sample data cannot be identical to

the entire image; therefore, when a decision tree has an overly accurate interpretation of the

training data, the rules it discovers will invariably contain noise from the training sample,

rendering the rules noisy for unknown data. If there was noise in the training sample, the fit to

the unknown data is low. The decision tree must be pruned to be generalised more effectively.

The pruning strategy significantly impacts the decision tree, and the correct pruning strategy

is crucial to the algorithmic optimisation of the decision tree. The sklearn offers different
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pruning strategies: max_depth, min_samples_leaf & min_samples_split, max_features &

min_impurity_decrease and Optimal pruning parameters.

The max depth parameter can be used to restrict the maximum depth of a tree and prune any

branches that exceed the specified depth. This is the most commonly used pruning parameter

and is highly effective for high dimensionality and small sample size. Adding one more layer

to a decision tree doubles the required sample size. Hence limiting the tree depth can

effectively prevent overfitting. Additionally, it is beneficial in integration algorithms. Before

determining whether to raise the set depth, it is best to start with max depth =3. Moreover,

observe how well the fit functions.

On the other side, min_samples_leaf indicates that each child of a node must contain at least

min_samples_leaf after branching; otherwise, branching will not occur or will occur in a

direction that fulfils min samples leaf for each child node. It is commonly used in conjunction

with max depth and has the magical effect of smoothing down the regression tree model.

Setting this parameter to a value that is too little will result in overfitting, whilst setting it to a

value that is too large will prevent the model from learning from the data. It is advised to

begin with min_samples_leaf =5 in most cases. If the sample size included in the leaf nodes is

very changeable, it is advised to enter a floating-point number as a percentage of the sample

size. In addition, this parameter ensures a minimum size for each leaf and prevents the

occurrence of low variance, overfitting leaf nodes in regression issues.

The min_samples_split specifies that a node must contain at least min_samples_split training

samples for the node to be allowed to branch. Otherwise, branching will not occur.

The max_features limit the number of features that can be considered when branching, and

any features that exceed the limit are discarded. It is similar to max_depth. max_features is a

pruning parameter used to limit the overfitting of high-dimensional data, but more violently

by directly limiting the number of features that can be used. And forcing the parameter to

stop the decision tree without knowing the importance of the individual features in the

decision tree may result in the model under-learning. If the researcher wishes to prevent

overfitting by dimensionality reduction, it is recommended to use PCA, ICA or the

dimensionality reduction algorithm in the feature selection module [144].
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The min_impurity_decrease imposes a restriction on the magnitude of the information gain,

preventing branches with information gains more minor than the value specified from

occurring [127].

The value of each parameter value is determined using the hyper-parameter curve. The hyper-

parameter learning curve is a curve with the hyper-parameter values as the horizontal

coordinates and the model metrics as the vertical coordinates; it is a line that measures the

performance of the model for various hyper-parameter values. In a constructed decision tree,

the score is the model metric.

- Target weighting parameters: class_weight & min_weight_fraction_leaf

Sample imbalance indicates that one label category is fundamentally over-represented in a

data collection. In this classification scenario, even if the model did nothing and simply

predicted “no”, it would be 99 percent accurate. The class weight option will be used to

partially equalise the sample labels, providing more weight to a small number of labels so

that the model is biassed towards capturing a small number of classes, and modelling towards

capturing a small number of classes. The default value for this parameter is None, which

gives all labels in the dataset the same weight. With weights, the sample size is no longer

determined just by the number of records, but is also affected by the input weights; hence,

pruning is used in conjunction with the min_ weight_fraction_leaf, a weight-based pruning

parameter. Note also that a weight-based pruning parameter (such as min_weight_

fraction_leaf) will be less biased towards the dominant class than a criterion where the

sample weights are unknown (such as min_samples_leaf). If the samples are weighted, it is

simpler to optimise the tree structure using a weight-based pre-pruning criterion, which

assures that the leaf nodes contain at least a tiny fraction of the sample weight sum [127].

- Important properties and interfaces

After the model has been trained, attributes are the properties of the model that may be

accessed for inspection. The most significant one for decision trees is feature importance,

allowing users to view the importance of particular model characteristics. Similar interfaces,

such as fit and score are accessible for nearly every algorithm in sklearn. In addition to these

two interfaces, apply, and the forecast is the most prevalent interfaces for decision trees.

Apply delivers the leaf node index containing each test sample for the input test set, whereas

predict gives the label for each test sample for the input test set. The returned content is
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evident at a glance. The input feature matrix must be a minimum of two dimensions for all

interfaces that need X train and X test. As feature matrices, sklearn does not accept any one-

dimensional matrices. If there is only one feature, the matrix must be dimensioned with

reshaping (-1,1); if there is only one feature and one sample, dimension the data with

reshape(1,-1). Here is an example from this study:

#apply returns the index of the leaf node where each test sample is located

clf.apply(Xtest)

#predict returns classification/regression results for each test sample

clf.predict(Xtest)

This is a summary of the basic process of a decision tree:

- Eight parameters: Criterion, two randomness-related parameters (random_state, splitter)

- Five pruning parameters (max_depth, min_samples_split, min_samples_leaf, max_feature,

min_impurity_decrease)

One attribute: feature_importance_

Four interfaces: fit, score, apply, predict

4.4.2 Decision Tree Regressor

Decision Tree Regressor (DTR) has nearly identical parameters, features, and interfaces to

Decision Tree Classifier. Noting that there is no concern as to whether the distribution of

labels is balanced in DTR, there is no class weight parameter.

In summary, the following are the advantages of decision trees:

1. Easy to understand and interpret because trees can be drawn and seen.

2. Require very little data preparation. Many other algorithms usually require data

normalisation, the creation of dummy variables and the removal of null values, etc. Note

however that the decision tree module in the sklearn does not support the handling of

missing values.

3. The computing cost of using the tree (for example, when predicting data) is the logarithm

of the number of data points used to train the tree, which is a very low cost compared to

other algorithms [145].
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4. The ability to work with both numerical and categorical data, doing both regression and

classification. Other techniques are usually specialised in analysing data sets with only

one variable type.

5. The ability to handle multiple output problems, i.e. problems with multiple labels, being

careful to distinguish them from problems with multiple labeled classifications within a

single label.

6. It is a white-box model where the results can easily be interpreted. If a given situation can

be observed in the model, it can be easily be interpreted by Boolean logic. By contrast, in

a black-box model (e.g. in an artificial neural network), the results may be more difficult

to interpret [112].

7. Models can be validated using statistical tests, which allow us to evaluate the reliability of

the model.

8. It can perform well even if its assumptions somehow violate the true model of the

generated data.

At the same time, the disadvantages of decision trees are also obvious:

1. Learners of decision trees may generate too thorny trees that do not generalise adequately

to data. It is known as overfitting. Mechanisms such as pruning, establishing the

minimum amount of samples required for a leaf node, and setting the maximum depth of

the tree are required to avoid this issue [146]. The integration and adjustment of these

parameters might be confusing for novices.

2. Decision trees can be unstable, and tiny changes in the data might result in entirely

different trees; this problem must be resolved by integrating methods.

3. Decision tree learning is based on a greedy algorithm that focuses on optimising the local

optimum (the optimum of each node) in an attempt to obtain the global optimum;

however, this strategy does not ensure the return of a globally optimal decision tree. This

problem can alternatively be solved by an integration approach that randomly samples

features and samples during the random forest’s branching procedure.

4. Some concepts, such as XOR, parity, and multiplexer problems, are difficult to

comprehend because decision trees do not adequately describe them.

5. If some classes in the labels are prominent, the decision tree learner will generate trees

with a bias towards the dominant class. Consequently, it is advised to balance the decision

tree before fitting the dataset.
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4.5 Artificial Neural Network

Artificial Neural Network (ANN)

is based on the basic principles of

neural networks in biology [147].

Neuroscientists have revealed that

most of the human brain is

composed of nerve cells called

neurones, interconnected by

bundles of fibres called axons.

When a neurone receives a signal

from another neurone, it receives a stimulus, and the fibre bundle transfers the signal from

one neurone to the next. Humans learn by repeatedly activating neurones with the same

impulses, altering the strength of synaptic connections [Fig. 18].

Brain neural networks are very comparable to machine learning. In the modelling phase of

machine learning, a data matrix is an input into a model, followed by the application of

algorithms to create predictions. Billions of linked nerve cells in the brain form a biological

neural network. Typically, machine learning employs a single model or approach. In contrast,

the brain may acquire knowledge of logic, language, and emotion by forming intricate

networks. There is reason to believe that if machine learning can duplicate brain function, it

will be successful. Consequently, artificial neural networks were built. Neural network-based

algorithms attempt to mimic organic nervous systems' learning process to obtain more

excellent prediction performance. However, they are immensely complicated because neural

network models mimic the human brain. Significant advancements have been made in the

disciplines of deep learning and artificial intelligence. The bulk of well-established AI

technologies [148], including image identification, speech recognition, etc., are supported by

neural network-based deep learning algorithms. Based on research into brain physiology,

artificial neural networks aim to imitate certain brain systems to reproduce specific features

of brain function. Several methods of neural network research have evolved, including the

multilayer network BP algorithm, the Hopfield network model, the adaptive resonance theory,

and the self-organizing feature mapping theory [149]. Although it simulates the fundamental
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characteristics of human brain activity, it is just a simplification and simulation of an entire

neural network.

The principle of neural networks was originally developed on the basis of perceptual

machines. Perceptual machines are one of the oldest classification algorithms for machine

learning, having first been developed in 1957. Perceptual machines are less generalisable than

the majority of current models, yet

both support vector machines and

neural networks are founded on their

principles. The premise of a

perceptual machine is to partition the

data set using a linear decision

boundary z = *x + b. It contains a

decision boundary for one class of

data (z>=0) and a decision procedure

for another class of data (z>0). The perceptron can be depicted as Fig. 19 using neurones:

The various feature data are given to the neurones using neural keys. Each neural key

correlates to a distinct, unique parameter. Consequently, the feature data are matched to a

necklace parameter, b. Based on the parameter vector w technique, the decision boundary z =

*x + b may be solved, and then the decision function sign(z) is used to forecast the label y

and output the outcome in which sign(z) is the activation function. This term refers to the

activation of neurones in a mimicked human brain. Essentially it is a prediction function that

determines the output of the predicted label.

In ANN, each input feature is matched to a parameter ω with a linear relationship z, and this

process has an activation parameter. The number of parameters in the parameter vector

corresponds to the number of features. It also applies to perceptual machines. In other words,

for an algorithm based on a perceptual machine to be solvable, it must have at least the

parameter vector. The linear relationship z, in contrast, is defined by both the parameters and

the input data. This linear relationship represents the choice threshold. They can also be linear

expressions for techniques like multiple linear regression, logistic regression, etc. In addition,

the consequences of the activation function are dependent on the function itself. Together, the
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parameter vector and the input data are calculated. Every algorithm based on a vector

machine is required to include an activation function.

Multiple perceptual machines are integrated to create a neural network. Consequently,

establishing the activation function and locating the parameter vector are crucial components

of neural network computation. Even for perceptual machines that execute the activation

function only once, the neural network significantly increases the model’s complexity.

Multiple activations of the activation function are possible during the process, and the

number of parameter vectors rises exponentially.

Fig. 20 Artificial neural network schematics with three layers [225]

The artificial neural network is composed of three layers [150]. The input layer is the initial

layer and is used to input the feature matrix. Therefore, each neurone is a feature vector. If a

neural network is trained on only one sample, each neurone in the input layer will include a

feature from this sample. The output layer, which is the final layer, is used to output the

anticipated labels. The output layer of a regression class typically consists of a single neurone,

and the regression is the label vector of all input samples. In the case of categorisation,

several neurones may be present. All levels between the input and output layers are called

hidden layers, and the minimum number of layers in a neural network is three. The hidden

layers are the layers that are utilised to teach the algorithm. The hidden layers closest to the

input layer are referred to as the top layers [151]. The lowest layer describes the layer closest

to the output layer. Each neurone in the buried layer possesses an activation function. As the

input data is transmitted from layer to layer, each neurone in the lower layer must process the
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data that the activation function of the neurone in the upper layer has already processed [152].

It is essentially a perceptron nesting process. Each neurone in the hidden higher layer is

connected to every neurone in the hidden bottom layer. Consequently, as the number of

neurones rises, the structure of the hidden layer might become highly complex. And the

activation function, the two most critical elements of the neural network, are also at work in

the hidden layers.

- Parameter ω

Here is a simple example from this study to explain how the process of neural networks

works. Suppose there is a linear relation z = ω*x, with the intercept b already included in ω.

Now there is a three-layer neural network in its simplest form. Each neural bond on the

neural network has a parameter ω. However, there are many neurons in the neural network

and each neuron is connected to another connected neuron, so the number of parameters ω is

large. In the three-layer neural network shown below in Figure 21, there are a total of 3*2*2

neural keys, so there are a total of 12 parameters ω.

Fig. 21 Artificial neural network workflow diagram [226]

In the above example, there are two confusing points:

1. The relationship between the results of each layer of a neural network is nested, rather

than iterative. In a neural network, the results and parameters of the previous layer are put

into the next layer to solve for the new results. However, the parameters of the previous

layer are retained, not overwritten. The whole nesting process still needs to be performed

for each solution, requiring each parameter on each layer.
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2. As the neural network performs nesting, each coefficient and each layer is independent of

each other. The neural network is continuously solved, the activation function results in α,

rather than the parameter ω.

Fig. 22 The complex case of artificial neural networks

The real-world data will make neural networks more complex. For instance, figure 22

contains a total of 8 * 9 * 9 * 9 * 4 = 23,328 characteristics. Manual calculation is no longer

possible for this quantity of data.

Not to mention the case of a

hundred or a thousand

characteristics. In reality, neural

networks are frequently

employed to handle massive

amounts of data. Consequently,

neural network processing is a

black-box process.

For Artificial Neural Networks,

sklearn has prepared the

following comprehensive list of

parameters [153]:

Table 3 Expressions to calculate the performance measures
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Neural networks are awkwardly positioned for machine learning in sklearn, particularly for

business analytics. While effective, it is difficult to interpret and coupled with the fact that

neural networks are exceptionally adept at learning makes it a model that is particularly

susceptible to overfitting. The first consideration in an algorithm for a neural network is the

structure of the hidden layers. If the structure is not established, the neural network cannot be

constructed to completion. The hidden layer sizes hyper-parameter is therefore proposed.

Essential factors include activation, backpropagation, and gradient descent.

The properties and advantages of artificial neural networks appear primarily in three areas:

First, it has a capability for self-learning. During the implementation of image recognition,

for instance, the network would progressively acquire the ability to recognise similar images

through a self-learning function, just by feeding the artificial neural network multiple image

samples and the corresponding results to be recognised. The self-learning capability is very

useful for prediction. It is projected that future computers utilising artificial neural networks

would provide economic predictions, market forecasts, and benefit estimations for humans,

and their applications have a promising future.

The second characteristic is associative storage. This relationship can be established using the

feedback network of artificial neural networks.
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Thirdly, it is capable of quickly discovering optimisation opportunities. Obtaining the optimal

answer to a complex problem frequently requires substantial computer work. ANN gives a

feedback type that is specifically designed for a problem, allowing high-speed processing

capacity to be utilised to find the optimal solution rapidly [154]. In this study, 500 iterations

were used to develop the ANN model, while all other parameters were left at their default

settings.

4.6 eXtreme Gradient Boosting(XGBoost)

XGBoost, also known as eXtreme Gradient Boosting, was developed by Tianqi Chen [155] to

achieve the engineering goals of rapid processing and high performance by pushing boosting

trees past their computational limits. The Gradient Boosting Decision Tree is an illustration

of the general-purpose XGBoost Tree Boosting algorithm (GBDT). Gradient Boosting

Decision Tree (GBDT), also known as MART, is an illustration of this method (Multiple

Additive Regression Tree). Following the GBDT principle, the sum of the results of all weak

classifiers equals the predicted value. The next weak classifier is fitted to the error function

residual on the predicted value [156]. The schematic is shown in Figure 24.

The XGBoost library can be used in two ways. The first way, is to use the XGBoost library's

own modelling process directly [157,158].

Fig. 24 XGBoost working schematic [228]

The class DMtarix and train() are the core of the process. Unlike sklearn where all

parameters are written in classes, the XGBoost library must first use a dictionary to set the

parameter set, then use train to take the parameters and input them, and then train them. The

reason for this The reason for this is that XGBoost involves so many parameters that writing

them all in xgb.train() would be too long and error-prone. Alternatively, the second way to

use the XGBoost library is to use the sklearn API in the XGBoost library to access the

sklearn's customary instantiation, fit and predict processes to run XGBoost, and also call
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properties such as coef_ and so on. Of course, this is the class return to regression and

classification. In fact, calling xgboost.train and calling the class XGBRegressor in the sklearn

API require different parameters to be entered. However, although the parameters are just

written differently, the function is the same. For example, the first parameter eta in the

params dictionary is in fact the parameter learning_rate in XGBRegressor, and they mean

exactly the same thing and achieve exactly the same function. Only in the sklearn API, the

development team has adjusted the names of the parameters to be more similar to other

algorithm classes in the sklearn. To summarise, modelling by using the modelling process set

out in xgboost and modelling using the classes in the sklearn API gives relatively similar

model results. But the xgboost library itself is simpler than the sklearn in terms of speed of

computation (especially cross-validation) and means of tuning references.

The heart of XGBoost is an integration method based on a gradient boosting tree

implementation, which can include three fundamental components: the integration algorithm,

the weak evaluator, and the different application processes [159]. The first two sections

describe the fundamental ideas and mathematical processes of XGBoost, while the third

section focuses mainly on the application of XGBoost. The XGBoost algorithm has three

major parameters which include: n_estimators, subsample and eta [160].

- n_estimators: upgraded integration algorithms

Gradient boosting is one of the most effective methods for constructing predictive models

and the representative algorithm for Boosting in integrated algorithms [161]. By generating

several weak evaluators on the data and pooling the findings of all weak evaluators,

integration algorithms achieve superior regression or classification performance than

individual models. XGBoost is an implementation of the Gradient boosting technique. A

weak evaluator is defined as a model that performs at least as well as a random guess, that is,

an arbitrary model with a prediction accuracy of at least 50% [162].

There are numerous methods for incorporating weak evaluators. Bagging approaches

simultaneously construct numerous parallel independent weak evaluators, such as Random

Forest. There are additional ways, such as boosting, in which weak evaluators are constructed

one by one and gradually accumulated across numerous iterations. Among the most well-

known boosting algorithms are Adaboost and gradient boosting trees, from which XGBoost
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was derived. The gradient boosting tree may contain either a regression tree or a

classification tree, both of which are controlled by the CART tree method.

First, the gradient boosted regression tree is a boosted integration model of the regression-

focused tree model, which is basically characterised as follows: a tree is constructed and then

iterated repeatedly, adding a tree at each iteration, providing a strong evaluator for the

integration of numerous tree models [162]. As depicted in Fig. 25, the modelling procedure is

generally as follows: first, one tree is constructed, then iteratively, one tree is added at each

iteration, progressively producing a robust evaluator for integrating several tree models.

Fig. 25Modelling procedure of XGBoostFor a decision tree, every arbitrary sample that is put into

the model ends up on a leaf node. Whereas for a regression tree, the value at each leaf node is

the mean of all the samples at that leaf node [163].

Fig. 26 The predict method of regression tree and classification tree

For a gradient boosted regression tree, the predicted outcome for each sample can be

expressed as a weighted sum of all the outcomes in the tree:

Eq. 15
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In Equation 15, K is the total number of trees, k represents the kth tree, rk is the weight of this

tree and hk represents the predicted outcome on this tree. It is worth noting that XGB, as a

GBDT in, is different in y^. For XGBoost, each leaf node will have a prediction score, also

known as a leaf weight [164]. This leaf weight is the regression value of all the samples at

this leaf node on this tree, denoted by fk(xi) or ω, where fk denotes the kth decision tree and xi
denotes the feature vector corresponding to sample i. When there is only one tree, f1(xi) is the

result returned by the boosting integration algorithm, but this result is often very poor. When

there are multiple trees, the regression result of the integrated model is the sum of the

prediction scores of all the trees. Assuming that there are a total of decision trees in this

integrated model, the prediction result given by the whole model on this sample K is:

Eq. 16

The larger the n_estimators are, the better the model will learn and the easier it will be too

overfit. In Random Forests, the first parameter that must be modified is n estimators, a highly

effective parameter that can frequently change the model to its limit in a single step. This

parameter is quite potent and may frequently tweak the model to its limit in a single operation.

The learning curve on the training set displays the model’s capacity for learning, whereas the

learning curve on the test set demonstrates its capacity for generalisation. Typically, it is

improbable that the model will outperform the training set on the test set, thus to anticipate

that the learning curve on test set will attempt to match the learning curve on the training set.

Here are adjusted learning curves in this study:
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Fig. 27 The model’s capacity for learning based on learning curve

In Fig. 27, the n estimators were applied with various values; the first figure used 50 and the

second used 200. The previous one utilised 120 because it has the best performance, which

training set and test will approach 1 in the future.

In machine learning, the metric to measure the accuracy of a model on unknown data is

called the Generalisation error. The generalisation error E(f;D) of an integrated model (f) on

an unknown dataset (D) , is determined by the variance (var), bias (bias) and noise (ε) [165].

where bias is the determination of the degree of fit on the training set, variance is the

determination of the stability of the model, and noise is not controllable [166]. The smaller

the generalisation error, the more desirable the model.

Eq. 17

When the model performs poorly on unknown data (test set or out-of-bag data) [167], it is not

sufficiently generalised, the generalisation error is significant, and the model is ineffective.

The structure (complexity) of the model affects the generalisation error. The link between

generalisation error and model complexity is depicted clearly in Figure 27. The generalisation

error is elevated when a model is overfitting and does not generalise sufficiently. When the

model is too simple, the model will be under-fitted, and the fitting power will be insufficient;

hence, the inaccuracy will be substantial. The objective of minimising generalisation error

[168] can only be attained when the model has optimal complexity. The complexity of a tree

model increases as the density, depth, and a number of branches of the tree increase. The tree

model is therefore intrinsically positioned in the upper right-hand corner of the graph. Since

the random forest is based on the tree model, it is likewise the model with inherent
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complexity. Random forest settings are geared towards a single objective: reducing model

complexity, shifting it to the left side of the image, and preventing overfitting. However,

there are no absolutes in tuning, and there are random forests that are intrinsically on the left

side of the image; therefore, it is essential to know which side of the image the model is on

before tuning. The rationale behind the generalisation error [169] is explained summarised in

four factors:

1. A model that is too complex or too simple will make the generalisation error high, the

researcher are looking for a balance point in the middle.

2. A model that is too complex will be over-fitted and a model that is too simple will be

under-fitted.

3. For tree models and integrated models of trees, the deeper the tree, the more branches,

and leaves, the more complex the model.

4. The goal of both the tree model and the integrated tree model is to reduce model

complexity by moving the model to the left of the image.

Each parameter that directly influences the complexity of the model is itself quite complex.

Adjusting the parameters has always involved traversing the learning curve in search of the

best values to achieve a relatively high degree of accuracy correction. In determining the

direction of parameter tuning in random forests, to reduce complexity, one can identify those

parameters that have a significant impact on complexity, investigate their monotonicity, and

then concentrate on tuning those parameters that maximise the reduction in complexity. For

non-monotonic parameters, each parameter's influence on the model is ranked in Table 4.



Comparison of selected machine learning algorithms Chapter 5

59

Table 4 The XGBoost parameters impact to evaluate performance

Parameters Impact on the evaluation performance of the model on
unknown data

Impact
level

n_estimators smooth boost [170]

n_estimators ↑, no impact on individual model complexity.
✭✭✭✭

✭

max_depth default max_depth, i.e., highest complexity, adjusts in the

direction of decreasing complexity [171].

max_depth↓, simpler model, and moves to the left of the

image.

✭✭✭

min_samples

_leaf

Default minimum limit 1, i.e. the highest complexity, adjust

the reference in the direction of decreasing complexity

[172], min_samples_leaf↑, simpler model and move to the

left of the image.

✭✭

min_samples

_split

Default minimum limit 2, i.e., highest complexity, adjust

[173].

min_samples_split↑ in the direction of decreasing

complexity, the model is simpler and moves to the left of the

image.

✭✭

max_features The default auto, which is the squared total number of

features, is in the middle of the complexity scale and can be

either:

in the direction of increasing complexity, or in the direction

of decreasing complexity [174].

max_features↓, the model is simpler and the image is shifted

left.

max_features↑, the model is more complex and the image is

shifted to the right.

max_features is unique in that it can make the model both

simpler and more complex.

✭

criterion Normally use of Gini [175]. NA



Comparison of selected machine learning algorithms Chapter 5

60

Adjusting the parameters is intended to produce a perfect equilibrium between variance and

bias. While it is impossible to simultaneously limit variation and bias, it is possible to

minimise the generalisation error they contribute to. The base evaluators of XGboost all have

low bias and large variance since decision trees are intrinsically “accurate” prediction models

that are more likely to be overfitted, and the bagging approach needs the base classifier to

have an accuracy of at least 50%. Consequently, the training phase of the bagging technique

represented by XGBoost attempts to lower the variance, i.e., the complexity of the model,

thus the default configuration for the XGBoost parameters assumes that the model itself is to

the right of the lowest point of the generalisation error.

In XGBoost, there are three essential n_estimators factors:

First, the number of trees in the XGB model impacts the learning capacity [121]; the greater

the number of trees, the better the model learns. As long as the number of trees in XGBoost is

adequate, the model can learn 100 percent of the information from the training data, even

with a limited quantity of data; hence, XGBoost is intrinsically an overfitting model. In this

instance, the model becomes extremely unstable.

When the number of trees in the XGBoost is minimal, it has a bigger influence on the model

[121]. However, when the number of trees is already huge, it has less impact and can only

vary slightly. When the data is overfitting, utilising an excessive number of trees is

ineffective and wastes computing resources. When the n estimators provided by the unique

metrics or accuracy become less dependable, the learning curve might be modified to assist.

Thirdly, an increase in the number of trees has a limited impact on the model. Initially, its

performance increases in tandem with the number of trees in the XGB. However, when a

certain threshold is achieved, the more trees there are, the less effective the model becomes,

indicating that a rapid increase in n estimators is not necessarily effective. All of this is

consistent with the Random Forest parameter n estimators displaying a constant state of

affairs. In Random Forests, n estimators were usually modifying first, and only when the

limit of n estimators has been reached will examine other parameters. However, in XGBoost,

the issue is substantially more complex and can become more so when the data set is less odd.

- subsample: Random sampling with put-back
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The goal of integration is to improve the performance of the model on the sample. Therefore,

all boosted integration methods will create an evaluator. The integrated model will be

superior to its previous state. In other words, its total effectiveness must steadily increase as

the iterations progress, culminating in ideal effectiveness. As is common knowledge, tree

models are naturally overfitting and can be extremely expensive to calculate if the quantity of

data is too great. For this reason, bootstrap must be performed on the original dataset. The

bootstrap sampling can only take one sample at a time. Therefore, if N samples are required,

N samples must be taken. The process of drawing one sample at a time is independent, and

the samples drawn this time are placed back into the dataset and may be drawn the next time

again. Therefore, duplicates may exist in the drawn dataset.

Boosted sampling is required in both bagging and boosting integration methods to minimise

overfitting and make a single weak classifier lighter [176]. In reality, a satisfactory outcome

may be attained by collecting around 50 percent of the data at a time. sklearn's Random

Forest class includes a bootstrap option for controlling this random put-back sampling. In

addition, this assures that each weak classifier (each tree) in the integration process is a new

model, which creates organically diverse models based on different data. It is illogical to

integrate a series of similar weak classifiers. Each iteration of a gradient boosting tree is used

to construct a new tree. Hence each iteration must be reset to draw a new training sample.

However, this does not ensure that each newly constructed tree will result in improved

integration. Therefore, each iteration of the evaluator in the gradient boosting tree enables the

model to focus more on the error-prone samples in the dataset [177].

Fig. 28 Iterative process of gradient boosting tree
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As shown in Fig. 28, when the first tree is constructed, the data is reinserted into the sample

and then modelled. After modelling, the model is assessed, and the samples that the model

inaccurately predicted are reintroduced into the dataset, completing one loop. Immediately

following the construction of the second decision tree, a second put-back sample is initiated.

This time, however, there is a distinction between the initial randomised put-back sampling

and the initial randomised put-back sampling in that the samples that were mistakenly

evaluated by the first tree are given greater weight. In other words, the sample that was

overestimated by the initial tree has a greater chance of being chosen.

Based on this study’s training set, the decision tree is modelled to favour error-prone samples

with more weighting. Following modelling, the incorrect samples are returned to the original

dataset. In the subsequent iteration, incorrect samples will be weighted more strongly, and the

new model will tend to favour stricter evaluation of these examples. As this process iterates,

the later the tree is constructed, the more adept the prior trees are at identifying incorrect

samples and the more intent they are on targeting data with which the previous forests

struggled. Each time an inaccurate prediction is made about a sample, it is weighted more

strongly. As long as the weak classifier is sufficiently robust [178], these samples will be

rated properly as the model as a whole continues to work on examples that have been

incorrectly classified. Thus, the objective of increasing the efficacy of the model with each

new tree is realised. Sampling reduces the number of samples, and the smaller the number of

samples, the more severe the overfitting of the model will be in terms of the learning curve.

This is because the smaller the amount of data, the easier it is for the model to learn, and the

more specific the learned rules will be to the test sample. Consequently, the subsample

parameter is often modified and utilised when the sample size is large. The model is currently

experiencing undersampling and overfitting. According to the pattern illustrated by the

learning curve, a training sample size of about 200 is expected to produce better results than

more training data, but this does not imply that the model generalises better with a smaller

training sample size. In general, the greater the sample size, the less probable it is that the

model would be overfitting. Therefore, the observed effect is a mere coincidence caused by

the small sample size. From this perspective, the influence of the subsample parameter on the

model should be volatile. It should probably not increase the model's generalisability,

although there are sufficient opportunities to improve the model.

- eta: Iterative decision tree
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The model tends to work more diligently on challenging samples from a data perspective

[179]. However, this does not imply that if i design a new decision tree that favours

challenging samples, it will assist in correctly classifying challenging samples. Complex

samples are weighted because the previous tree failed to identify them correctly. As a result,

the difficulty of the test set that the next tree must evaluate is greater than the difficulty of any

data encountered by the previous tree. It will become increasingly challenging to identify all

of these samples correctly. In addition to ensuring that the model gradually shifts towards

challenging data, it is also necessary to regulate the production of additional weak classifiers.

Each time a new tree is added, it must be the one that makes the best predictions for the new

data set.

Equation 18 determines the logistic regressions [180]:

Eq. 18

The objective is to solve for the combination of parameters that gives the best fit to logistic

regression θ. First, the loss function J(θ) of logistic regression need to be founded, which can

be used to measure the fit of logistic regression on the training set by bringing in θ. Then,

using gradient descent to iterate over θ as shown in Equation 19:

Eq. 19

Let θk in the kth iteration be subtracted from an amount computed by taking the step size and

feature value x to obtain the parameter vector θk+1 after the k+1th iteration [164]. This process

will continue until one finds a parameter θ that minimises the loss function.

Gradient descent is then used to iterate over integration algorithm:

Eq. 20
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After k iterations, there are a total of k trees in the integration algorithm, and the integration

result of k trees is the �
��(��)� accumulation of the leaf weights of all the previous trees. So

let the integration result of k trees, y^i(k), be added to the leaf weights fk+1(xi) of the newly

created trees to obtain the prediction result of the k+1st iteration, for a total of k+1, the

predicted outcome k+1 for the k trees is now available. Let this process continue until the

minimises value of the loss function was founded, and this is the prediction result of model

[164]. In XGBoost, the formula for the complete iterative decision tree should be written as:

Eq. 21

where η is the shrinkage of the iterative decision tree, also known as the learning rate [181]. η

is similar to α in logistic regression in that the larger the value of η, the faster the iteration,

the faster the algorithm reaches its limit and may not converge to the true optimum. The

smaller the value of η, the more likely it is that a more accurate optimum will be found,

leaving more space for the tree to be built later, but the iteration rate will be slower.

The gradient boosting tree is the basis of XGBoost, and this section has introduced four

parameters related to the process of gradient boosting in XGBoost: n_estimators,

learning_rate, silent, and subsample. The main purpose of these four parameters is not really

to improve the performance of the model, but more to understand the principles of the

gradient boosting tree. The gradient tree is said to be composed of three important

components.

1. Loss function Obj, that measures the effectiveness of the integrated algorithm and can be

optimized

2. Weak evaluator fk(x), that enables prediction

3. The means by which the weak evaluators can be integrated, including the iterative

methods that had explained, sampling means, sample weighting, etc.

XGBoost operates on these three fundamental components of the gradient boosting tree,

redefines the loss function and weak evaluator, and enhances the methods of integrating the

boosting algorithm to achieve a high balance between computing speed and model efficacy.

Moreover, XGBoost extends the original gradient boosting tree so that XGBoost is neither a
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regression model nor an integrated tree model. Simply altering the settings enables to select

the algorithm and functions to implement based on needs.

4.6.1 The intelligence of XGBoost

- Booster: Selecting weak assessors

Gradient boosting trees are not the sole gradient boosting technique and, as an extension of

the gradient boosting algorithm, XGBoost has more than one weak evaluator, unlike the tree

model [182]. In XGBoost, in addition to the tree model, a linear model may also be selected

for integration, such as linear regression. Although the tree model is currently the

predominant XGBoost, alternative models can be utilised. Due to this characteristic of the

XGBoost, the “booster” option governs the usage of various weak evaluators. As illustrated

in Table 5, when XGBoost employs a linear model, many of its mathematical operations

closely resemble those of a standard Boosting integration.

Table 5Weak evaluator selection in XGBoost

xgb.train() & params xgb.XGBRegressor()

xgb_model booster
Choose which of the weak
evaluators to use. The gbtree,
gblinear or dart, and the params
used differ depending on the
evaluator entered, each evaluator
has its own list of params. The
evaluator must match the param
parameter, otherwise an error is
reported.[183]

Choose which weak evaluator to use. The gbtree,
gblinear or dart. The gbtree stands for Gradient
Boosting Trees and dart is Dropouts meet Multiple
Additive Regression Trees, which can be translated as
discarded boosting trees, in the process of building a
tree It discards part of the tree during the tree building
process and provides better protection against
overfitting than gradient boosting trees. The input
gblinear uses a linear model [183].

- objective: The objective function of XGBoost

There are loss functions in all gradient boosting strategies. In contrast to logistic regression

and SVM algorithms, in which the loss function is predefined, the loss function in the

integration method is optional [184]. The choice of loss function depends on the issue being

solved and the type of model desired. As an illustration, if the objective is to create regression

predictions, the adjusted mean square error (RMSE) can be selected as the loss function [115].
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So long as the selected function is differentiable and reflects some type of loss, it can serve as

an XGBoost loss function.

In the majority of machine learning methods, the core of the loss function is a measure of the

capacity to generalise [185], i.e., how well the model can predict unknown data, and the

primary objective of training a model is to have it correctly forecast. As discussed previously,

XGBoost is a method that strikes a compromise between model performance and processing

speed. Prediction accuracy is, of course, a crucial aspect. As a result, XGBoot includes model

complexity to measure the computing efficiency of the algorithm. Therefore, the objective

function of XGBoost may be expressed as follows: standard loss function plus model

complexity [186].

Eq. 22

As shown in Equation 22, i represents the ith sample in the dataset, m represents the total

amount of data imported into the kth tree, and K represents all trees (n_estimators) built [187],

when only one tree is built, the equation should be �+1
� � ��� . The first term represents the

traditional loss function that measures the difference between the true label yi and the

predicted value y^i, usually the RMSE, the adjusted mean squared error. The second term

represents the complexity of the model, expressed using some transformation � of the tree

model, and this variation represents an equation that measures the complexity of the tree

model in terms of the structure of the tree [187], and it can be defined in a variety of ways.

Note that there is no intervention of the feature matrix xi in second term. Then minimise Obj

in each tree iteration to try to obtain the optimal y^, thus minimising both the error rate of the

model and the complexity of the model.

The generalisation error [188] in machine learning has been considered in section 4.6 above.

It is determined by a combination of variance, bias and noise, and the smaller the

generalisation error, the better the model. As can be seen from the figure below, the variance

and bias are in a reciprocal relationship, and the higher the complexity of the model, the

higher the variance and the lower the bias.
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Fig. 29 Iterative process of gradient boosting tree

Variance can simply be interpreted as the stability of a model over different data sets, while

bias is the accuracy of the its predictions. The variance-deviation dilemma then corresponds

to the Obj.

Eq. 23

The first term of equation 23 represents the bias. The less accurate the model, the greater the

first term will be. The more the model's complexity, the more specific its learning, and the

greater the variance, as the performance on different datasets would vary greatly [189]. In

solving for the most negligible value of Obj, researchers are solving for the balance of

variance and bias to limit the generalisation error and get the quickest runtime. Tree models

and integrated models of trees are learning geniuses and intrinsically overfitting models;

hence, the majority of tree models will initially appear in the upper right corner of the image,

and the model must be pruned the to prevent it from overfitting [190]. Now that XGBoost has

its own section of the loss function to prevent the variance from growing, XGBoost will be

more intelligent than other tree models and will not fall to the top right of the image as

quickly.

- alpha，lambda: Parameterised decision trees fk(x)
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For a decision tree, each sample i that is put into the model will end up on a leaf node [191].

For a regression tree, the predicted value at each leaf node is normally the mean of the labels

of all the samples at that leaf node. However, it is worth noting that XGBoost, an improved

algorithm for ordinary regression trees, is different in terms of y^. For XGBoost, each leaf

node will have a prediction score, also known as a leaf weight. This leaf weight is the

regression fetch of all samples on this leaf node in this tree, denoted by fk(xi) or ω [162].

Eq. 24

There are two parts to equation 24, one is the γT that controls the tree structure and the other

is the regular term. The number of leaves T can represent the whole tree structure, this is

because all trees in XGBoost are CART trees (binary trees), so the depth of the tree can be

determined based on the number of leaves T, while r is the self-defined parameter controlling

the number of leaves [164]. As for the second part of the regularisation term, by analogy with

the structure of ridge regression and Lasso, they are both parameters that control the strength

of the regularisation, or researcher can use them together to increase the strength of the

regularisation. When λ and α are both 0, the objective function is that of an ordinary gradient

boosting tree.

The regularisation coefficients correspond to the respective parameters as follow table 6:

Table 6 The regularisation
coefficients in
XGBoostMeaning of
parameters

xgb.train() xgb.XGBRegressor()

Parameters of the L1
regular term α

alpha, default 0,
range [0, +∞]

reg_alpha, default 0, range [0, +∞]

Parameters of the L2
regular term λ

lambda, default 1,
range [0, +∞]

reg_lambda, default 1, range [0, +∞]

Based on the GBDT idea, XGBoost offers a more effective boost. It broadens the loss

function from squared loss to second-order derivable loss, enabling a more precise estimation

of the actual value. In addition, it enables column sampling and incorporates an L2

regularisation term, increasing predicted outcomes' accuracy.
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- Difference of structural fractions: Find the best branch

As the decision tree algorithm is a method that employs greedy algorithms, it was assumed

that XGBoost, as an integrated model of trees, would also employ this strategy for its

computations. If each leaf is optimum, then the resulting tree structure as a whole will also be

optimal, eliminating the need to list all possible tree topologies [192]. XGBoost uses the

objective function to evaluate the structural value of a tree and then permits the tree to grow

from depth 0. Each time it branches, it determines how much the goal function has been

decreased and ends when the reduction goes below a certain threshold.

Eq. 25

As shown in equation 25, GL and HL are calculated from the left node (brother node), GR and

HR are calculated from the having node (sister node), and (GL+GR) and (HL+HR) are

calculated from the middle node. In practise, the aforementioned computation is performed

for each branching point for each feature, and then the node that allows the goal function to

branch the quickest is chosen. It has been demonstrated that this approach of determining the

ideal tree structure is quicker than the original gradient descent and works well with huge

datasets.

- Gamma: Stopping the tree from growing

From the equation 25, the difference between the objective function and the structural score

Gain, γ is the term that cut for each is the penalty term that is cut off for each additional leaf

[193]. The more leaves added, the heavier the penalty on the difference of structure fractions,

so γ is also known as “complexity control”, and it is an important parameter to prevent

overfitting. The γ has been shown to be one of the most influential parameters on gradient

boosting trees, as opposed to n_estimators and max_depth, the overfitting prevention tool.

Logistic regression uses the parameter tol to set a threshold [194]and specifies that if the

reduction in the loss function during gradient descent is less than tol the descent will stop. In

XGBoost, the tree is allowed to continue branching as long as the difference in structural

scores Gain is greater than 0, i.e. as long as the objective function can continue to decrease.

That is, the requirement for the amount of reduction of the objective function is:
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Eq. 26

In this way, it is straightforward to stop the growth of a tree in an XGB by setting the size of

γ. It is thus defined as the minimum reduction in the objective function required to perform

further branching at the leaf nodes of the tree, with similar parameters in decision trees and

random forests (min_split_loss, min_samples_split) [195]. The larger the γ setting, the more

conservative the algorithm will be, the smaller the number of leaves in the tree, and the lower

the complexity of the model.

Fig. 30 The penalty term of complexity γ on the model prediction [230]

From Figure 30, it is difficult to discern the trend of the algorithm, the level of deviation, the

size of the variance, and the fact that the parameter γ causes far more fluctuations than the

other parameters (the other parameters at least have a process of rising and then smoothing,

whereas γ seems to be completely irregular). XGBoost is so unstable under sklearn that it is

difficult to guarantee results if the parameters are adjusted in this way. In order to do this, it is

necessary to introduce a new tool, the class xgboost.cv from the xgboost library [196] as

below:

xgboost.cv (params, dtrain, num_boost_round=10, nfold=3, stratifified=False, folds=None,

metrics=(), obj=None, feval=None, maximize=False, early_stopping_rounds=None,

fpreproc=None, as_pandas=True, verbose_eval=None, show_stdv=True, seed=0,

callbacks=None, shuffle=True)
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In order to use xgboost.cv, it is necessary to be familiar with the model evaluation metrics

that come with xgboost. xgboost was built with the goal of being large and comprehensive,

similar to sklearn, and includes about 20 model evaluation metrics, but only a few are

actually used for regression and classification, most of which are used for more advanced

functions such as ranking. With xgboost.cv as a tool, parameter tuning is much easier. This

tool allows you to see directly how the parameters affect the generalisation ability of the

model. Next, the focus will be on how to use the class xgboost.cv for parameter tuning. This

objective function and the various mathematical processes derived from this objective

function are important to the XGBoost principle, and most of the principle-based parameters

in XGB are concentrated in this module.

4.6.2 Other issues in XGBoost applications

- Overfitting: Pruning parameters and regression model tuning

As an inherently overfitting model, one of the core aspects of the XGBoost application is to

mitigate the effects of overfitting. As a tree model, the main way to mitigate overfitting is to

reduce the complexity of the model by pruning the decision tree in order to reduce the

variance [197]. In the previous section, several parameters that can be used to prevent

overfitting, including the complexity control γ mentioned in the previous section, the two

parameters of regularisation λ and α, the parameter η that controls the speed of iteration, and

the parameter subsample that governs the randomised put-back sampling before each

iteration; all of which can be used to mitigate overfitting.

XGBoost provides several parameters specifically for pruning as shown in Table 7 below:
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Table 7 Prunning parameters in XGBoost

Meaning of parameters xgb.train() xgb.XGBRegressor()

Maximum depth of tree

[198]

max_depth , default 6 max_depth, default 6

Proportion of randomly

sampled features at each

tree generation [199]

colsample_bytree, default 1 colsample_bytree,

default 1

One level of the spanning

tree at a time Proportion of

randomly sampled features

[200]

colsample_bylevel, default 1 colsample_bylevel,

default 1

Each time a leaf node is

generated Proportion of

randomly sampled features

colsample_bynode，default 1 N.A.

The minimum required on a

leaf node i.e. the sum of the

second order derivatives at

the leaf nodes Similar to

the sample weights [201]

min_child_weight, default 1 min_child_weight,

default 1

Of these parameters, the maximum depth of the tree is the most commonly used pruning

parameter in decision trees but in XGBoost the maximum depth functions similarly to the

parameter γ. If γ is adjusted first, the maximum depth may not show a great effect. If the

maximum depth is adjusted first, it is also possible that γ will not show a significant effect.

As a rule, only one of these two parameters is used. Of the three parameters for randomly

sampling features, the first two are more commonly used. Sampling features when building a

tree is actually one of the more common methods used in decision trees and random forests.

The Boosting algorithm has always been based on sampling (cross-sectional). The Boosting

algorithm has always used sample extraction (horizontal sampling) to adjust for model

overfitting, whereas in practice vertical sampling (feature extraction) has proven to be more

effective in preventing overfitting. The less commonly used parameter min_child_weight is

the sum of the second-order derivatives of a leaf. When the second-order derivative of a
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sample is small like 0.01, min_child_weight [202]. If set to 1, means that at least 100 samples

are needed on a leaf. Essentially, this parameter is actually controlling the minimum number

of samples required on a leaf, and will therefore be more effective for data with a large

sample size. If the sample size is small (such as the Boston house price dataset), then this

parameter is not very useful. The function of this parameter is also partially replaced in terms

of pruning effectiveness.

Typically, when a dataset is generated, a grid search is employed to locate an appropriate

combination of n_estimators and eta, followed by the use of gamma or max depth to

determine the state of the model (over-fitted or under-fitted, to the left or right of the

variance-deviation picture). The ultimate decision is whether to prune. In general, XGB

models require the most frequent pruning. The next step is to investigate using the class

xgb.cv to trim and adapt the parameters to a collection of parameters with a high capacity for

generalisation.

In the course of adjusting the XGBoost settings, several issues were faced. The following is

an overview and solutions:

1. It is very cumbersome to modify each setting individually. This is why a grid search was

used for this investigation. As long as the computer has sufficient computational capacity

and robustness in the grid search. Using np.linspace or np.range as an alternative might

affect the results when utilising XGB, which has a massive number of parameters and a

variety of possibilities. If xgboost.cv is not utilised to verify the range of parameters,

researchers will likely spend a significant amount of time on this task. If not, it will waste

a great deal of time achieving nothing. Concurrently, a grid search was implemented. No

more than two or three search parameters should be entered at a time during the research

process. Several interactive factors must be utilised jointly, such as the learning rate eta

and the number of trees n estimators [203]. Alternatively, if the grid search results

contradict the knowledge and manual adjustment of the reference, pick the model with the

superior results. If the two outcomes are comparable, manual-referencing results should

be believed. Ultimately, listed outcomes may be coincidental and data-specific in many

instances. There is no single way to explain why the grid search results are as they are.

2. The sequence of parameters during the call has an effect on the outcome of the call. In

this study, the researcher must prioritise tuning the model parameters having the most
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significant influence. The researcher suggests the following sequence for adjusting

pruning parameters: n estimators co-adjusted with eta, gamma, or max depth, sampling

and sampling parameters (longitudinal sampling has a more significant influence), and

then the two regularisation parameters.

After altering the parameters, the test set results were not as good as they were with the initial

values. After modifying the parameters, the cross-validation curves demonstrated that the

model assessments for the test and training sets became significantly closer. The researcher

desired to increase the generalisation of the model; however, increased generalisation does

not necessarily imply that the model will perform well on the new data set, as the unknown

data set does not necessarily fit the entire data distribution and, furthermore, performing

exceptionally well on one unknown data set does not necessarily imply that it will perform

exceptionally well on other unknown data sets. Therefore, there is no need to be overly

concerned with the performance of the model on the current test set. If the model performs

well on both the training and test sets using the current data, then its generalisation will be

excellent.

XGBoost is frequently employed and is conceptually complicated as it is a highly developed

and prosperous algorithm. The real problem with XGBoost is that it is an all-in-one solution.

The iterative process of tree iteration, for example, may really be compared to the gradient

descent process in logistic regression; the pruning process, for example, can be related to

information from random forests and decision trees in many circumstances. Obviously, there

is much more to discover with XGBoost, and additional libraries and modules other than

sklearn and xgboost can use the XGB algorithm. Numerous libraries have optimised the

xgboost fundamental ideas to make it quicker and more efficient (e.g. lightGBM, e.g. using

distributed for computation, etc.) In this study, XGBoost parameters were set as shown in

Table 8.

Table 8 XGBoost parameters setting

Learning rate 0.2
Number of trees 200
Minimum loss reduction 0

Sub-sample ratio(unifor sampling) 0.8
Sub-sample ratio(columns) 1
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Maximum depth of each tree 8
The performance of XGBoost is assessed using the coefficient of determination (R2), root

mean square error (RMSE), and mean absolute error (MAE). R2 is a coefficient of

determination used to explain the variance score of the regression model. the value of R2

takes on a range of values from [0,1], with higher scores indicating a better prediction of the

model. R2 is the best measure of the linear regression method. Both MAE and RMSE indicate

how well the predicted outcomes match the actual data set, with smaller values suggesting a

better fit. This study’s train and test data are split in 80% - 20%.

4.7 Performance measure

The performance of a machine learning model is assessed by R2, MSE, MAE, and RMSE.

Table 9 demonstrates that XGBoost is far better than the other models presented in this work.

In this investigation, XGBoost achieved the most outstanding R2 value of 0.996, the lowest

MAE of 1.351, and the lowest RMSE of 3.148. On the training set, the accuracy of the

XGBoost model was 98.62. The ANN model scored second in terms of performance in

making predictions.

Nevertheless, LR2's model performance was the weakest of all the models evaluated in this

research. It also has the higher MAE and RMSE of all models, along with the lowest R2 value

(0.877) among all models. Using the same training set and test set [204], Table 9 depicts the

test outcomes. It demonstrates that XGBoost has greater precision, generalisation ability, and

performance stability than other algorithms in this study.
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Fig. 31(a) XGBoost

Fig. 31(b) Artificial neural network
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Fig. 31(c) Random Forrest

Fig. 31(d) Decision tree
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Fig. 31(e) Lasso regression

Fig. 31(f) Linear regression

4.8 Cross-validation accuracy

Box plots (a) and (b) in Fig. 32 show the 10-fold cross-validation accuracy of each ML

algorithm. The range of cross-validation training accuracy ranges from 50.20 to 95.60. The

range of average accuracy is between 67.21 and 86.32, while that in Fig. 32(b) ranges from

37.55 to 68.10. The XGBoost algorithms have the best performance, followed by the ANN

model. Based on 10-fold cross-validation, the DT model has the highest dispersion of any
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developed algorithm. On the other hand, Linear Regression and Lasso Regression do not

perform well with accuracy. In testing, however, the LR2 model has the lowest cross-

validation accuracy.

Fig. 32 10-fold cross-validation accuracy of selected machine learning algorithms

4.9 Result of relative importance of the input feature

The relative importance of each input parameter in the proposed ML models is shown in

Figure 33. In predicting the structural behaviour of CFS channel with web openings, section

lip width is found to be the most important feature, followed by the essential size of the CFS

channel is found to be more important than hole parameters. However, according to the

author’s model, the edge thickness is the least essential parameter in the study.

Fig. 33 The relative importance of each input parameter in the proposed ML models
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Chapter 5: Comparison of selected machine learning algorithms

5.1 Development-based

5.1.1 10-fold cross-validation

10-fold cross-validation is a systematic way of testing the precision of an algorithm [205].

The dataset is partitioned into ten subsets, of which nine are used as training data and one as

test data. The 10-fold cross-validation will ensure that the original training dataset is used for

both training and validation and only used for validation just once.

- Lasso Regression vs XGBoost

Cross-validation-based Lasso parameters differ somewhat from XGBoost parameters. This

results from Lasso's increased sensitivity to the value of α. As previously stated, because

Lasso is highly sensitive to changes in the regularisation coefficients, the value of α will

fluctuate across a relatively tiny region. In a manner similar to the cross-validation class of

XGBoost regression, and in addition to doing cross-validation, LassoCV will develop a

second model. It will then model using this parameter according to the model assessment

metrics after determining the optimal parameter for regularisation. The LassoCV model

evaluation metric is the mean square error, whereas the XGBoost model evaluation metric

may be changed independently and default to R2.

As seen in table 9, XGBoost outperforms other algorithms, whereas Lasso Regression has the

lowest cross-validation accuracy. This indicates that XGBoost is able to circumvent the

constraints and specificity of fixed partitioned datasets more effectively than the other

approaches employed in this study. XGBoost is the method with the best generalisation

ability (least prone to overfitting) compared to other algorithms.

Table 9 Performance measurement of selected algorithms

Performance measure

R_2 MSE MAE RMSE
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XGBoost 0.996 9.913 1.315 3.148

ANN 0.993 17.421 2.475 4.174

RD 0.989 28.095 3.151 5.301

DT 0.987 33.701 3.776 5.801

LR1 0.881 309.537 13.457 17.594

LR2 0.879 310.551 13.614 17.622

5.1.2 Loss functions and metrics

The loss function measures the degree to which the projected value deviates from the actual

value of y. The smaller value of the loss function, the more robust the model. The loss

function is the core component of the empirical risk function and a crucial component of the

structural risk function. The structural risk function incorporates both the empirical and

canonical risk terms.

- Regression algorithm vs XGBoost

There are differences between the process of the regression algorithm and the XGboost

algorithm. Firstly, the goal of the regression algorithm is to find the best fit for the model.

The fit of the model is measured by finding a loss function J(θ) that can be brought into the

parameter θ. Then it’s iterated over the parameter θ to confirm that the loss function reaches a

minimum value.

Eq. 26

The subtracted part does not appear in the loss function when iterating over the parameter θ.

The regression algorithm is solved by considering a prescribed step size. The goal of

XGBoost, on the other hand, is to make the prediction of gradient boosting trees better. It

measures the predictive effectiveness of the boosted tree by finding a loss function Obj that

brings in the predicted outcome y of the model.

Eq.27
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The predicted outcome y is then iterated until the loss function becomes minimal. The

increase occurs in the loss function when iterating over the predicted outcome, so it needs to

be put into the loss function to solve for it. The closer R2 is to 1, the more closely the

predicted value matches the actual sample value. As shown in table 9, XGBoost has the

highest R2 and lowest MSE, MAE and RMSE, when compared to other methods.

5.1.3 Comparison the pros and cons of selected algorithm

Table 10 Comparison the pros and cons of selected algorithms

Advantage Disadvantage
XGBoost - Regularisation: it has in-built L1 (Lasso

Regression) and L2 (Ridge Regression)
regularisation which prevents the model
from overfitting [206].

- Handling Missing Values: it has an in-
built capability to handle missing values.
When encountering a missing value at a
node, it tries both the left and right hand
split and learns the way leading to higher
loss for each node [207].

- Parallel Processing: utilises the power of
parallel processing

- does not perform well on sparse
and unstructured data

- is very sensitive to outliers

- is hardly scalable. The estimators
base their correctness on previous
predictors; hence the procedure
involves a lot of iterations to
streamline.

Artificial
neural
network

- excellent academic ability
- extensive coverage and flexibility
- data-driven ceiling
- excellent portability

- high amount of computations, -
poor portability
- high hardware specifications
- complex model design

Random
Forest

- easy to interpret
- handles both categorical and
continuous data well.
- works well on a large dataset.
- not sensitive to outliers.
- non parametric in nature

- prone to overfitting.
- pruning necessary.
- can’t guarantee optimal trees.
- it gives low prediction accuracy
with large class variables.
- high Variance(Model is going to
change quickly with a change in
training data)

Decision
Tree

- less effort for data preparation during -
pre-processing.
- does not require normalisation of data
- does not require scaling of data
- missing values does not affect the
process of building a decision tree to any
considerable extent [208].
- very intuitive and easy to explain

- instability; a small change in the
data can cause a large change in the
structure
- calculation can be far more -
complex compared to other
algorithms.
- often involves higher time to train
the model
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- time-consuming.
- poor performance on regression
and predicting continuous values.

Linear
Regression

- avoids overfitting
- can do feature selection
- fast in terms of inference and fitting

- poor stability
- the model selection result is not
intuitive to interpret
- lower accuracy and prediction
performance

Lasso
Regression

- easy to comprehend and interpret
- regularisation decreases the possibility of
overfitting.
- using stochastic gradient descent and
fresh data, it's simple to update model
weights.

- performs poorly when nonlinear
factors are present.
- insufficient flexibility to catch
more complicated patterns.
- adding the correct interaction terms
or employing polynomials is
challenging and -time-consuming.

5.1.4 Usability

In this investigation, XGBoost performs better than other algorithms. This is because its
default settings are pretty logical, its training speed is quick, and it performs well with low- to
moderate-difficulty assignments (such as the 15,000 test samples in this study). It is almost
always superior in terms of usability. A brief section of code may build a very accurate model,
whereas neural networks require at least a day to be correct. However, Artificial Neural
networks are pretty complex. It needs substantial skill and investigation, such as knowing
how many layers to use, how broad they should be, which activation functions and losses to
apply, etc. However, as demonstrated in Table 9, XGboost and ANN did not significantly
differ in performance since their R2 values are more than 0.99. In other words, XGBoost is
better suited for tabular data with a small number of variables. In contrast, ANN is better
suited for images and other data types with a large number of variables.

5.2 Production-based parameters

In addition to having a suitable model and data, an exemplary machine learning system

implementation is often the key to whether the algorithm will ultimately achieve good results.

A proper machine learning system implementation should have these two characteristics:

Time complexity and space complexity [209-215].

Table 11 Time complexity and Space Complexity equations

Time Complexity Space Complexity

XGBoost O(tdxlogn) O(#nodes M + gamma m)
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Artificial neural network O(n*k1 + sum(kn)) O(n*k1 + sun(kn))

Random Forest O(n*log(n)*d*k) O(tree depth)

Decision Tree O(n*log(n)*d) O(tree depth)

Linear Regression O(nd) O(d)

Lasso Regression O(nd) O(d)

5.2.1 Time complexity

Time complexity measures how fast an algorithm for machine learning can be executed for a

given input size. The time complexity is always expressed according to the size of the input

(e.g., n). The time complexity of an algorithm is usually expressed in Big O notation and is

defined as T[n] = O(f(n)). If the input size is n, the time required to solve a particular

algorithm for this input is T(n). Hence T(n) is called the “time complexity” of this algorithm.

When the input n is gradually increased, the time complexity will be increased. The

training/prediction time of a model is determined by the time complexity. If the level of

complexity is excessive, model training and prediction will be time-consuming, which will

not allow for rapid idea validation and model development, nor will it provide a rapid

prediction.

As shown in table 11, The time complexity of Linear Regression and Lasso Regression is

shown as O(nd), which means the number of training examples(n) has a linear growth
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relation with the number of data dimensions (d). Similar to Decision Trees, the number of

training examples (n) has a linear growth relation with a number of data dimensions (d).

However, Decision Tree time complexity is more complicated, which means it will take more

time for each operation. Compared to LR and DT, Random Forest algorithm has an extra key

factor k in time complexity. The k factor represents the number of neighbours. This indicates

that they can manage very high-dimensional (many features) data without having to

downscale or perform feature selection. These algorithms are less susceptible to overfitting

when dealing with small-scale data, and they are reasonably quick to train, making them

simple to run in parallel. In addition, they maintain accuracy even if a significant amount of

the training data is missing features. As shown in Table 11, ANN is summated and quadratic

complicated to a number of training examples (n), where *k1 is the amount of data for all

samples, k1 is the first dimension of the dl model, and sum (kn) is the overall number of

parameters. Compared with those algorithms mentioned above, ANN can provide a more

accurate prediction but with a longer running time. The time complexity of XGBoost is

relatively higher than other algorithms. Even though XGBoost uses pre-ranking and

approximation methods to reduce the computing effort required to locate the optimal splitting

point, the complete dataset still need to be traversed during the node splitting procedure.

5.2.2 Space complexity

Citing the earlier ANN example, the ANN model generates a forecast by traversing the whole

training set each time. When the research data is extensive, there may be an expensive impact

on system resources, such as RAM assigned to the system or storage capacity. However,

system memory should always be sufficient for processing and manipulation. The processing

speed and capacity of the solution may deteriorate if an excessive amount of data is added.

Compared to ANN, XGBoost improves the GBM framework via parallelisation, tree pruning,

and hardware optimisation. Local caches for gradient statistics are assigned to each thread via

cache monitoring. Table 12 demonstrates that the XGBoost approach has the highest

performance and the shortest training time compared to ANN and other algorithms.

Table 12 Performance and training time comparison of selected algorithms
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5.3 Limitation and suggestions for future data-driven models

Despite the fact that this study aims to construct an acceptable ML model through a

systematic comparison, there are still a great number of areas that merit further study. Such as

the edge thickness, edge height, and edge extension are not critical features and have minimal

effect on the structure's behaviour. In future research, it would be beneficial to evaluate these

factors using diverse data-driven models in a range of situations. In addition, this study only

examined six sophisticated and advanced algorithms, but there are numerous other complex

and advanced algorithms worthwhile to study alternate data analytics in future studies.
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6 CONCLUSION

This research presents six machine learning-based approaches for investigating the structural

behaviour of a CFS channel with web openings. This research developed models based on a

database of 15,000 test samples using Linear regression (LR1), Random forest (RF), Lasso

regression (LR2), Decision trees (DT), Artificial Neural Networks (ANN), and XGBoost

(XB). In this study, Overall lip width (b1), Web height(d1), Section thickness(t), length of

channel section(L), hole number(n), hole spacing(s), hole radius(a), edge thickness(w), edge

height(q), and edge expand(e) are the input features that influence the prediction outcomes.

All models are subjected to 10-fold cross-validation to improve output robustness and reduce

the overfitting of test data. The findings can be summarised as follows:

Compared to the six machine learning approaches discussed in this research, there is a

substantial difference between these methods in terms of accuracy and processing time.

Consequently, not all methodologies have proved effective for investigating structure

behaviour.

XGBoost is the most appropriate machine learning algorithm to investigate the structural

behaviour of CFS columns with web openings. It stands apart from the competition of other

algorithms due to its capacity to provide accurate and efficient forecasts, flexible and

extensive system modification options, and its user-friendly manner of operation.

 The related characteristic significance performed to the input data utilised by all

algorithms indicated that the section lip width to effective depth ratio is the most

relevant characteristic in studying structural behaviour, followed by section length

and thickness.

 Section hole number, radius, and edge thickness were also examined as input

parameters and it was established that these factors have a substantial effect on the

structural behaviour of CFS channels with web openings.

In conclusion, this study presents a detailed reliability analysis for comparison with FEA

results based on 15,000 ML prediction results. Areas for future research and investigation

have also been identified.
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List of Abbreviations

Notation

a Hole diameter;

a/d Hole diameter to web height;

Ae Effective area;

Ag Gross cross-sectional area;

bf Overall flange width of section;

bl Overall lip width of section;

b Model parameter for Paddle model;

bf /t Ratio of flange to thickness;

bl /t Ratio of lip to thickness;

bw/t Ratio of web to thickness;

bl/bf Ratio of lip to flange;

bw/bf Ratio of web to flange;

c1 Width of top lip;

c2 Width of bottom lip;

CFS Cold-formed steel;

COV Coefficient of variation;

d Web height;

DBN Deep Belief Network;

DSM Direct strength method;

e0 Member imperfection magnitude;

E Young’s modulus;

E0.2 Tangent modulus at 0.2% of proof stress;

EWM Effective width method;

fn Critical stress;

fu Ultimate material tensile strength;

fy Material yield stress;
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fy,c Corner yield stress;

FEA Finite element analysis;

FAS/NZS
Predicted axial capacity of CFS channel section from AS/NZS
4600:2018;

Fce Nominal member capacity under compression from AS/NZS 4600:2018;

FDBN Predicted axial capacity of CFS channel section from DBN;

FD Un-factored design strength for plain sections;

FEXP Axial capacity from experiments;

FFEA Axial capacity from the finite element analysis;

Fc Axial capacity value from the training database;

Fp Predicted axial capacity value;

Fy Member yield capacity on gross cross-section;

Ipm Imperfection magnitude;

IPt Imperfection type;

L Length of channel section;

Lhw Half-wavelength;

m Strain hardening exponent;

Mw Mesh width in FEA;

coil
xM Plastic coiling moment;

n Strain hardening exponent;

nh Hole number;

N Number of data samples of Paddle model;

Nc Nominal member capacity of the member in compression;

Ncd Nominal member capacity for distortional buckling;

Ns Nominal section capacity of member in compression;

Ny Member yield capacity on gross cross-section;

N* Axial capacity for EWM;

q Stiffener length;

q/s Stiffen length to hole spacing;
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r Radius of section corners;

rq Stiffener fillet radius;

rq/s Stiffener fillet radius to hole spacing;

xr Coil radius;

uncoil
xr Coil radius at uncoil stage;

R* Correlation coefficient

R Reduction factor of un-stiffened web holes on CFS under axial
compression;

REXP Reduction factor from experimental results;

RAISI&AS/NZS Reduction factor from AISI & AS/NZS;

t Section thickness;

ti Real output value for the ith output in Paddle model;

it Average real output value for the ith output in Paddle model;

T Strengthen factor of edge-stiffened web holes on CFS under axial
compression;

TEXP Strengthen factor from experimental results;

TChen Strengthen factor from AISI & AS/NZS;

Xi Value of variables of input vectors;

X Mean value of variables of input vectors;

yi Prediction output value for the ith output in Paddle model;

iy Average prediction output value for the ith output in Paddle model;

 Passion ratio;

elastic Poisson ratio at elastic stage;

plastic Poisson ratio at plastic stage

σ0.05 0.05% proof stress;

coil
x Stress in coil stage at x- direction;

uncoil
x Stress in uncoil stage at x- direction;

flatten
x Stress in flatten stage at x- direction;
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bend
x Stress in bend stage at x- direction;

rebound
x Stress in rebound stage at x- direction;

coil
z Stress in coil stage at z- direction;

uncoil
z Stress in uncoil stage at z- direction;

flatten
z Stress in flatten stage at z- direction;

bend
z Stress in bend stage at z- direction;

rebound
z Stress in rebound stage at z- direction;

εu Ultimate strain;

ωi Model parameter for Paddle model;

c Capacity reduction factor for members in compression
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Table 1 Validation of FE modelling against the experimental results of Chen et al. [6]

Specimen ID
Web Flange Lip Length Thickness Stiffener Dia Opening

spacing
Opening
number

Exp.
load

FEA
result

PEXP/PFEAd bf bl L t q a s n PEXP PFEA
(mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm) (kN) (kN)

1 191.5 44.9 15.1 1301.8 1.43 - 90.8 - 1 54.2 51.43 1.05
2 189 44.5 14.5 1502.8 1.43 - - - - 54.9 46.2 1.19
3 189.5 45.6 15.9 1502.5 1.53 13 97.6 - 1 60.2 54.34 1.11
4 191.2 45.4 15.5 1501.8 1.52 13 96.8 390 3 62.3 55.63 1.12
5 190 45 15.8 1501.7 1.53 13 97.2 290 5 63.6 56.2 1.13
6 190.8 45.1 15.6 1501.5 1.51 13 97.5 190 7 66.5 57.39 1.16
7 189.1 44.8 15.5 1502.8 1.45 - 89.7 - 1 46.9 47 1.00
8 190.5 45.4 15.6 1501.5 1.46 - 89.5 390 3 46.1 45.65 1.01
9 188.9 44.9 15 1501 1.44 - 89.9 290 5 44.6 42.3 1.05
10 189 44.4 15.8 1502.5 1.45 - 90.3 190 7 43.8 41.78 1.05
11 239 44.6 15.5 1505.8 1.75 - - - - 62.3 60.33 1.03
12 238 45.7 15 1502 1.75 13 143.7 - 1 63.9 61.98 1.03
13 239.5 44.9 14.7 1502.5 1.72 13 142.7 390 3 66 63.85 1.03
14 239.5 44.2 15.6 1502 - - 145.2 - 1 52.1 51.89 1.00
15 238.2 44.8 15.2 1502.1 1.71 - 127.2 390 3 49.4 48.04 1.03

Average 1.07
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(a) Sections with un-stiffened web holes (b) Sections with edge-stiffened web

holes

Fig.1 Cold-formed steel channel sections [6]

(a) Local buckling mode (b) Distortional buckling mode (c) Global buckling
mode

Fig.2 Imperfection magnitudes from the AS/NZS 4600:2018 [11]
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(a) Stress–strain coordinate system in manufacture processes
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(a) Nominal cross-section

(b) Different hole spacing

Fig.5 CFS channel sections considered in this report
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Table 13 Input parameters for selected machine learning algorithms

Specimen
ID Web

Section
thickness lip width Length EdgeThickness

Edge
heigth

Edge
expand

Opening
radius

Opening
spacing

Opening
number Exp. load

d1 t bl L w q e a s n PEXP

(mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm) (kN)

1 12 1.7 62 3000 5.1 13 10 61 0 1 45.836752
2 14 2 22 3000 6 13 10 33 521 4 37.366415
3 13 2 50 1000 0 0 0 0 0 0 102.17252
4 28 2 54 2000 6 13 10 40 0 1 88.537736
5 19 2.5 69 500 7.5 13 10 31 166 2 205.36196
6 30 0.5 67 2000 0 0 0 0 0 0 11.467506
7 30 1 28 2000 3 13 10 38 0 1 15.79961
8 22 2.5 49 1000 7.5 13 10 66 222 3 176.99133
9 23 1 22 1000 0 0 0 0 0 0 16.522961
10 18 1.7 39 1000 5.1 13 10 50 0 1 70.871323
11 14 1.7 33 500 5.1 13 10 62 245 2 85.85416
12 28 2.5 54 2000 0 0 0 0 0 0 129.71096
13 24 2 31 2000 6 13 10 62 0 1 50.439318
14 27 2 36 1500 6 13 10 63 236 6 81.413052
15 16 1.7 32 1000 0 0 0 0 0 0 53.272874
16 23 2 64 3000 0 0 0 0 0 0 73.112279
17 24 0.5 38 500 1.5 13 10 61 212 2 11.924076
18 18 1 49 3000 0 0 0 0 0 0 18.162402
19 26 2 34 1500 0 0 0 0 0 0 63.532612
20 21 1 26 1500 3 13 10 32 143 9 15.703081
21 29 2 67 500 6 13 10 54 186 2 165.13186
22 23 1 29 2000 3 13 10 51 0 1 15.152057
23 23 2.5 64 3000 7.5 13 10 45 425 6 110.83618
24 15 0.5 20 3000 1.5 13 10 23 0 1 4.5522813
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