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ABSTRACT 

Shape Memory Alloy Design by Machine Learning for Biomedical and High-

Temperature Applications  

Alireza Nazarahari  

Master of Science in Material Science and Engineering 

January 14, 2021 

 

Shape memory alloys (SMAs) are of great importance due to their extensive usage 

in biomedical applications, aerospace engineering, or robotics. In recent years, although 

there has been a considerable amount of research to achieve optimum compositions of 

SMAs for these applications, due to the high experimental costs, the demand for alloys 

with optimum properties has not been met for many applications yet. 

In this research, using the predictive power of artificial intelligence and machine 

learning, a systematic approach to predict the optimum composition of the SMAs was 

proposed to address two problems related to the binary NiTi and NiTi-based SMAs. In 

particular, in chapter two, the optimum chemical composition was proposed to 

minimize the Ni ion release in the binary NiTi SMA. The method to do so was to gather 

a database from the existing literature and using it to train a special algorithm that 

provides the information for predicting the desired compositions. In chapter three, using 

the same approach, two models were developed to predict the phase transformation 

temperatures and thermal hysteresis of multi-component NiTi-based SMAs. These 

models were used to predict the optimum alloy with the highest Phase transformation 

temperatures with the least possible thermal hysteresis. 
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Şekil hafızalı alaşımlar (shape memory alloys – SMA) biyomedikal, uzay 

mühendisliği ya da robotik alanlarındaki geniş kapsamlı kullanımlarından dolayı büyük 

öneme sahiptir. Son yıllarda bu uygulamalar için optimum kompozisyona sahip SMA’yı 

bulabilmek adına önemli miktarda araştırma yapılmasına rağmen; yüksek deney 

maliyetlerinden dolayı, optimum kompozisyona sahip alaşımlara olan ihtiyaç hala 

karşılanamamıştır. Bu çalışmada yapay zekâ ve makine öğrenmesinin tahmin gücünü 

kullanarak, ikili NiTi ve NiTi bazlı şekil hafızalı alaşımlarla ilgili iki problemi çözmek 

adına optimum kompozisyona sahip şekil hafızalı alaşım kompozisyonu öngörmek için 

sistematik bir yaklaşım sunulmuştur. Özellikle ikinci bölümde, minimum Ni salınımı ve 

optimum kimyasal kompozisyona sahip ikili bir NiTi SMA kompozisyonu ileri 

sürülmüştür. Bunu yapmak için kullanılan metod şu şekildedir: hali hazırda var olan 

literatürden bir veri tabanı oluşturulmuş ve istenilen kompozisyonu tahmin etmek için 

gerekli bilgiye sahip olan bu veri tabanı özel bir algoritmayı eğitmek için kullanılmıştır. 

Üçüncü bölümde, çok bileşenli NiTi bazlı şekil hafızalı alaşımların faz değişim sıcaklığı 

ve termal histerezisini tahmin edebilmek için aynı yaklaşım kullanılarak iki model 

geliştirilmiştir. Bu modeller, en yüksek faz değişim sıcaklığına ve en düşük termal 

histerezise sahip optimum alaşımı tahmin edebilmek için kullanılmıştır. 
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Chapter 1: 

INTRODUCTION 

1.1 Motivation and background 

1.1.1 Artificial intelligence 

Humankind has dreamt about building machines and devices that can function 

intelligently on their own for a long time. A wish that did not come true until the 

invention of computers and the development of logical and mathematical basis of 

artificial intelligence [1]. Artificial intelligence (AI), Also known as computational 

intelligence, is the study of various intelligent agents that can individually think, decide 

and take actions that are appropriate for a specific condition [2]. The initial expectation 

of the scientific society was to create machines that are as intelligent as humans. The 

efforts to meet this expectation resulted in the development of useful machines in many 

applications such as autonomous flight technologies which have successfully replaced a 

considerable amount of the pilots’ workload during commercial flights [3].  

However, nowadays this expectation has grown and created the demand for 

machines that can function more efficiently than a human operator and resulted in 

various inventions such as sorting devices that organize hundreds of mails in a brief 

time to send them to different destinations [4,5], or weather forecasting models with 

higher accuracy than earlier ones [6]. In addition, numerous novel applications have 

been created by the introduction of AI algorithms, that are now part of our daily lives 

and previously were not available due to constraints in human abilities. An example of 

these applications can be the use of big data (millions of instances) in algorithms that 

suggest certain products such as music, books, etc. to the users based on their 

preferences. Another example is, the novel approach in science that the underlying 

relationships of the complex problems are determined via AI algorithms, the 

relationships that might not be easy to grasp by the human mind which can include 

market analysis or scientific relationships of different parameters [7–12].  

The aforementioned examples of AI applications in various fields are telltale signs 

of the advantages that the implementation of AI can result if used properly. These 
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benefits can range from reducing the costs, risks, or biases induced by humans in 

different roles. In addition, AI can lift the restrictions of humans’ abilities in processing 

a large amount of information or the unprecedented relations of different parameters. 

However, to achieve these benefits, it is necessary to understand various kinds of AI 

methods and their abilities and restrictions. 

1.1.2 Machine learning  

Despite being presumed as synonyms by many, AI and machine learning (ML) are 

not equal terms. ML is a subset of AI in which a machine observes an amount of data to 

build a model on it, then uses this model to predict new and unseen conditions. In this 

definition, a machine “learns” while by observing new cases, its performance and 

correct prediction increases [2,13,14]. The practical motivation behind machine learning 

is that the person who designs a computer program cannot predict all the possible 

conditions that a program would face, therefore in case of a new and unprecedented 

condition, the machine is going to fail completely. More importantly, in many incidents, 

the designers of the machines are not aware of the real answer to the problems, 

therefore they need the machine to find out the answers based on the relations inherited 

in the data [2]. Considering these motivations and problems that they can address, the 

development of ML algorithms has gained great value within the last decades. 

However, to implement these algorithms, it is necessary to know the basis of their 

functionality.  

In summary, ML algorithms use both computer programming and statistics 

knowledge to train a model on an already available dataset known as “training dataset” 

while a performance criterion optimizes the performance of the model to fit the training 

dataset. Subsequently, the model’s performance in predicting new instances is evaluated 

using another performance criterion on a new dataset called “test dataset”. Thus, if a 

model has sufficient performance in both of these criteria, it would be considered as a 

successful model [13,14]. Generally, ML models can be divided into two main groups 

of supervised and unsupervised learning. In supervised learning, data instances 

including inputs, labeled with output information are taught to the model and the 

model’s performance and accuracy are evaluated using output data. On the contrary, in 

unsupervised learning, the training data does not include outputs and the model will find 

the underlying relations and patterns of the input on its own. In another approach, the 
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type of output data is considered for categorizing the ML models. Therefore, ML 

models are divided into classification and regression models. In the group of 

classification models, the output of the dataset shows different groups or categories that 

the input data belongs to, and the model tries to learn how the input information relates 

to these categories. On the other hand, in regression problems, the model tries to predict 

actual values of the output data rather than the category, therefore predicting continuous 

values for the output [13]. In both of these categories of models, the use of statistical 

methods in conjunction with computer programming has given the ML models the 

ability to tackle linear and non-linear problems that might be governing different 

physical phenomena, making them a powerful tool to solve different physical problems 

that might be highly expensive to address by conventional computational methods 

[13,14]. The potential of ML methods in solving computationally expensive problems, 

in addition to the possibility of designing machines that can work individually in 

unprecedented conditions, has led to the development of various ML methods to address 

different problems. Out of many available ML methods, artificial neural networks have 

been selected in this work due to their power of modeling complex problems. 

1.1.3 Artificial Neural Networks  

One of the fastest-growing ML methods from the beginning of the millennia is 

artificial neural networks (ANNs) which due to their abilities of general approximation 

has opened a new window in the use of ML methods in real-life applications.  

History of neural network 

The idea of artificial neural networks initiated at the year of 1943 by the efforts to 

model functions of the human mind’s neurons as simple electrical circuits which were 

successful to lay the basis for further studies [15]. Later works published in the 1950s 

supported the previous approach and presented the fact that if two neurons fire at the 

same time, the connection between them would be enhanced [16]. As the motivation 

behind these works was to imitate the power of the human mind, ANNs were put to 

simulations done by early computers to assess their possible abilities. These efforts 

failed initially; however by the late 1950s promising results were achieved in some 

applications such as an adaptive filter for canceling echo on telephone lines. The early 

promising results in addition to the expectations brought by the name of neural 

networks caused unjust demands from projects working on ANNs, which due to the 
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technological limits of the time, for instance limited computational power, caused the 

project goals to be unfulfilled which severely decreased fundings, therefore, hindering 

the growth of neural networks by 1970s. Fortunately, the era of stagnation for neural 

networks was ended by the technological rivalry of the United States and Japan in the 

1980s, causing the new developments in neural networks. These developments were 

accelerated by the fact that the computational power of the computers was improved by 

that time and more successful applications of ANNs brought attentions back to ANNs 

[2,17]. However, it was not until the use of parallel computational power of graphics 

processing units (GPUs) in ML methods that facilitated the efficient training of several 

layers of neurons in a network, therefore giving the chance to address complex 

problems that demand deeper networks for modeling. 

Deep learning  

In order to define the concept of deep learning, it is necessary to understand the 

basis of deep and shallow networks. Generally, in every network, each node is known as 

a unit and they work as a group of nodes in a layer that takes the input values as their 

weighted sum from their predecessor and uses a linear or nonlinear function to calculate 

the output of that layer. Subsequently, these outputs will be used as the input for the 

next layer and this process would repeat until the last layer which gives the final output 

of the network. In the case of shallow networks, the path of the calculation is short, 

since the input values pass through only one layer and the output of it would be the final 

result of the network. This process is visualized using graph representations in Figure 

1.1. On the contrary, the calculation path for the deep networks, also known as neural 

networks, are longer. A schematic for such networks is shown in Figure 1.2 indicating 

that when the input data is imported to deep networks, the calculation path that the data 

goes through consists of several calculation steps, thus it is called a deep network, and 

the learning process achieved through deep networks are called deep learning [18]. 

Considering the fact that both deep networks and neural networks are used 

interchangeably, the term of neural networks was used in this work since it is commonly 

utilized by the scientific society.  
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Figure 1.1.Schematic of a shallow network. 

 

Figure 1.2 Schematic of a deep network. 

 

To further understand the functionality of the ANNs, it is necessary to shed light on 

the calculation process and the mathematical basis of the ANNs. To do so, a training 

dataset is defined that consists of the input data which is presented as a matrix of  X =
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 [𝑋1𝑋2…𝑋𝑛] and the output data of Y =  [𝑌1𝑌2…𝑌𝑛]. In the neural networks, the input data goes 

through mathematical processes by the weights related to neurons of each layer 

represented as 𝜃𝑗 =  [𝜃1𝜃2…𝜃𝑚] for layer j. To make the demonstration of this mathematical 

process easier, let us consider a network with 2 hidden layers. The calculations would 

start by matrix multiplication of neuron weights to the input data which is shown as 

followed: Z(1)  =  𝜃1𝑋 (1.1) 

The Z(1) will be imported to the “activation function” of the hidden layer which 

works as a threshold limit and pass on the vector a(1) to the next layer as an input. This 

process will continue if the number of hidden layers is more than one. In the case of the 

assumed network, after the second layer, the a(3) vector, which is the output of the last 

hidden layer, known as hypothesis function shown by ℎ𝜃(𝑋), is passed to the “Cost 

function” to evaluate the model’s performance by comparing the a(3) vector to the Y 

vector and report it by a performance criterion.  

So far, the model has proposed a prediction based on the initial weights of the 

hidden layers; however, these weights are predefined, and as a result, the prediction 

made by them will not be able to fit the data properly; therefore, an adjustment in these 

weights is necessary for a functional model. The most common solution to this problem 

is the “Backpropagation” technique which uses the gradient of cost function with 

respect to the parameters of the network which affect the cost, to find the path of local 

minima for the cost of the model. In particular, by applying the chain rule, the relative 

formula for each parameter affecting the cost is found for the previous layer. 

Subsequently in an iterative manner, similar parameters are found for each previous 

layer. Finally, using the acquired values, the effect of changing each neuron’s weight is 

found and is utilized to adjust the weights accordingly [19]. The introduction of the 

Backpropagation was able to alleviate the problem of high computational cost of 

finding the minimum cost for the model, however, the performance of Backpropagation 

is highly dependent on the functions and architecture of the model, making them an 

important part of developing an ANN model. Therefore, in the following, each of these 

functions is briefly explained: 
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Activation function  

The activation function is the nonlinear part of the calculation that thresholds the 

input values in a nonlinear fashion. There are various activation functions that have 

been used in ANNs, each of them having advantages and disadvantages: 

1. Sigmoid function  

Sigmoid or logistic activation function have been used in ANNs with various 

modifications for a long time as a nonlinear function with real inputs with properties 

such as differentiability, positive derivatives and smoothness in some degrees. The 

function itself is defined as: 𝑓(𝑥) = ( 1(1+exp(−𝑥)))   (1.2) 

The advantage of sigmoid function is that it is easy to understand. However, the 

disadvantages of this function vary from having non-zero centered output which causes 

problems in Backpropagation, slow convergence, gradient saturation and damping sharp 

gradients [20]. 

2. Tanh 

Tanh activation function is the hyperbolic tangent function that is commonly used 

in natural language processing and speech recognition machines. This function follows 

the formula of:  𝑓(𝑥) =  (𝑒𝑋−𝑒−𝑋)(𝑒𝑋+𝑒−𝑋)   (1.3) 

Tanh function is preferred to the sigmoid function due to the fact that it is a zero 

centered, thus helping the Backpropagation process to converge easier. On the other 

hand, it suffers from “vanishing gradient” which sigmoid function is also suffering 

from. The vanishing gradient creates “dead neurons” in the network, meaning that some 

of the neuron weights are rarely used in the learning process, thus, limiting the learning 

ability of the model. With this limitation, development of new activation functions was 

highly demanded for creating better performing models with less computational effort.  

3. ReLU  

Rectified linear unit (ReLU) is one of the most common activation functions that is 

in use in many state-of-the-art applications today. This function has addressed the 

downsides of sigmoid and Tanh functions in the vanishing gradient by rectifying the 

negative input values to 0. The formula of the function is which shows the method of 

thresholding is: 
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𝑓(𝑥) = max(0, 𝑥) = {𝑥𝑖, 𝑖𝑓 𝑥𝑖 ≥ 00, 𝑖𝑓 𝑥𝑖 < 0}   (1.4) 

 

One major advantage of the ReLU is that it does not use exponentials or divisions 

in computation, therefore it is reducing the computational effort of the learning. On the 

other hand, ReLU has greater tendency to overfit the data comparing to the sigmoid 

function, demanding more attention to the learning process.  

4. Soft plus 

Soft plus is the smooth version of ReLU function that can prevent the gradient 

vanishing as well as increasing the convergence speed. The formula calculating this 

function is:  𝑓(𝑥) = log (1 + 𝑒𝑥)  (1.5) 

The main application of this function is statistical analyses, in which it can 

converge faster than the sigmoid or ReLU functions. However, due to the use of 

exponentials in the calculations, it has a higher computational cost [21]. 

Cost function 

Generally, in ML methods, cost functions (Also known as loss function) are the 

tool for evaluating the models’ performance by creating a performance criterion and 

calculating the amount of error using the difference between the predicted values of the 

model and the output value of the dataset according to the formula defined by the 

performance criterion. The cost functions are usually selected based on the model’s 

application and the data used for the learning process [13,18]. The two functions that 

are common today are mean squared error (MSE) for regression and Cross entropy 

function for classification problems.  

1. Mean squared error  

Mean squared error (MSE) is a well-known function that calculates the average 

over squared differences of the predicted and actual values. The mathematical 

presentation of it is shown as the following formula: 𝑀𝑆𝐸 = 1𝑛∑ (𝑌𝑖 − 𝑌𝑖̂)2𝑛𝑖=1   (1.6) 

This cost function is mainly used in regression problems in which models try to 

predict continuous values as their output which means that the higher cost represents 

predictions values with higher difference from the output value. The calculated cost 

values or the errors are always positive, starting from zero. MSE has the ability to deal 



 

Introduction  9 

9 

 

with outliers in a dataset, preventing the model from predicting the outliers with 

significant error [22]. 

2. Cross-entropy  

The cross-entropy cost function, also known as the logarithmic cost or the logistic 

cost function, is a commonly used cost function in classification applications in which 

the model predicts the class that an instance belongs to. Therefore, it is necessary to use 

methods that evaluate the correct distribution. The formula for this function is: 𝐻(𝑝, 𝑞) = −𝐸𝑝[log 𝑞]  (1.7) 

In which the cross-entropy of the distribution q with respect to the distribution of p 

for a specific set is calculated. The cross-entropy function logarithmically ranges 

between zero and one, in which zero is for perfect prediction and one is for extremely 

large errors [23].  

Artificial Neural Networks Architecture  

The architecture of the neural networks plays a significant role on the performance 

of the model for their specific application both in convergence speed and the prediction 

power since the architecture defines the flow of data through the network which 

eventually calculates the results. Therefore, various architectures for ANNs are 

developed to address different problems but the most common three of them are as 

followed: 

1- Multilayer Feed-forward Neural Networks 

Feed-forward neural networks (FFNN) also known as perceptrons are one of the 

earliest NN architectures that have been developed which in the case of networks with 

several hidden layers are known as Multilayer Feed-forward neural networks 

(MLFFNNs) or Multilayer preceptrons (MLPs). The most important feature of these 

networks is that the flow of data in these networks are only in one direction, from the 

input to the output layer, and the neurons of each layer are constructed in a way that 

there is not a backward or recurrent path for the data [24]. In Figure 1.2 this architecture 

is illustrated.  

This architecture has the widest range of applications and can be helpful in the case 

of statistical analysis or forecasting problems. However, there are shortcomings such as 

overfitting problems or high computational cost in case of a large amount of data (e.g. 

image processing). The downsides of the MLFFNNs has resulted in the development of 

other architectures for more specific applications [13,18].  
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2- Convolutional neural networks 

Considering the drawbacks of MLFFNNs in image processing applications, a 

distinct type of neural network named Convolutional neural networks (CNNs) were 

devised to address these issues as well as improving the performance of the models for 

image processing applications. In these networks, a complicated input such as a picture 

is divided into several parts, and subsequently, each part is separately fed through the 

network during the learning process. In addition, the more important feature of these 

networks is that the neurons in the layers are convolutional and unlike MLFFNNs, they 

are only connected to the nearby neurons. Therefore, during the learning process, they 

only have effects on the neurons close to them. In addition to these two features, as the 

data moves deeper in the network, its size shrinks due to the pooling layers that collect 

only important details and set aside the irrelevant information, increasing the model’s 

performance in picking up distinct features from the images [25]. A representative 

scheme of the CNNs is shown in Figure 1.3. 

 

Figure 1.3 Schematic of an ANN with Convolutional Neural Network (CNN) architecture.  

 

 

3- Recurrent neural networks 

The MLFFNNs and CNNs are able to address problems in which training and 

prediction are based on a defined individual input. However, In the case of applications 

that the sequential prediction is needed such as word suggestion, the model falls 



 

Introduction  11 

11 

 

between the area of supervised and unsupervised learning. Thus, a new NN architecture 

was invented for this purpose recurrent neural networks (RNNs). In the RNNs, the 

neurons can be connected through the passes and through time, therefore giving the 

ability to compute highly complex problems that consist of nuggets of information that 

each of them demanded a separate program to models such as word processing and 

natural language translation [26]. An example of this architecture is depicted in Figure 

1.4, showing the different flow of information compared to the MLFFNNs and CNNs. 

 

Figure 1.4 Schematic of an ANN with Recurrent Neural Network (RNN) architecture. 

 

Neural network frameworks 

Programming an efficient computational framework to undertake ML tasks 

demands a considerable amount of specialized knowledge in the field of computer 

science. Therefore, to facilitate the use of ML methods and particularly neural networks 

for the users, various ML and NN frameworks have been developed by the experts of 

the field. Two of the widely used frameworks that are specialized for NN applications 

are: 

1- TensorFlow 

This artificial intelligence platform is developed by the Google under Google brain 

project with the aim of democratizing AI and expanding its use to ordinary users by 
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providing an open-source library for neural networks. The underlying programming 

languages of this platform are C++ and Python, however, it is available for use on 

Python, Java, and many other platforms [27]. One of the main advantages of this 

TensorFlow is that there are numerous documentation and guidelines available as well 

as a large active community of users that can provide solutions in case of facing 

problems. Moreover, by the introduction of TensorFlow 2.0, several new libraries were 

added to this framework such as Keras which simplifies the process of coding for 

ordinary users. However, one disadvantage that they have is that in terms of speed in the 

case of big data, it performs slower than the other frameworks. 

2- PyTorch  

As the successor of the Torch library, PyTorch has been developed by Facebook to 

be an open-source library for ML methods to be mainly used in python or C++. This 

framework has found its place in many large projects such as twitter and salesforce due 

to its ability in tensor computation and tape-based automatic differentiation which help 

the NN models to be developed in the shortest time. In addition to the speed of training, 

this framework uses a simple and transparent method for the development of NN 

architectures, making it an easy framework to develop models [28]. However, the user 

community of this platform is smaller than TensorFlow’s community at this moment. 
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1.2 NiTi shape memory alloys  

1.2.1 Shape Memory Effect 

Shape memory effect (SME) as a phenomenon was initially found in a gold 

cadmium alloy in 1951 as the “rubber-like” behavior in metals. However, it was not 

until the invention of Nitinol (Nickel Titanium made by Naval Ordinance laboratory) 

that SME gained attention from the scientific society which resulted in numerous 

studies and categorization of the SME into three main groups of One-way shape 

memory effect (OWSME), Two-way shape memory effect (TWSME) and pseudo 

elasticity (PE). These categories represent the behavior of the shape memory alloys 

(SMAs)  in case of a change in the temperature or applied mechanical load, which is 

due to the different mechanisms of austenite-to-martensite phase transformation that 

induce SME in these alloys [29]. In the case of OWSME, the alloy is initially produced 

with the austenite phase and then by applying mechanical deformation, the martensite 

phase is induced in the structure through detwinning. Consequently, by removing the 

stress and increasing the temperature of the alloy to higher than the Austenite start (As) 

temperature, the martensite phase goes through a reverse phase transformation to 

austenite phase with the initial orientation, therefore inducing the load to reverse the 

mechanical deformation. This process which is shown in Figure 1.5 is single-use and by 

the time that all the martensite phase is transformed back to austenite, the mechanically 

deformed shape cannot be achieved unless an external load is applied again. On 

contrary, the TWSME is able to transform between these two phases only using thermal 

energy if a proper training process is done on the component. To be more precise, the 

training process includes adding micro stresses which cause bias in the nucleation and 

growth of martensite. Therefore, in a path similar to Figure 1.6, it is possible to reverse 

the transforming of austenite to martensite with the use of thermal energy. In contrast to 

the OWSME and TWSME, the PE is a different phenomenon in which the alloy gains 

the ability to get highly deformed without failure and subsequently, return to its original 

shape in a similar manner to elastic materials. This property is acquired through a 

reversible deformation mechanism called twinning in which due to lower energies 

required for this mechanism, it happens before the slip and prevents the slip mechanism 

to induce permanent deformation to the material [30–32]. The stress-strain curve related 
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to PE behavior is illustrated in Figure 1.7 showing the extraordinary behavior of alloys 

with PE properties. 

 

 

Figure 1.5 Schematic for a stress-strain-temperature diagram showing the SME behavior in SMAs. In this 

diagram, the external stress is applied to the alloy in stage 1 passing the elastic stress (𝜎𝑠) reaching to the yield 

stress (𝜎𝑦), resulting in mechanical deformation through detwinning and elastic deformation up to the yield strain 

(𝜖𝑦). As the load is removed in stage 2, the material loses the strain of the elastic deformation. In stage 3, as the 

temperature increases to the austenite finish, the deformation resulted from detwinning is reversed by the martensite-

to-austenite temperature. In stage 4, the temperature of the material is decreased to below Austenite start, returning 

the material to its initial austenite phase [29] . 

 

Figure 1.6 Strain-temperature curve represents the TWSME for the SMAs in constant applied stress. In this 

curve, as the temperature of a deformed sample increases to above As temperature, the martensite to austenite phase 

transformation occurs, decreasing the induced strain in the material. This change ends as the temperature passes the 



 

Introduction  15 

15 

 

Af. Subsequently, by decreasing the temperature to below Ms, the material experiences the reverse phase 

transformation which induces strain to the material. This transformation finishes as the temperature falls below M f. 

 

Figure 1.7 Stress-strain curve representing the PE behavior of SMAs. In this curve, stage 1 represents the 

elastic deformation of austenite as the stress increases. By further increase of the stress to 𝜎𝐴𝑀, the austenite 

transforms to single-variant martensite that is shown in stage 2. Subsequently, As the stress increases during stage 3, 

single-variant martensite undergoes elastic deformation. The elastic deformation ends as the yield stress of the 

material is reached. During stage 4, by the decrease of the stress down to the𝜎𝑀𝐴 , the elastic strain is recovered and 

is continued by the martensite to austenite transformation in stage 5. 

 

The aforementioned transformations play a significant role in the possible applications 

of the SMAs. Therefore, understanding the underlying parameters of these 

transformations are highly valuable for both scientists and engineers designing 

components using SMAs. Various studies have investigated the effects of such 

parameters [33–35]. Within the studied parameters, chemical composition has been 

shown to be one of the most important factors which define the phase transformation 

temperatures (PTTs) of SMAs. It is proved that not only the elements existing in an 

alloy has substantial effect on the phase transformation temperatures of the alloy, but 

also the slightest change in the ratio of the elements can result in several degrees change 

in the PTTs [11,36]. Thus, it can be concluded that in any study to design a component 

using SMAs, the chemical composition should be considered as a primary factor. 
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1.2.2 Binary NiTi Shape Memory Alloys 

 From the already known chemical composition of alloys which present SMEs, the 

most common system is the Nickel Titanium based alloys. This system in the case of 

NiTi binary with close to equimolar composition owns PTTs below 100℃ which has 

made it a reasonable choice for low-temperature applications such as actuators or 

sensors which mainly use the TWSME as the mechanism for their work. However, the 

most important application of the binary NiTi is the biomedical applications that mainly 

use the OWSME or PE properties of the SMAs in conjunction with the reasonably good 

corrosion resistance of the NiTi alloys comparing to the conventional alloys. Several 

examples for the use of Binary NiTi in these applications are mentioned in the 

following: 

• Orthodontic archwires  

The introduction of SMAs to be used as orthodontic archwires had a substantial 

effect on the ability to remodel the patients’ teeth due to the fact that the NiTi wires 

gave better control over the applied forces that function to move the desired teeth to 

their correct position. In particular, using the conventional alloys (e.g. stainless steels), 

if the applied forces were lower than what it was aimed to be, the remodeling process 

would not occur. On the other hand, if excessive forces were applied, it could cause 

bone absorption, which can be an undesirable side effect to the patient. This problem 

was solved by the replacement of NiTi archwires since the forces applied by the SME 

have a more homogeneous distribution. In addition, the NiTi archwires reduced the 

need for retightening to keep the necessary forces since it gains its load from the SME 

and not externally applied loads [37,38]. 

• Medical staples 

Medical staples are devices used in sealing procedures of tissues, blood vessels, or 

other body parts that need force to be kept sealed during or after surgery. These staples 

which can be made of both absorbable or non-absorbable materials offer faster 

implementation comparing to sutures, as well as other possible applications [29]. In the 

case of NiTi staples, they are mainly used as compression staples to set the broken 

bones in place by compressing them consequently, enhancing the healing process. 

Specifically, staples are kept in temperatures lower than human body temperature in the 

martensitic phase, then by planting them into the human body, their temperature would 
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increase above the As temperature, causing the phase transformation to start which 

implies a uniform compression on the attached bones [40]. 

• Stents in cardiovascular applications 

Atherosclerosis is a common cardiovascular issue that is caused by adhesion and 

build-up of substances such as fat inside blood vessels which hinders or even prevents 

the flow of blood inside the vessel [31]. Several approaches exist to address this issue 

including bypassing the closed vessel or Endarterectomy which are invasive solutions 

for this issue, demanding a complex surgery to conduct. A less invasive alternative to 

these methods for the cases of localized lesions is dilatation. In this method, using a 

delivering vessel, a cold SMA stent made of NiTi is sent to the spot where 

Atherosclerosis has occurred. Subsequently, the stent enlarges due to body temperature 

to the desired size, preventing any damage to the vessel due to excessive stress [38,42]. 

• Surgical instruments for minimally invasive surgeries 

During conventional surgeries, it is necessary to apply several cuts and incisions to 

give the surgeon access to the location and organs that were aimed for the surgery. 

These incisions, apart from being painful to the patient after the surgery, can cause 

various complexities during the healing process such as inflammation or prolonged 

healing process. Therefore, it would be ideal to minimize the incisions caused during 

surgeries. To address this demand, minimally invasive surgeries (MIS) has been 

devised.  In these surgeries, using several small incisions, MIS devices are inserted into 

the body acting as the surgeon’s hand performing the surgeries inside the body without 

exposing the internal organs. This method has several merits to conventional methods 

such as minimizing the need for general anesthesia, minimizing the healing time. 

However, it is highly technology and skill dependent. Thus, the invention of new 

devices or improvements over the previous designs can highly affect the surgeon’s 

performance during the operation [43].   

Considering the existing demand for superior MIS devices, NiTi SMAs were used 

to improve the designs already in use as well as the invention of new devices for the 

MIS applications. In particular, these devices used PE of SMAs to perform tasks that 

were possible to do by conventional alloys. As an example, curved surgical instruments 

(e.g. curved blades) are sent inside the body in compressed shape using small incisions 

just for the transferring tubes. Subsequently, they are taken out of their vessels to 

perform the desired task [44].   
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Challenges facing NiTi alloys use in biomedical applications 

The most important property of materials to be used in biomedical applications is 

their biocompatibility, meaning that they should not cause damage to the tissues around 

the component or the other organs of the human body. Therefore, while designing any 

component for biomedical applications, it is important to take the biocompatibility as an 

important factor besides mechanical or functional properties [45]. In particular, Since 

most of the implant materials are made of metallic alloys, it is necessary to consider the 

corrosion behavior of these alloys due to the fact that the living body contains highly 

corrosive fluids which not only can cause corrosion of the implant and release of 

metallic ions to the body but also they can induce cracks and weak points which leads to 

mechanical failure [46,47]. Therefore, numerous studies investigated the response of 

metallic alloy systems in corrosive conditions simulating the human body to understand 

the biocompatibility of various metallic alloys.  

Several alloy systems have been proposed to be used in implant materials due to 

their superior biocompatibility comparing to the conventional structural alloys, such as 

low carbon steels and aluminum alloys. The most common families of such alloys 

include stainless steel family, Co-Cr alloys, and Titanium alloys [48]. Within these 

alloys, the NiTi family gained considerable attention due to their SME properties which 

can be useful for various device designs. The NiTi alloys include Titanium which is 

known as a biocompatible element [49], however they also include Nickel which can 

cause various issues inside the human body. In particular, metallic Nickel is considered 

toxic and can cause severe issues in the case of inhalation or digestion. However, these 

issues are mainly related to the people who are in constant exposure to the high amount 

of nickel, such as miners or factory workers. [50]. In daily life, the exposure is 

constrained to lower amounts of Ni, mainly through imitating jewelry or implants which 

contain Ni within their constituents. Several studies have investigated the effect of Ni in 

such cases and they have shown that an excessive amount of Ni which is in the form of 

Ni ion can cause issues ranging from allergy showing itself as rash or blisters to 

decreased fertility or even cancer [51,52]. Therefore, one can conclude that in order to 

use NiTi alloys and exploit their SME properties, it is necessary to consider the Ni ion 

release as an important factor to investigate the biocompatibility of NiTi alloys.  

Considering the mentioned importance of ion release, numerous studies 

investigated the Ni ion release from NiTi alloys in different simulating corrosive media 

to represent the ion release response in various body positions [53–58]. In the case of 
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orthodontic application, artificial saliva (AS) is considered as an effective solution 

imitating the conditions of the human oral cavity [59]. Therefore, a significant number 

of studies used Ni ion release in AS to investigate the biocompatibility of NiTi in 

orthodontic applications. In particular, several studies focused on using static immersion 

experiments to study the biocompatibility and surface properties of NiTi archwires [60–

63], while others used electrochemical tests in AS as the method of experimentation 

[64]. These studies signified the effect of various parameters such as chemical 

composition, surface quality of the samples and pH of the corrosive media while 

emphasizing the fact that these parameters do not follow a simple relationship with the 

ion release, therefore demanding a systematic approach to deal with the Ni ion release 

issue for the NiTi alloys. 

1.2.3 NiTi Based multicomponent alloys 

One of the key factors of designing a component that utilizes the SME to function 

is the PTTs of the material since it would determine the temperature range that the 

component is able to function. In the case of binary NiTi alloys, the PTTs are below 

100℃ which limits the functionality of these alloys to low temperatures [65]. However, 

many possible applications for the SMAs demand higher PTTs to function such as 

components working close to engines or components related to fuel systems in the 

aerospace industry [66]. Thus, various studies focused on approaches to increase the 

PTTs of NiTi alloys. In one approach, the increase of PTTs was achieved through 

changing training parameters for the samples. However, this method needs a 

considerable amount of experimental work since the training parameter’s relationships 

are highly complex and more importantly, there is a limit to this increase due to the 

intrinsic effect of chemical composition [21]. Therefore, in another approach, the effect 

of the addition of various alloying elements to the composition and its effect on the 

PTTs were investigated and it was shown that the addition of elements such as Pd, Pt, 

Au and, Hf can increase the PTTs of the alloys while the addition of Fe, Co, Cr, and V 

will decrease the PTTs of the respective alloy [56]. One might conclude that by the 

addition of elements that increase the PTTs of the alloys, the problem of using SMAs in 

high temperatures is solved. However, it has been shown that the addition of such 

elements will increase the Thermal hysteresis (TH) of these alloys, meaning that the 

temperature difference between the AF and Mf of these alloys increase and would result 
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in loss of functionality of the device in high temperature. In particular, since the 

temperature difference increases, the component will need more time to lose or gain 

energy to reach the respective PTT, therefore, it cannot be used in components that 

demand fast response [66,68]. The lost or gained energy during martensitic 

transformation can be measured using differential scanning calorimetry as depicted in 

Figure 1.8 which can be helpful to find the PTTs of SMAs. 

 

Figure 1.8 Transferred heat diagram with respect to the temperature represents the thermal energy lost or 

gained during martensite to austenite transformation. 

In response to the demand for alloys with lower TH, several studies focused on 

decreasing the TH of these alloys by addition of alloying elements and it has been 

shown that elements such as Fe and Cu can decrease the TH of these alloys. Therefore, 

it can be concluded that in order to achieve high PTTs while keeping the TH as low as 

possible, it is necessary to consider various alloying elements. However, considering the 

sensitivity of PTTs to variations in chemical composition and the possible alloying 

elements, overwhelming number of experiments should be done to achieve an optimum 

chemical composition.  
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1.3 Objective 

The current study has focused on exploiting the abilities of AI in understanding the 

underlying relationship of natural phenomena to enhance and ease the experimental 

works in the field of metallurgy. In the second chapter, the aim is to use the AI-based 

methods to minimize the experimental work to find the chemical composition of NiTi 

SMAs with the least amount of Ni ion release to achieve the most biocompatible 

chemical composition of NiTi that can be used in orthodontic archwire applications. In 

particular, using the already published literature available online, a training dataset is 

collected and by implementing an ANN algorithm on the dataset, a predictive model is 

developed. Using this model, the range of chemical composition in which the NiTi 

shows desirable SMAs is surveyed and the most biocompatible range was predicted. 

Consequently, using immersion testing, the results of these predictions were validated. 

In the third chapter, using the same approach, two datasets were collected to optimize 

PTTs and the TH of NiTi based SMAs with the addition of Cu, Fe, and Pd. 

Subsequently, two separate models were developed to predict an indicative value for the 

PTTs and the TH value individually. To decide on the optimum chemical composition 

for both PTTs and TH, the desirability approach was chosen to calculate a desirability 

score for each prediction. Finally, the optimum chemical composition was selected 

based on the highest desirability score to be used for further investigations. 
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Chapter 2: 

PREDICTION OF THE NITI SHAPE MEMORY ALLOY 

COMPOSITION WITH THE BEST CORROSION RESISTANCE 

FOR DENTAL APPLICATIONS UTILIZING ARTIFICIAL 

INTELLIGENCE  

2.1 Introduction  

Shape memory alloys (SMAs) of Nickel-Titanium (NiTi), due to their exceptional 

pseudoelasticity and shape memory effects (SMEs), have found many applications in 

the fields of cardiovascular surgery, orthopedy, and orthodontics [1–5]. In particular, 

using the aforementioned properties, the medical device designers have devised tools 

and designs that minimize the need for open surgeries, resetting, or other manipulations 

which have caused these devices to be favorable in many applications, replacing 

conventional materials [6]. In contrast to the advantages of NiTi alloys, they are 

susceptible to corrosion which will cause the release of Ni ions inside human blood due 

to their high nickel content triggering short or long-term consequences such as allergic 

reactions, decreased fertility, or damage to surrounding tissues [7,8].  

 Understanding the various parameters affecting ion release in NiTi alloys have 

motivated numerous studies. Particularly, effects of different parameters such as 

microstructure, loading, geometry, and corrosive media were studied and it was 

concluded that all these parameters play a significant role in the ion release of the NiTi 

SMAs [9–13]. Moreover, due to the unavoidable Ni ion release, many researchers have 

used coating and surface treatments via secondary materials as the method to restrict the 

Ni ion release [14–21]. The results of these studies have shown a significant decrease of 

Ni ion release for in situ experimental conditions. However, coatings bear intrinsic 

issues due to the mismatch of hardness and elastic modulus of the coating and the 

substrate and during service, it might detach and expose the substrate completely. 

Therefore, although the coating is a viable method to prevent the Ni ion release from the 

implants, a secondary safety measure that utilizes the chemical composition in which 

NiTi releases the least amount of Ni ion in a specific body location while still showing 

the required SME properties would be minimizing the risk of using NiTi implants. 
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However, the relation of the chemical composition of NiTi and its ion release is 

complicated and demands further studies [22,23]. To tackle this issue, implementing the 

analytical simulations or the conventional design of experiment (DOE) is not possible, 

mainly due to the complex nature of the chemical reactions of Ni ion release and the 

numerous possible alloy compositions that can be selected to perform experimental 

work.   

 An alternative answer to such problems that has gained popularity recently is the 

machine learning (ML) methods that have the ability to deal with the problems that are 

not solvable with the conventional trial and error or mathematical methods [24–33]. 

Using both computer programming and statistical theories, these methods train a model 

using the “training data” available to them while optimizing a performance criterion 

which is defined to evaluate the performance of the model using “test dataset” which 

includes the unseen data that gives the opportunity to predict new and unknown data. In 

addition, the statistical methods used in ML gives the ability to address linear and non-

linear problems that would be computationally expensive [34,35].  

 The aforementioned abilities of ML can be highly valuable in the field of 

material science in which the problems facing the researchers are highly complicated 

and to reveal the underlying relationship, an extensive amount of experimental or 

computational work is needed which is costly in both financial and timely manner. As 

an example, one recent study investigated the phase formation of the high entropy 

alloys (HEAs) with respect to their chemical compositions using ML methods using an 

already available dataset. This study could construct a model that was able to eliminate 

incorrect candidates which would need to omit costly experiments and come up with 

reasonable accuracy to predict the phases and reducing the effort to only validation 

experiments [27]. In another case, a dataset acquired through experimentation of phase 

transformation temperatures (PTTs) of NiTi-based SMAs were used to develop a model 

that  predicted the PTTs of such alloys with the aim of searching for a higher 

temperature PTTs in the respective alloy system which could predict alloys with higher 

PTTs than the highest of the initial dataset with minimum the amount of experimental 

work [28]. In another example, the evolution of defect density of metallic samples 

during plastic deformation was predicted and via data obtained from in-situ X-ray 

diffraction data, with the aim to understand the effect of defect density on the strength-

plastic flow which is not possible to understand via conventional methods. Considering 
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these and the similar studies using the ML methods, the potential of ML methods in 

materials science as a supplementary tool to facilitate the research via reducing the 

experimental cost as well as giving the possibility to understand new information from 

the experimental studies is obvious. 

 On a similar note, this study has attempted to establish an Artificial intelligence 

framework to come up with the best chemical composition of NiTi SMA for orthodontic 

applications and dental implants in terms of biocompatibility, while omitting the trial-

and-error process and confining the experimental efforts to only validation experiments. 

In particular, using the significant amount of literature available on the ion release 

behavior of NiTi SMAs in a solution simulating a human oral cavity, known as artificial 

saliva (AS), a data pool was constructed to be utilized in ML algorithms. To perform 

this task, a three-stage process was implemented as depicted in Figure 2.1. In the first 

stage, using the available published literature on the Internet, a dataset consisting of  

training and test dataset was established. In the second step, a well-known ML method 

known as the multi-layer feed-forward neural network (MLFFNN) is a powerful tool to 

create a model for the prediction of Ni ion release. Finally, in the third step, using the 

predicted optimum values from the model, validation experiments were done by 

manufacturing the respective alloys and conducting immersion experiments in AS to 

assess its ion release. The results acquired through this work presented an AI framework 

in which the best biocompatible composition of NiTi was predicted and the alloy with 

51.5% Ni was selected as the optimum composition for orthodontic which stood in good 

agreement with the clinical findings [36]. All-around, the outcome of this work 

presented that the use of artificial intelligence can reduce the hassles of experimental 

works in biomedical problems in which the development of alloys demands an 

extensive amount of experimental work.  
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Figure 2.1 Schematic of the adopted procedure to optimize the ion release of NiTi alloy composition. 

 

2.2 Computational Methods  

2.2.1  Dataset 

 Previous studies have shown the use of already published experimental data is 

an inexpensive and fast way for creating a dataset that can be used as an input for ML 

algorithms [27]. In this study, the scientific publications on the Ni ion release response 

of NiTi dental SMAs since the year 2000 have been carefully selected and screened to 

extract data using Publish and Perish software [37]. To be more specific, two-step 

screening were used as illustrated in Figure 2.1, which in the first step, patents, non-

English, or out of topic publication were screened. The second step, the publications 

with the criteria that they should solely include the studies which investigated the in 

vitro Ni ion release response of NiTi orthodontic alloys which was acquired through 

immersion testing in AS solution. Consequently, to extract data instances from these 

publications for the input of ML algorithms, several features were selected based on 

their availability in the literature as well as their importance in Ni ion release of the 

alloys. The aforementioned features were categorized into two groups, the first group 

containing the feature related to the metallic samples which underwent immersion 

experiment (Ni, Ti and balancing element in at.%. and surface area of the samples in 
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cm2) and the second one related to the experimental conditions of the immersion 

experiment (including solutions’ pH, solutions’ amount in ml and experiment time in 

Hours). For the output of the dataset, Ni ion release in 
𝜇𝑔𝑐𝑚2 was chosen for easier 

comparison. As a result, 94 instanced were extracted and included in the dataset  [38–

42]. The dataset is included in the appendix of this document. 

 

Figure 2.2  (a) Transformed distribution and (b) Untransformed distribution of Output values (Ni ion release) 

 The distribution of the input as well as the output layer has been examined using 

histograms and as shown in Figure 2.2 (a) for the output data, and it has been shown 

that the distribution of the instances is a non-normal distribution which means the data 

is not evenly distributed around the mean of the respective feature. Previous studies 

have shown that such distributions using non-normal distribution might deteriorate ML 

models’ accuracy and performance. Therefore, it would be necessary to avoid the use of 

such distributions [43]. To alleviate this problem, the Yeo-Johnson power 

transformation function has been used as the tool to reduce the skewness of the data and 



 

Prediction Of The Niti Shape Memory Alloy Composition With The Best Corrosion 

Resistance For Dental Applications Utilizing Artificial Intelligence

  33 

33 

 

transforming it into a near-normality distribution [44]. Specifically, this function uses a 

continuous function inside a piecewise function, therefore, making continuity possible 

at the singularity points using the following conditions: 

If 𝜓(𝑘) = 𝜕𝑘𝜓(𝜆,𝑥)𝜕𝜆𝑘  then, for  𝑘 ≥ 1 𝜓(𝑘) is continuous in (𝜆, 𝑥) [45]: 

 

𝜓(𝑘) = {  
  [(𝑥 + 1)𝜆{𝑙𝑜𝑔(𝑥 + 1)}𝑘 − 𝑘𝜓(𝑘−1)]/𝜆  {𝑙𝑜𝑔(𝑥 + 1)}𝑘+1/(𝑘 + 1)−[(−𝑥 + 1)2−𝜆{−𝑙𝑜𝑔(−𝑥 + 1)}𝑘 − 𝑘𝜓(𝑘−1)]/(2 − 𝜆){−𝑙𝑜𝑔(−𝑥 + 1)}𝑘+1/(𝑘 + 1)  (𝜆≠0,   𝑥 ≥0),(𝜆=2,   𝑥 ≥0),(𝜆≠0,   𝑥 ≥0),(𝜆=2,   𝑥 ≥0),   (2.1) 

 

where 𝜆, is the power parameter. 

 The result of this transformation for the output values has been shown in the 

Figure 2.2 (b). It can be seen that the values are now follow a near normality condition 

which makes the data more desirable for ML implementation.  

2.2.2 Artificial Neural Networks  

 Artificial neural networks (ANNs) Have gained significant popularity within the 

scientific community as an ML method within the last two decades due to their 

computational ability to tackle complex problems that contain multiple features 

[26,27,29,46]. This ability mainly roots in the fact that ANNs were developed to imitate 

human brain function and use it highly complex, non-linear, and parallel computational 

power which would result in predicting relationships that are not easily discovered by 

conventional methods [47,48]. To exploit the abilities of ANNs, various types of ANNs 

have been developed that can be separated into two groups based on their method of 

learning which can be supervised or unsupervised learning. In supervised learning, a 

labeled dataset which contains input and output is used for the learning process, while 

the model uses the input values for training, the output values are used for evaluating 

the learning process. On the other hand, in unsupervised learning, the model uses an 

unlabeled dataset, and it finds the relations whiting the input values by itself. In both 

types of the learning process, in order to assess the ability of the model to predict new 

and unseen data, a method called “cross-validation” is used in which the initial dataset 

is separated into two datasets or “training dataset” and “test dataset”. The training 
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dataset is used for training the model while the test dataset is only used to evaluate the 

model performance [49]. 

 One of the most prominent supervised learning algorithms is the multilayer 

feedforward neural network (MLFFNN) which has proven itself for data prediction and 

universal approximation [50,51] and due to its abilities was chosen for this work. To be 

more specific, MLFFNN architectures flow the data from only the input to output 

layers, which means there is not a recurrent or backward flow of information. This 

architecture includes one layer working as the input layer which imports the data from 

the dataset and on output layer which gives out the results of the computational work to 

be evaluated by comparing the predicted value to the actual value. Between these two 

layers, several layers of neurons would be placed based on the necessity of the model to 

achieve the highest performance (The architecture of the model used in this work has 

been shown in Figure 2.3).   

 

Figure 2.3 MLFFNN architecture implemented in the current work with 5 hidden layer and 35 Neuron in each 

layer, representing the flow of data in the model. 

 To elaborate the data processing of the MLFFNN model, it is noteworthy to say 

that the input data of the training dataset would enter the model as a matrix from the 

input layer without any change. Subsequently, the data would be passed on to the first 

hidden layer while going through a linear operation of a matrix holding the weights 

values of each neuron of the layer. The result of this operation is a matrix which by 
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addition of a bias value and going through a function called activation function is 

passed to the next hidden layer. This process is repeated for the next layers until the last 

hidden layer which calculates the output of the network which is in fact the predicted 

value by the model. At this stage, the predicted value is compared with the actual value 

from the output of dataset and its difference is calculated as error by a cost function. 

The calculated error is used as the criteria for the “back propagation” process in which 

an optimizer function adjusts the neuron weights to minimize the error of the prediction. 

In this process, to prevent the model to overfit the training data and keeping its ability to 

predict unseen data, a regularization function is used for decreasing the model’s 

sensitivity to each instances of the training dataset [52,53].  

 Considering the effect of the aforementioned functions and the architecture of 

the network in the performance of the calculations of the model, it is necessary to 

choose the most suitable functions to be implemented by the MLFFNN model for the 

specific task. To do so, a recently developed activation function known as rectified 

linear unit (ReLU) has been selected due to its advantages to the previous activation 

functions. These advantages include the ability of not saturating the gradient as well as 

being zero centered [54]. In order to calculate the error, mean squared error (MSE)  was 

used which calculates the error with the following formula: 𝑀𝑆𝐸 = 1𝑛∑ (𝑌𝑖 − 𝑌𝑖̂)2𝑛𝑖=1   (2.2) 

 This function was selected due to its ability of handling regression problems and 

preventing the prediction of outliers with substantial error[55]. To optimize the cost 

function, A newly developed optimizer known as “adaptive moment estimation” 

(Adam) was utilized which has the advantage of not saturating the gradient by using an 

storing method which saves the exponentially decaying average of the past squared 

gradients. Moreover, AMSgrad which is an improvement to the Adam optimizer was 

used to make it less susceptible to the use of downsides of exponential weights which 

made it harder to converge comparing to the simple stochastic gradient methods [56–

58]. To prevent overfitting the data, L2 regularization was used to control the sensitivity 

of the weights to the instances by using the square L2 norm of the weights which 

reduces the possibility of overfitting [59]. 

 To put all the aforementioned functions in a framework, TensorFlow 2.0, Which 

is a popular neural network framework developed by Google was selected due to its 
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advantages such as being highly versatile and customizable as well as being compatible 

with useful libraries such as Matplotlib, Keras, Scikit learn and Pandas [44,60–62]. By 

having a framework ready, it is necessary to decide on the architecture of the model as 

well as the regularization hyperparameter value which defines the intensity of 

regularizer function in reducing the weights’ sensitivity to the training data. Previous 

studies has shown that finding these two is only possible through empirical methods 

[63]. To be more specific, by use of trial and error, different values for the neurons and 

regularization parameter is used for training the model and the performance of each of 

these combinations is recorded and finally the combination with the best performance is 

selected. However, this method would face problem when dealing with the training 

datasets which do not represent the whole data uniformly, therefore giving the chance to 

construct a biased model which would perform poorly while predicting. To avoid this 

issue, while using a randomized dataset for training and testing, a systematic searching 

method known as K-fold cross validation was utilized to avoid bias issue in addition to 

improving searching efficiency. In particular, in this method the initial dataset is divided 

into K number of same sized groups and the model is trained with the combination of 

architecture and each time on K-1 of these groups and tested via the remaining group. 

This process is repeated for each of these groups and the performance of the model is 

recorded. In the final step, the performance criteria are averaged and the value 

represents the model performance for the architecture and regularizer hyper parameter 

combination [44]. Figure 2.4 shows the results of 5- and 6-fold cross validation for the 

MLFFNN model and it can be seen that the model with 5 hidden layers with 35 neurons 

in each layer and regularization parameter of 0.005 has the best performance with the 

average MSE of 0.127. It is notable that the maximum number of neurons for each layer 

has been selected to be 40, due to the high computational cost and negligible 

improvement that higher number of neurons contained. 
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Figure 2.4 (a) Results of 5-fold (b) 6-fold cross validation for different combination of network sizes and 

regularization parameters representing the average MSE of the model for the respective combination. 

2.2.3 Synthetic dataset  

 To find the optimum chemical composition of NiTi alloys to be used in 

orthodontic applications in term of ion release, the model’s best 5 prediction shown in 

the Table 2.1 were chosen and the features of them other than the Ni and Ti % were 

selected to create synthetic datasets with Ni composition ranging from 49 to 55 at.%. 

with 0.1% intervals balance amount of Ti. The reason to select this range was that the 

NiTi alloys show SME and pseudo elasticity and the reason to select these 5 instances 

was the fact that the model has shown its ability to predict the other features with 
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reasonable accuracy, therefore suggesting the possibility of better prediction in this 

range for the other compositions. The synthetic datasets created in this step were 

imported to the MLFFNN model and the ion release value of the instances were 

predicted by the model.  

 

Table 2.1 Comparison of Ni ion release: predicted vs reported data 

Chemical composition of the 

NiTi alloy, at.% 
    

Ni ion release 

in 
μgcm2  

Ni Ti 
Other 

elements 

Wire 

Surface 

area 

(cm2 
Solution's 

pH 

Solution 

amount 

(ml) 

Time 

hours 

Predicte

d values 

in this 

work 

Reported 

values in 

the 

literature 

 

52.03 47.01 0.96 0.26 5 2 672 3.48 3.60[42] *Sample 1 

50.1 49.9 0 2.41 6.75 100 336 2.69 2.80[40] *Sample 2 

50.05 49.95 0 0.26 2.5 2 336 40.54 38.79[42] *Sample 3 

50.93 49.07 0 0.26 5 2 72 0.59 0.64[42] *Sample 4 

50.05 49.95 0 0.26 5 2 24 1.21 1.32[42] *Sample 5 

50.05 49.95 0 0.26 6.25 2 672 2.80 3.07[42]  

51.95 48.05 0 0.26 3.75 2 24 0.56 0.66[42]  

50.93 49.07 0 0.26 5 2 336 0.98 0.77[42]  

51.95 48.05 0 0.26 3.75 2 168 2.12 1.61[42]  

51.95 48.05 0 0.26 5 2 24 0.25 0.39[42]  

2.3 Results and discussion 

 

2.3.1 Machine Learning Results  

 The results of model training process have been illustrated in the Figure 2.5 as 

the learning curves of the MLFFNN model and it can be seen that the model performs 

well while fitting the training dataset, which is in fact foreseeable due to the fact that the 

Neural Network models have the ability to fit complex data if they are large enough. 

However, to evaluate the model’s performance in prediction of new and unseen data, 
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the cross-validation curve has higher importance. For this model it can be understood 

from the cross-validation curve in Figure 2.5 that the model converges to 0.059 which is 

a low value for the MSE and shows the ability of the model for predicting new 

instances. To further elaborate model’s performance, the performance diagram of the 

model has been depicted in the Figure 2.6 which shows both the test and training 

instances in itself. This diagram consists of two axes, the horizontal axis which is for the 

transformed actual values of the ion release and the vertical axis for the predicted values 

from the model. If the point representing the data instance sits on the diagonal line, it 

represents accurate prediction by the model and the more the distance from this line is, 

the more is the error of prediction. It can be seen that the data instances, both from 

training and test dataset, sit in a relatively close distance from the line, showing the 

ability of the model in predicting the ion release of the instances. 

 

Figure 2.5 Learning curve of the best performing MLFFNN model representing the training and the cross-

validation curves for 1000 iterations (Epochs). 
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Figure 2.6 Performance diagram of the MLFFNN model representing the predicted vs actual values of 

transformed Ni ion release reported in literature. 

 To apply the trained MLFFNN model as the tool for finding the composition of 

NiTi which releases the least amount of Ni ion release into the oral cavity, synthetic 

datasets were imported to the model. The results of the predictions of the model for 

each dataset is presented in the Figure 2.7, in which each dataset is represented by name 

of “Sample” (from 1 to 5), representing the transformed values of Ni ion release and the 

Ni content of the alloys in at. %.. Based on the results from Figure 2.7 it can be seen 

that the ion release within range of 49-50% Ni is higher and faces a local minimum 

within the range of 50-53.4 at.%. and it would increase afterward concomitant with the 

increase in the Ni content of the alloy. It is notable that the sample 3 has a different 

trend in the range of 49-55% Ni and the ion release for this sample does not change 

significantly. This difference is attributed to the different experimental conditions which 

each of these samples represent (e.g. the different pH values) which can change the 

corrosion mechanism and therefore affecting the ion release considerably [12]. In 

addition, it is known that he formation of passive oxides on the surface of the NiTi 

SMA affects the ion release of the alloys and these oxides would form in the initial 

weeks of immersion experiments and would be dissolved and reformed on a weekly 

basis [12]. However, these effects are not considered in this work due to the limited 
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experimental dataset that exists on these factors and was beyond the scope of the current 

study.  

 

Figure 2.7 Predicted transformed values of Ni ion release for various Ni content (in at.%.) for NiTi alloys. 

Each “sample” is represented in Table 2.1 and is acquired by considering the best 5 predictions of the model. 

 Based on the outcome of the Figure 2.7, another synthetic dataset which 

represented the human oral cavity conditions in case of an infection was created and 

imported to the model. This condition was selected due to the fact that the pH in the 

infection condition is lower therefore creating a more aggressive environment. The 

results of this dataset is presented in the Figure 2.8 and it can be seen that the minimum 

amount of ion release falls between 51.3-51.5% at.%. Ni in the composition which is 

also a suitable range in terms of pseudoelasticity and SME.  
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Figure 2.8 Transformed values of Ni ion release predicted by the MLFFNN model for various Ni contents (in 

at.%) for experimental condition with pH of 2.3 and experiment time of 720 hours (one month). 

2.3.2 Validation Experiments  

 As it is necessary to validate the prediction of computational works, validation 

experiments were utilized by using commercial NiTi archwires produced by 3M (Unitek 

Nitinol heat-activated) which contained 51.5% at.%. and balance amount of Ti (which 

will be referred to as 51.5NiTi from now on). The underlying reason for selecting this 

material was due to the fact that: a) It was within the range of minimum amount of Ni 

ion release predicted by the AI framework in this work, and b) This composition has 

been used extensively in orthodontic archwires due to the pseudoelastic properties it 

contains. In order to compare the selected composition with the other NiTi alloys, 

samples with 50.4 and 50.7 at.%. Ni content were produced with surface area of areas of 

1.73 and 1.65 cm2 to be used as the control materials. To make the samples’ surface 

properties similar to the ones that NiTi implants are used in human body, the native 

oxide layer was not removed from the surface. However, to clean them from the 

possible contaminations, samples were immersed in ethanol inside an ultrasonic bath 

and rinsed with water afterwards.  

 To imitate environment of human oral cavity for immersion experiment, 

validation samples were immersed in artificial saliva (AS) with the composition 

presented in the Table 2.2 within a sealed tube with temperature kept at 37 ℃ via 
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electronically controlled bath to imitate human body temperatures. After spending the 

intended time for each sample (1, 7,14 and 30 days), the samples were collected and 

rinsed with deionized water. Similar procedure was applied to the control materials with 

the exception that for the sample with 50.7 at.%. Ni was only applied to the 30-day 

experiment. The pH used in the experiments consisted of 2.3, 4.3 and 5.3 to show 

different and more aggressive conditions that might happen in oral cavity while an 

implant is in use including formation of plaques which might be due to unhealthy eating 

habits [64]. The amount of AS solutions inside the sealed tubes were chosen based on 

the ASTM G31 standard which is 20 
𝑚𝑙𝑐𝑚2 [65]. To measure the Ni ion released from the 

collected samples into the immersion solutions, inductively coupled plasma mass 

spectrometry (ICP-MS) device (Agilent 7700x) method was utilized for each sample’s 

solution.  

 Results illustrated in Figure 2.9 represents the predicted amount of Ni ion 

release from the samples with 50.4 and 51.5 at.%. Ni content in an AS immersion 

solution with pH of 2.3. it is clear that the amount of Ni ion release from the 51.5NiTi is 

lower than the 50.4 at.%. This result is in reasonable agreement with the experimental 

results of ICP-MS which is represented in Figure 2.10 showing that the 51.5NiTi 

releases lower Ni ion in all the experiment duration which validates the model’s 

performance. It is notable that the pH of 2.3 is a quite aggressive environment and it is 

reasonable to believe that by increase of pH, i.e., increase in the oral cavity health, the 

Ni ion release would decrease. In order to assess the model’s performance and 

investigate this general claim, a synthetic dataset with various pH of AS solution and 30 

days of experiment for the 51.5NiTi was created and imported to the model. The 

predicted results of the model is presented in the Figure 2.11 shows a good agreement 

with the aforementioned claim, showing a sharp decrease in ion release from the alloy 

as the pH increases from 2.3 to 7.0. This claim was also validated through validating 

immersion experiments which its results are presented in the Table 2.3 as the Ni ion 

release from the samples to AS solution. In particular, by increase in the pH of the 

solutions from 2.3 (Validation Sample 1-1) to 3.3 (Validation Sample 1-2) and 4.3 
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(Validation Sample 1-3), the Ni ion release from the samples decreased from 0.45 to 

0.03 and 0.02 
μgcm2, respectively, presenting the sharp decrease predicted by the model.  

 

Figure 2.9 Transformed predicted values of Ni ion release for the control and validation NiTi alloy with 

respective Ni content of 50.4 and 51.5% at.% . The prediction of the model represents the lower amount of ion 

release for the 51.5 at.% NiTi. 

 

Figure 2.10 The Ni ion release of the validation and control samples with 51.5 and 50.4 at.% Ni content 

immersed in AS solution with pH of 2.3 and collected after 30 days, representing the lower amount of ion release for 

the 51.5NiTi. 
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Figure 2.11 Transformed predicted values of Ni ion release for the 51.5NiTi alloy immersed in AS solutions 

with various pHs for 720 hours (30 days). 

In addition, to further assess the performance of 51.5NiTi comparing to the control 

alloys, the validation samples of 2 and 3 with the specifications provided in the Table 

2.3 were used in immersion experiment in AS solution with the 2.3 pH and 30 days of 

duration. The results of this experiment acquired through ICP-MS shows that the 

amount of Ni ion release from the 51.5NiTi is the lowest, presenting its ability to be 

used as the best candidate from NiTi alloys in terms of Ni ion release and 

biocompatibility in orthodontic applications and dental implants.  

 

Table 2.2 Chemical composition of the AS solution used in immersion experiments for validation. 

Ingredients  Amount (g/L) pH 

NaCl 0.4 2.3, 3.3, 4.3 (adjusted 

by HCl)  KCl 0.4 

CaCl2⋅2H2o 0.906 

NaH2PO4.2H2O 0.69 

Na2S.9H2O 0.005 

Urea 1 
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Table 2.3 Results of validation immersion experiments for 720 hours (30 days) of immersion in AS with various 

pH. 

 Ni % Shape and dimensions Surface area pH Ni ion release in 
μgcm2 

Validation 

Sample 1-1 
51.5 

D = 0.36 mm h = 16.5 

cm 
1.87 pH= 2.3 0.45 

Validation 

Sample 1-2 
51.5 

D = 0.36 mm h = 16.5 

cm 
1.87 pH = 3.3 0.03 

Validation 

Sample 1-3 
51.5 

D = 0.36 mm h = 16.5 

cm 
1.87 pH = 4.3 0.02 

Validation 

Sample 2 
50.7 D = 3.5 mm h = 1.5 cm 1.65 pH = 2.3 1.20 

Validation 

Sample 3 
50.4 D = 2 mm h = 2.75 cm 1.73 pH = 2.3 1.08 

 

 

 As the final comment, the author wants to note that the AI framework presented 

in this study can be an early “prototype” for a larger AI framework in which biomedical 

alloys, or alloys of other applications, are designed and manufactured. The selected 

application studied in this work was within a specific field, but still included variety of 

parameters. It also worth emphasizing that the NiTi SMA with 51.5 at.%. Ni content has 

been in use for decades as the material of choice of dental applications, however, the 

ML model used in this work solely and without any bias predicted this value based on 

the experimental data available in the literature. From this point of view, the results of 

the current study present an excellent example of outcomes that can be achieved by use 

of ML methods in interdisciplinary problems.  

2.4 Conclusions 

 This study represents use of multilayer feedforward neural network (MLFFNN) 

as a machine learning (ML) method to predict the amount of Ni ion release from NiTi 

shape memory alloys (SMA) to be used in orthodontic applications. To be more 

specific, an artificial intelligence (AI) framework was created to utilize already 

available experimental data including various NiTi composition and experimental 

conditions of immersion test as the dataset to predict the lowest Ni ion release from the 

samples. The model’s predictions were validated using static immersion experiments 

inside artificial saliva (AS) solution with different pH and experiment duration to mimic 

human oral cavity conditions while the release Ni ions were measured using the 
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inductively coupled plasma mass spectrometer (ICP-MS). Consequently, the results of 

this work suggested that in the case of NiTi SMAs in orthodontic applications, the 

lowest amount Ni ion release belongs to the NiTi alloy with 51.5% Ni and balance 

amount of Ti and this point was validated though immersion experiments. In addition to 

the fact that the extensive use of this NiTi composition can serve as a separate 

validation for the current AI framework, it also indicates that the current AI framework 

can be extended to other biomedical alloying systems for other various applications.  
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Chapter 3: 

DEVELOPMENT OF NOVEL HIGH ENTROPY ALLOYS WITH 

ULTRAHIGH TEMPERATURE SHAPE MEMORY CAPABILITY  

 

3.1 Introduction 

 The NiTi shape memory alloys (SMAs) have gained popularity in the materials 

science field due to their appealing shape memory effect (SME) and pseudoelastic 

properties arisen from the austenite-to-martensite phase transformation, which helps 

simplifying the design of devices in various fields such as aerospace or biomedical 

engineering [1,2]. In particular, the simplified designs utilize Shape memory effect 

(SME) properties to perform tasks such as causing motion and displacing an object or 

applying a specific load, instead of the need for sophisticated components in case of 

using conventional alloys. This simplification, in addition to the possible cost reduction, 

eliminates the chance of failures in critical components in the aerospace field that rely 

on oil pressure to function, hence the use of SMAs increase safety measures for these 

components [3]. However, binary NiTi SMAs show their SME and pseudoelastic 

properties in rather low temperatures, mostly below 100 ℃, therefore constraining the 

applications of these materials to components functioning in low temperatures [4].  

 In order to improve the limited thermal working condition of the NiTi alloys and 

extend their application to higher temperatures, numerous studies were conducted, 

mainly using two approaches. In one approach, by using various heat treatment and 

mechanical processes, the microstructures of the alloys were manipulated, and thus the 

phase transformation temperatures (PTTs) related to austenite-to-martensite and reverse 

transformations were adjusted [5–7]. Although this approach is seemingly simple, it 

bears many difficulties finding the optimum procedures, along with the more crucial 

fact that it cannot increase the working temperature to the sufficient level for many 

medium or high temperature applications due to the thermodynamic nature of binary 

NiTi alloys. Therefore, in another approach, a significant number of studies used the 

addition of various metallic elements to a NiTi base to adjust the PTTs of the NiTi 

alloys. The outcome of these studies showed that the additional elements can 

substantially affect the mechanisms of diffusionless martensitic transformations, 
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therefore varying the PTTs related to such transformations. In particular, these elements 

would facilitate or hinder the formation of martensite from the parent phase of austenite, 

therefore changing the thermodynamic equilibrium or kinetics of the transformations, 

resulting in different responses from the alloy [8–11].  

 To fully understand the effects of different metallic elements on the PTTs of 

NiTi based SMAs, numerous studies have been conducted. Several studies showed that 

the addition of Pt, Hf, Au, Zr and Pd increased the PTTs of the NiTi alloys, therefore 

increasing their application temperatures [12–20]. On the other hand, several studies 

showed that the addition of the Fe, Mn, Co, Cr and V decreased the PTTs [21–23]. 

Therefore, one might conclude that by the addition of the first group of elements to the 

alloys, the problem of low-temperature PTTs will be solved. However, using these 

elements increase the thermal hysteresis (TH) and will limit the functionality of the 

respective alloys. Particularly, the hysteresis shows itself in the form of dissipated heat, 

Thus, if the heat dispersion time is not enough, it will accumulate in the component, 

consequently interfering with the phase transformations and the efficiency of the 

component [24]. Therefore, new methods had to be studied to decrease the TH, and as a 

response, several studies have shown that the addition of elements such as  Cu and Fe to 

the NiTi base can decrease the TH of the alloys. In particular, it has been shown that a 

NiTi based alloy with addition of Cu and Pd could make a SMA alloy with near zero 

TH value without reducing the PTTs to cryogenic temperatures [25,26]. Consequently, 

it can be concluded that to find a composition that would work properly in high 

temperatures, it is needed to study the effects of combinations of aforementioned 

elements to come up with an alloy that has sufficiently high PTTs while owning the 

least possible TH. Several studies have implemented this method and showed that 

multi-elemental SMAs can be useful as a tool for achieving desirable properties. As an 

example, in a series of works, Cu, Fe and Pd were added to a NiTi system to optimize 

the PTT and TH of the alloys for the applications that demand high PTTs and low 

hysteresis, and it was shown that such additional elements can enhance the material 

response for the specific use [27,28]. However, the vast pool of the possible chemical 

compositions for the alloys requires a costly experimental process, both timewise and 

financially, to unravel the most suitable compositions, if the conventional methods of 

trial and error or design of experiments are implemented. Therefore, the need for 

another approach is indisputable. 
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An alternative way to the trial and error method in these problems is 

implementing Machine learning (ML) methods, a data-driven learning tool which 

gained attention in the last two decades due to its unique abilities that can be used as a 

complementary method to increase the efficiency of the experimental works [27–38]. In 

specific, these methods use both computer programming and statistical methods to train 

a model on a part of a previously prepared dataset, known as “training dataset”. Then 

through optimizing the model by using a performance criterion, which evaluates it by 

the “test dataset” that the model has not been given before, the ability for prediction of 

instances with new conditions is created. Additionally, the use of the statistical methods 

provides the model with the ability to discover both linear and non-linear relationships, 

therefore, empowering the model to predict highly complex relationships that exist 

between the parameters of the problem with minimal computational cost [39,40].   

 The aforementioned potentials of the ML methods can show their value in fields 

similar to materials science, in which the relations between the parameters of a problem 

can be highly complex and to unravel these connections, expensive and cumbersome 

experiments are needed. Therefore, in a trend in recent years, ML methods have started 

to gain attention in the materials science field. As an example, one recent study 

investigated the effects of various dopants on the PTTs of NiTi shape memory alloys 

and provided a ML model to predict the PTTs for several combination of elements. 

Specifically, using general Landau free energy model, the effect of doping various 

elements on the point defects of the NiTi alloys were investigated and experimental 

trends were reproduced via Time dependent Ginzburg-Landau simulations. 

Consequently, several effective features from these simulations were selected and used 

as inputs for training a regression ML model, which successfully predicted the PTTs for 

the doped alloys [41].  In another study, ML methods were used as a tool to minimize 

the computational efforts to optimize the NiTi chemical composition and microstructure 

to achieve desired properties via thermodynamically consistent micromechanical 

simulations. To be more specific, the aforementioned simulations were used to predict 

the PTTs and TH of the respective alloy and these results were used to train a ML 

model that circumvented the need for extensive number of simulations for finding these 

properties for the various compositions of binary NiTi [35]. In addition to these 

examples, Artificial Neural Networks (ANNs), a commonly used ML method, was used 

to design a new molybdenum alloy that could simultaneously satisfy the physical and 
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mechanical needs for refractory applications proving the ability of ANNs as a ML 

method for optimization problems [42]. These examples, alongside the other existing 

works, show the great potential of ML methods to be exploited in reducing the costs and 

enhancing the knowledge acquired through scientific studies, especially for 

development of novel SMAs. However, most of the published literature focused on 

changing binary NiTi composition or addition of small amount of alloying elements to 

the NiTi base, therefore leaving a vast area of possible compositions with promising 

properties untouched.  

 The current work’s objective is to address the aforementioned issue by 

establishing an artificial intelligence (AI) framework to find the optimum chemical 

composition of NiTi alloys with the addition of significant amounts of Cu, Fe, and Pd to 

achieve the highest PTTs with the lowest possible TH in order to be used in high-

temperature applications, such as actuators in aerospace engineering, while the use of 

ML methods also minimize the experimental efforts of the work to only validation 

experiments. In particular, Cu and Fe were selected as the alloying elements that have 

already proven themselves in decreasing the TH of NiTi based SMAs. To increase the 

PTTs of the combination, Pd was selected from the alloys that increase the PTTs of the 

composition due to the availability of data in the literature with the aforementioned set 

of elements comparing to the other elements such as Hf, Au, and Pt. Subsequently, 

using the vast data available in the published literature about the changes in PTTs and 

TH of NiTi alloys with the addition of the aforementioned elements, two data pools 

were formed, and two different models were trained based on each of the datasets to 

predict the first endothermic peak value as a representative of PTTs and TH value for a 

specific alloy composition. To implement this, a three-stage process, as shown in Figure 

3.1 is implemented. In the first stage, using the previously published literature on the 

PTTs and TH of the alloys containing Ni, Ti, Cu, Fe, and Pd, two datasets were 

gathered for PTTs and TH. Consequently, in the second stage using Multilayer Feed-

forward Neural Network (MLFFNN), a well-known ML method, predictive models are 

developed, and the prediction with the most desirable composition was chosen for 

further investigations.  
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Figure 3.1 Schematics of the optimization process for NiTi based alloy shape memory alloys implemented in 

this work. 

3.2 Computational methods  

3.2.1 Dataset  

Extracting data from already published literature is proved to be an inexpensive 

and quick way to provide datasets to train machine learning models [37]. In this work, 

the scientific publications on the phase transformation temperatures (PTTs) and the 

thermal hysteresis (TH) of the NiTi based shape memory alloys with the addition of Cu, 

Fe and Pd were meticulously investigated and the data necessary for the training of ML 

models were acquired. In particular, two datasets for the training of two different 

models to predict the PTT and TH of the NiTi based shape memory alloys were 

gathered by collecting data from already published literature [27,28,43–76]. The dataset 

collection process is depicted in Figure 3.1. In this process, the scientific literature 

acquired from online sources were screened firstly to remove the non-English content, 

then in the second step, the literature that was out of the scope of work was omitted. In 

the next step, the information related to the chemical compositions (in atomic 

percentage) of the instances was extracted as the input and the PTT and TH values of 

them were collected as the output of the datasets. Specifically, the first endothermic 

peak of the DSC diagrams is chosen to represent the PTT values of the respective alloy 

(for convenience it is called PTT values from now on) and in the case of the literature 

only providing the As and Af , the average of these values was assumed to be the 

endothermic peak value. In addition, for the hysteresis values, the difference of Af and 
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Ms were considered. It should be noted that since the processing conditions have a 

significant impact on both PTT and TH of the alloys, instances with minimum amount 

of processing were chosen to form a uniform dataset.  

 

Figure 3.2 (a) Untransformed (b) Transformed distribution of Endothermic peak value used for training of the 

PTT model. 

The addition of externally calculated features to the input features of the datasets 

has proven to be a useful method to increase the performance of the ML models [27,77]. 

Therefore, in this work, features of mixing entropy and the concentration of valence 

electron (cv) were calculated for each instance and were added to the datasets. In 

particular, the concentration of the valence electrons is shown to have a significant 

effect on the Ms and Af of the shape memory alloys with different chemical 

compositions [78]. In addition, the mixing entropy of the alloys is proved to have a 

considerable effect on the stability of the alloys [79]. By the addition of these features to 

the input of both PTT and TH datasets, the input features included 7 features to be used 

for the training of the models. 
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3.2.2 Data processing  

To prepare the data for training in the ML models and  improving the 

performance of the models for prediction, a data processing step was performed on the 

datasets. In particular, outlier instances were removed from the dataset and the 

duplicated ones were replaced by an instance which its output was closer to their 

average. Finally, since the datasets consisted of instances that did not have a normal 

distribution, the power transformer function was used to transform these instances into a 

near normality condition [80]. To be more specific, this function uses a series of 

subfunctions that map each feature of an instance to a near-normal distribution with the 

mean of zero [81], and this action is known to improve the performance of the ML 

models to train on a specific dataset [82]. As an example, the distribution of 

untransformed and transformed values of the output feature for the PTT dataset is 

presented in Figure 3.2 (a) and (b), showing the change of the distribution to a near 

normality distribution.  

 

 

3.2.3 Artificial Neural networks  

 Artificial Neural Networks (ANNs) are a group of the ML methods that have 

gained a great deal of attention in the last two decades due to their exceptional power of 

modeling they provide for problems with multiple parameters that contain highly 

complex or nonlinear relationships [31,36–38]. These computational advantages are 

owing to the fact that the ANNs imitate the human brain functions, giving the ability to 

use these methods in problems that consist of highly complicated relations between 

their parameters that are not detectable by human understanding [83,84].  In order to 

exploit the aforementioned abilities of ANNs, various types of ANNs have been 

developed which fall into two categories of supervised or unsupervised learning. In 

supervised learning, the features of a dataset are separated into two groups of input and 

output features and the input features are used to train the model to predict the output of 

instances. On the other hand, the unsupervised learning uses the input features of the 

dataset to predict the relationships existing between the instances on its own.  

Consequently, to evaluate the prediction power of both of these methods, cross-
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validation is used which consists of using an unseen dataset to evaluate the accuracy of 

a trained model [85].  

 In this work, an ANN algorithm known as multilayer feedforward neural 

network (MLFFNN), which in previous studies has proven its ability as a universal tool 

for approximation and prediction, is utilized to predict the PTT and TH of the NiTi 

based shape memory alloys [86,87]. In this type of neural network, the architecture 

includes an input layer where data is imported to the network, which is then passed to 

the hidden layers undergoing respective calculations. In the last layer, the output layer, 

the calculated values which are the predicted values are compared to the output values 

from the dataset and the deviation is used as a criterion to evaluate and improve the 

model’s performance. The data flow in this network is in a way that there is no recurrent 

or backward flow of data, i.e. the data is only fed in the forward direction through the 

neurons of each layer. In particular, the input data enters the network through the input 

layer which has the same number of neurons as the features of the input and is passed to 

the first hidden layer without any change. In the first hidden layer, the input data 

undergoes a linear operation with a weight matrix which contains the weights related to 

each neuron of this layer. The resulted vector is then added a bias vector and is 

processed by an activation function before passing to the next layer and the same 

process is done for each layer until the output layer. In the output layer, the last vector 

which is the predicted value is compared with the real output using a cost function and 

the error is used in a process known as “back propagation” to optimize the neuron 

weights via an optimizer function to achieve the lowest error and the highest 

performance in the model. In this process, in order to avoid the model from overfitting 

the training data and maintaining its ability to predict unseen information, a regularizer 

function is used to penalize the high variances in the model’s weights [40,88,89]. The 

aforementioned process demonstrates the importance of the architecture and the 

functions utilized to achieve the most accurate results. Therefore, in this work, the 

activation function is selected to be the Rectified Linear Unit (ReLU) activation 

function which has the advantage of being zero centered as well as not saturating and 

killing the gradient, which makes it a better choice comparing to earlier functions of 

sigmoid or Tanh [90]. To calculate the error of the predictions, the “mean squared 

error” (MSE) function with the formula of 𝑀𝑆𝐸 = 1𝑛∑ (𝑌𝑖 − 𝑌𝑖̂)2𝑛𝑖=1  is  selected due to 

its ability to help the model to avoid substantial error in predicting the outliers and 
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compatibility with regression problems [91]. To optimize the weights of the neurons 

based on the MSE, a recently developed optimizer function known as adaptive moment 

estimation (ADAM) has been used in this work. This function has the advantage of 

saving the decaying average of the past squared gradients which can improve the 

performance of the optimizer [92–94]. In order to control the changes of neurons 

weights and prevent overfitting, the L2 regularizer function that utilizes the square L2 

norm of the weights for regularization has been selected [95]. 

 In order to put the aforementioned functions into a framework to train the 

MLFFNN model, TensorFlow 2.0, a popular artificial neural network framework is 

selected for this work and to empower its functionality, libraries such as Keras, Pandas, 

matplotlib and scikit learn has been imported to this framework [80,96–98]. The next 

step after setting up the framework is to define the architecture and the hyperparameter 

which determines the effect of the regularizer and in order to do so, the use of empirical 

methods is necessary [99]. To be more specific, finding the architecture of the network 

and the regularizer value need to be done through training the model with various 

architecture and regularizer values and obtaining the best performance from them by 

choosing the lowest error achieved. However, this method poses problems in cases that 

the training and testing datasets do not represent the data features uniformly, making the 

model’s predictions biased, thus decreasing the model’s performance. Consequently, in 

addition to shuffling the dataset, “K-fold cross-validation” was utilized to address this 

issue. In particular, this method separates each dataset into K subsets and trains the 

model each time on K-1 of them and validates the model with remaining subset and 

saves the respective error. This validation process is done over all other subsets which 

finally gives the average error of the training, as the measure to evaluate the suitability 

of the architecture and regularization parameter [80]. In this work, in order to find the 

MLFFNN architecture as well as regularized values, 5-fold cross-validation was used 

for each of the PTT and TH models and the relative results are presented in the Figure 

3.3 (a) and (b). The lowest amount of average MSE for the PTT model was achieved as 

0.159 by 5-fold cross-validation and 5 hidden layers with 40 neurons and the 

regularization value of 0.005. These values for the TH model were 5-fold cross-

validations and 6 hidden layers with 40 neurons and 0.03 regularization value which 

gave 0.344 for the average MSE. Therefore, these values were used in the training of 

the MLFFNN models.  
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Figure 3.3 Results of 5-fold cross validation for various network size and regularization parameters presenting 

the average amount of error in terms of MSE for (a) training over PTT dataset (b) training over TH dataset. 

 

3.2.4 Synthetic dataset 

In order to find the most suitable chemical composition in terms of high PTTs 

and low TH response from the alloys, a data pool was constructed as a synthetic dataset 

with instances made of NiTi-based alloys that their elements range are 44.6 <Ti< 52.1, 0 

< Cu < 32, 0 < Fe < 4.6, 0 < Pd < 50 with balance amount of Ni and variation 

increments of 0.5%. The above ranges were selected to be within the range of the data 

available inside the training dataset to increase the accuracy. The resulting dataset 
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included 600,000 instances which then the concentration of valence electrons and 

mixing entropy were calculated and added for each of the instances as additional 

features. This synthetic dataset was imported to both PTT and TH model and the 

predicted values were used for further evaluations.  

3.2.5 Desirability approach  

In order to find the chemical composition with the highest possible PTT and 

lowest TH systematically, it is necessary to use a mathematical method to prevent bias 

and error added to the selection. Therefore, a statistically based approach known as the 

“Desirability approach” is utilized in this work. This approach is used for optimization 

problems with multiple responses. In particular, for an input of 𝑋𝑖 which undergoes the 

function of  𝑓(𝑋𝑖) with an output response of  𝑌𝑖, a “Desirability function” is defined as 𝑑𝑖(𝑌𝑖) that represents the closeness of a response to the best possible value. To assess 

the overall acceptance of instances with multiple responses, a function called overall 

desirability is defined as 𝐷 =  (𝑑1(𝑌1)𝑑2(𝑌2)…𝑑𝑖(𝑌𝑖) )1/𝑘 which its answer ranges 

from 0 to 1, respectively for the worst combination of input to the best one [100,101]. In 

this work, the best results of the desirability approach were chosen for further 

investigations. 

 

3.3 Results and Discussion  

 The learning curves resulted from the training of the PTT model on the 

respective dataset have been provided in Figure 3.4. The training curve in this figure 

converges to the MSE value of 0.014 which is a sign that the model was able to learn 

the training data and fit properly to it. In addition, to understand the ability of the model 

to predict the unseen data, the validation curve is depicted that shows the convergence 

to the MSE value of 0.081 which is a sign for the ability of the model to be able to 

predict new instances as well as not overfitting the data. Similar learning curves have 

been presented in Figure 3.5 for the training of the TH model. In this model, the training 

curve converged to the MSE value of 0.170 and the validation value converges to 0.175, 

which shows the model fits the training dataset. Notably, the difference between the 

MSE values of these two models is coming from the fact that their respective dataset 

contains different ranges of values as output as well as the possible different quality of 
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the experimental work. In addition, to visualize the performance of the PTT and TH 

Model, Figure 3.6 and Figure 3.7 are presented as the performance diagrams of the 

models. In the performance diagrams, the training and test data are plotted with respect 

to the vertical axis which represents the predicted values and the horizontal axis which 

represents the actual experimental values from the dataset. Therefore, if an instance sits 

on the X=Y line, its predicted value is equal to the experimental value and the deviation 

from this line presents the error. Figure 3.6 and Figure 3.7 represent the fact that both 

models converge to the X=Y line. However, to further illustrate the success of the 

models, 10 instances which had the least absolute error are tabulated in Table 3.1 and 

Table 3.2 for the PTT and TH model to make the comparison of the actual and predicted 

values possible.  

 

 

Figure 3.4 Learning Curves for the best PTT model including the training and cross validation curves for 1000 

iterations (Epochs). 
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Figure 3.5 Learning Curves for the best TH model including the training and cross validation curves for 1000 

iterations (Epochs). 

 

Figure 3.6 Performance diagram of the model presenting the transformed values of predicted endothermic 

peak in comparison with the actual values reported in the literature. 
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Figure 3.7 Performance diagram of the model presenting the transformed values of thermal hysteresis in 

comparison with the actual values reported in the literature. 
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Table 3.1 Comparision of predicted PTT value vs the actual experimental value 

Ni Ti Cu Fe Pd Entropy cv 
Predicted 

values 

Real 

Values 
MAE 

50.3 49.7 0 0 0 0.693129 0.280518 36.41257 53.1 16.68743 

43.6 50 3 3.4 0 0.928667 0.278904 -37.0651 -31.27 5.795075 

5 50 0 0 45 0.855689 0.21148 493.8547 506 12.14526 

33.5 50 12.5 0 4 1.101623 0.275682 28.84954 40.45 11.60046 

45 50 5 0 0 0.855689 0.281437 20.28697 64 43.71303 

13 51 0 0 36 0.976429 0.220878 287.1169 358.5 71.3831 

50.5 49.5 0 0 0 0.693097 0.280863 23.3992 45.47 22.0708 

42.8 50 4 3.2 0 0.948688 0.279308 -44.018 -41.59 2.427994 

35 50 12 0 3 1.07364 0.277475 15.84401 47.7 31.85599 

19.4 50.6 0 0 30 1.024028 0.229351 235.5951 244.6 9.00488 

 

Table 3.2 Comparision of predicted Hysteresis value vs the actual experimental value 

Ni Ti Cu Fe Pd Entropy cv 
Predicted 

values 

Real 

Values 
MAE 

18 52 30 0 0 1.0099 0.2851 7.612029 7.7 0.087971 

40 50 10 0 0 0.9433 0.2829 13.24858 13 0.248582 

19.4 50.6 0 0 30 1.024 0.2294 18.09843 17.75 0.348433 

50 45.8 0 4.2 0 0.8374 0.2848 3.534879 3.92 0.385121 

50 43.9 2 4 0.1 0.9219 0.2885 3.437837 3.83 0.392163 

19 51 30 0 0 1.0201 0.2868 8.101246 8.5 0.398754 

50 46 0 4 0 0.8325 0.2846 3.696513 4.21 0.513487 

50 46.8 0.9 2 0.3 0.84 0.284 3.313548 2.64 0.673548 

50 34 10 0 6 1.1124 0.297 6.019127 5.32 0.699127 

41.4 48.6 10 0 0 0.946 0.2853 15.80433 15 0.804331 

 

 

 In order to utilize the trained models to find the most suitable chemical 

composition in terms of PTT and TH, the synthetic dataset was imported to these 

models and the PTT and TH value regarding each instance were predicted, resulting in a 

dataset with 7 inputs and 2 outputs. To find the optimum value for the highest PTT and 

lowest TH among the approximately 600,000 possible compositions, the desirability 

method is implemented on the dataset converting the PTT and TH value to a desirability 

value for each of the outputs and the overall desirability was calculated from these 

values for each instance. Finally, the chemical composition with the highest overall 

desirability was selected as the material of choice for manufacturing and further 

analysis. This composition includes 17% Ni, 44.5% Ti, 17% Cu, 4.5% Fe and 17% Pd 
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and the model predicted the PTT as 685.7 C and the TH of 2.26 C. These values could 

satisfy 0.98 and 0.94 of the desirability of PTT and TH which resulted in overall 

desirability of 0.97.  

 

3.4 Conclusions  

This study represents the application of a multilayer feedforward neural network 

(MLFFNN) as the ML method to develop two models that predict the phase 

transformation temperatures (PTTs) and thermal hysteresis (TH) of multicomponent 

NiTi based shape memory alloys (SMAs). In particular, using two separate datasets 

acquired from the available literature on the internet, two models were developed to 

predict a representative PTT value and TH of the NiTi based SMAs with the addition of 

Cu, Fe, and Pd as alloying elements. Subsequently, the models were used to predict the 

PTT and TH values for a wide range of synthetic instances. The predicted values for 

each model were scored using the desirability function to find the optimum chemical 

composition. The chemical composition with the highest desirability score for both 

PTTs and TH was selected as the optimum composition for further investigations.  
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Chapter 4: 

CONCLUSIONS AND FUTURE WORK 

 

Artificial intelligence and machine learning methods have been widely used in 

various scientific fields to improve the outcome of the studies, in addition to increasing 

the efficiency of experimental and computational works. In the materials science field, 

use of machine learning method has helped to enhance the understanding of the 

relations existing within parameters of a problem as well as increasing the efficiency of 

experimental works. Therefore, in this work, the machine learning methods were used 

to solve the problems of Ni ion release for biomedical applications of NiTi shape 

memory alloys as well as increasing the functionality of multi component shape 

memory alloy of NiTi to be used in aerospace applications. 

 This study firstly focuses on the implementation of machine learning method in 

biomedical applications of NiTi. To be more specific, In the second chapter, using the 

available data on the Ni ion release of NiTi alloys, a dataset was developed and was 

used in a Multi Layer Feed Forward Neural Network (MLFFNN) model to predict the 

most biocompatible chemical composition of NiTi alloys. Subsequently, using 

immersion experiments, these results were validated and the most bio compatible 

chemical composition of NiTi alloys with 51.5 at.% was proposed for further 

investigation. 

In the third chapter, the machine learning was implemented to expand the 

applications of NiTi based shape memory alloys with addition of Cu, Fe and Pd, to 

more sophisticated and demanding working conditions. In particular, using the 

prediction ability of the artificial neural networks as the machine learning method, two 

MLFFNN models were developed and two separate datasets were extracted from 

literatures were fed into them. As a result, the first endothermic peak value of the alloys 

as the representative of the phase transformation temperature was predicted by one 

model and the thermal hysteresis of the alloys were predicted by the other one. Finally, 

the optimum chemical composition of the NiTi based alloys were selected using the 

desirability method and the chemical composition with 17% Ni, 44.5% Ti, 17% Cu, 

4.5% Fe and 17% Pd was selected for further investigation.  

Considering the results of the aforementioned study, promising outcomes are 

possible for future works. In particular, machine learning methods can be used as a tool 
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to find the relationship of the physical properties such as valence electron concentration 

and electronegativity to the phase transformation temperatures and thermal hysteresis of 

shape memory alloys, as well as providing the ability to find other affecting parameters 

that are currently unknown without conducting costly experiments. Therefore, giving 

the chance to create a general model to predict the phase transformation temperatures 

and thermal hysteresis for other alloying systems.  

In conclusion, this work has proven that the implementation of artificial 

intelligence in materials science can open a new door for the studies that demand an 

extensive amount of experimental work for their success by decreasing the associated 

experimental cost. Specifically, by effectively implementing artificial intelligence 

frameworks to predict the optimum chemical composition for binary NiTi used in 

orthodontics and multi-component NiTi-based alloys utilized in high-temperature 

applications, the validity of this approach was proved. 
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Appendix A: Training Dataset for development of ANN model in the 

second chapter Ni ion release  

Nickel 

at.% 

Titanium 

at.% 

Other 

elements 

Wire 

Surface 

area 

cm2 

Solution's 

pH 

Solution 

amount 

ml 

Time 

hours 

Results 

ug/cm2 

50.05 49.95 0 0.2553 2.5 2 24 4.28 

50.05 49.95 0 0.2553 3.75 2 24 3.16 

50.05 49.95 0 0.2553 5 2 24 1.32 

50.05 49.95 0 0.2553 6.25 2 24 0.56 

50.05 49.95 0 0.2553 2.5 2 72 14.45 

50.05 49.95 0 0.2553 3.75 2 72 3.51 

50.05 49.95 0 0.2553 5 2 72 2.02 

50.05 49.95 0 0.2553 6.25 2 72 1.97 

50.05 49.95 0 0.2553 2.5 2 168 21.23 

50.05 49.95 0 0.2553 3.75 2 168 4.02 

50.05 49.95 0 0.2553 5 2 168 2.33 

50.05 49.95 0 0.2553 6.25 2 168 2.45 

50.05 49.95 0 0.2553 2.5 2 336 38.79 

50.05 49.95 0 0.2553 3.75 2 336 6.33 

50.05 49.95 0 0.2553 5 2 336 3.02 

50.05 49.95 0 0.2553 6.25 2 336 2.63 

50.05 49.95 0 0.2553 2.5 2 672 58.11 

50.05 49.95 0 0.2553 3.75 2 672 9.84 

50.05 49.95 0 0.2553 5 2 672 4.3 

50.05 49.95 0 0.2553 6.25 2 672 3.07 

50.1 49.9 0 2.413 6.75 100 168 3.04185 

50.1 49.9 0 2.413 6.75 100 336 2.7973 

50.1 49.9 0 2.413 6.75 100 504 2.2254 

50.93 49.07 0 0.2553 2.5 2 24 1.32 

50.93 49.07 0 0.2553 3.75 2 24 0.57 

50.93 49.07 0 0.2553 5 2 24 0.29 

50.93 49.07 0 0.2553 6.25 2 24 0.11 

50.93 49.07 0 0.2553 2.5 2 72 6.04 

50.93 49.07 0 0.2553 3.75 2 72 0.69 

50.93 49.07 0 0.2553 5 2 72 0.64 

50.93 49.07 0 0.2553 6.25 2 72 0.4 

50.93 49.07 0 0.2553 2.5 2 168 11.79 

50.93 49.07 0 0.2553 3.75 2 168 0.71 

50.93 49.07 0 0.2553 5 2 168 0.7 

50.93 49.07 0 0.2553 6.25 2 168 0.4 

50.93 49.07 0 0.2553 2.5 2 336 23.89 

50.93 49.07 0 0.2553 3.75 2 336 0.8 

50.93 49.07 0 0.2553 5 2 336 0.77 

50.93 49.07 0 0.2553 6.25 2 336 0.47 
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50.93 49.07 0 0.2553 2.5 2 672 24.77 

50.93 49.07 0 0.2553 3.75 2 672 1 

50.93 49.07 0 0.2553 5 2 672 1 

50.93 49.07 0 0.2553 6.25 2 672 0.57 

51 49 0 0.4826 5 5.489362 168 1.93 

51 49 0 0.4826 5 5.489362 168 0.43 

51.95 48.05 0 0.2553 2.5 2 24 1.47 

51.95 48.05 0 0.2553 3.75 2 24 0.66 

51.95 48.05 0 0.2553 5 2 24 0.39 

51.95 48.05 0 0.2553 6.25 2 24 0.07 

51.95 48.05 0 0.2553 2.5 2 72 6.19 

51.95 48.05 0 0.2553 3.75 2 72 0.6 

51.95 48.05 0 0.2553 5 2 72 0.72 

51.95 48.05 0 0.2553 6.25 2 72 0.63 

51.95 48.05 0 0.2553 2.5 2 168 12.83 

51.95 48.05 0 0.2553 3.75 2 168 1.61 

51.95 48.05 0 0.2553 5 2 168 0.92 

51.95 48.05 0 0.2553 6.25 2 168 0.87 

51.95 48.05 0 0.2553 2.5 2 336 16.81 

51.95 48.05 0 0.2553 3.75 2 336 2.12 

51.95 48.05 0 0.2553 5 2 336 2.07 

51.95 48.05 0 0.2553 6.25 2 336 1.65 

51.95 48.05 0 0.2553 2.5 2 672 25.07 

51.95 48.05 0 0.2553 3.75 2 672 5.43 

51.95 48.05 0 0.2553 5 2 672 3.6 

51.95 48.05 0 0.2553 6.25 2 672 1.74 

52 45 3 0.4826 5 5.489362 168 0.09 

52.03 47.01 0.96 0.2553 2.5 2 24 3.69 

52.03 47.01 0.96 0.2553 3.75 2 24 1.35 

52.03 47.01 0.96 0.2553 5 2 24 1.09 

52.03 47.01 0.96 0.2553 6.25 2 24 0.07 

52.03 47.01 0.96 0.2553 2.5 2 72 5.6 

52.03 47.01 0.96 0.2553 3.75 2 72 1.81 

52.03 47.01 0.96 0.2553 5 2 72 1.21 

52.03 47.01 0.96 0.2553 6.25 2 72 1.5 

52.03 47.01 0.96 0.2553 2.5 2 168 7.22 

52.03 47.01 0.96 0.2553 3.75 2 168 2.18 

52.03 47.01 0.96 0.2553 5 2 168 1.57 

52.03 47.01 0.96 0.2553 6.25 2 168 1.88 

52.03 47.01 0.96 0.2553 2.5 2 336 11.5 

52.03 47.01 0.96 0.2553 3.75 2 336 2.24 

52.03 47.01 0.96 0.2553 5 2 336 1.92 

52.03 47.01 0.96 0.2553 6.25 2 336 2.04 

52.03 47.01 0.96 0.2553 2.5 2 672 12.38 

52.03 47.01 0.96 0.2553 3.75 2 672 2.44 

52.03 47.01 0.96 0.2553 5 2 672 3.6 
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52.03 47.01 0.96 0.2553 6.25 2 672 2.63 

53 47 0 0.4826 5 5.489362 168 0.21 

53 47 0 0.4826 5 5.489362 168 0.03 

57.37 42.63 0 0.6503 7.4 6 1 0.552668 

57.37 42.63 0 0.6503 7.4 6 5 1.659849 

57.37 42.63 0 0.6503 7.4 6 24 2.997693 

57.37 42.63 0 0.6503 7.4 6 120 4.473935 

57.37 42.63 0 0.6503 7.4 6 360 6.134707 
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Appendix B: Training Dataset for development of ANN model in the third 

chapter (PTTs) 

Ni Ti Cu Fe Pd entropy cv 
Endothermic 

peak value 

55.38 44.62 0 0 0 0.687347 0.289178 50.13 

51.24 48.76 0 0 0 0.69284 0.282136 -20.5 

51 49 0 0 0 0.692947 0.281724 -64.5 

51 49 10 0 0 0.923206 0.291845 42.5 

50.8 49.2 0 0 0 0.693019 0.28138 -47.5 

50.7 49.3 0 0 0 0.693049 0.281208 17.56 

50.5 49.5 0 0 0 0.693097 0.280863 45.47 

50.5 49.5 0 0 0 0.693097 0.280863 31 

50.3 49.7 0 0 0 0.693129 0.280518 53.1 

50.3 49.7 0 0 0 0.693129 0.280518 38 

50 50 0 0 0 0.693147 0.28 79.99 

50 49 0 1 0 0.742167 0.28115 34.63 

50 48 0 2 0 0.777119 0.282297 -18.12 

50 47 0 3 0 0.806631 0.283439 -73.43 

49.8 50.2 0 0 0 0.693139 0.279654 78.1 

49 50 0 0.2 0.8 0.747171 0.278282 85.36 

48.6 50 0 0.9 0.5 0.766132 0.278478 59.01 

48.3 50 0 1.6 0.1 0.771142 0.278876 29.43 

48.2 50 0.6 0.9 0.3 0.788861 0.279051 47.19 

48.1 50 0.2 1.5 0.2 0.786466 0.278791 28.71 

48 52 0 0 0 0.692347 0.276527 113.98 

48 50 2 0 0 0.777119 0.280576 63 

47.91 52.09 0 0 0 0.692273 0.27637 105 

47 50 0 3 0 0.806631 0.278268 -99.2 

46.8 50 0.9 2 0.3 0.839983 0.278504 16.8 

46.7 50 0.8 2.3 0.2 0.839977 0.278502 8.62 

46.5 50 1.1 2.2 0.2 0.848638 0.278647 10.64 

46.24 49.54 4.21 0 0 0.837985 0.281993 27.5 

46 50 0 4 0 0.832532 0.277689 -39.1 

46 50 1.1 2.8 0.1 0.860408 0.278501 -12.22 

45.8 50 0 4.2 0 0.837363 0.277573 -38.83 

45.7 50 0 4.3 0 0.839739 0.277515 -42.17 

45.7 50 1.2 3 0.1 0.869616 0.278414 -9.08 

45.2 48.8 6 0 0 0.877836 0.283782 57.5 

45.2 50 1 3.8 0 0.875813 0.278094 -25.44 

45.1 50 1.4 3.5 0 0.882795 0.278384 -25.31 

45 50 5 0 0 0.855689 0.281437 64 

44.6 50 1.9 3.4 0.1 0.903868 0.278385 -23.08 

44.5 50 1.5 3 1 0.921126 0.276706 -50.27 

44.5 50 2.1 3.4 0 0.902977 0.278644 -25.11 
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44.5 50 1.7 3.7 0.1 0.90504 0.278154 -28.04 

44.5 50 1.9 3.4 0.2 0.909581 0.278185 -30.05 

44.5 50 1.6 3.7 0.2 0.907456 0.277925 -28.87 

44.4 50 2 3.6 0 0.904984 0.278499 -33.92 

44.2 50 1.9 3.8 0.1 0.91392 0.278154 -29.72 

44.2 50 1.9 3.9 0 0.909269 0.278297 -31.29 

44 50 1 1 4 0.928663 0.271879 -34.13 

44 50 2 4 0 0.914801 0.278268 -53.33 

44 50 2.3 3.6 0.1 0.921147 0.278385 -32.05 

44 50 2.3 3.7 0 0.91655 0.278528 -39.36 

43.9 50 2.1 4 0 0.917866 0.278297 -40.34 

43.9 50 1.5 4.6 0 0.912618 0.277776 -44.91 

43.9 50 2 4 0.1 0.921886 0.278067 -41.48 

43.8 50 2.6 3.6 0 0.922722 0.278673 -33.57 

43.8 50 2 4.1 0.1 0.924268 0.278009 -42.23 

43.6 50 3 3.4 0 0.928667 0.278904 -31.27 

43.5 50 2 4.5 0 0.926461 0.277978 -46.68 

42.8 50 4 3.2 0 0.948688 0.279308 -41.59 

42.8 50 3.6 2.8 0.8 0.968203 0.277822 -39.05 

42.5 50 7.5 0 0 0.904502 0.282154 -6 

42 50 8 0 0 0.912982 0.282297 27.74 

42 50 5 3 0 0.965907 0.279712 -46.59 

41.8 48.2 10 0 0 0.946638 0.285941 -101 

41.7 49.8 8.5 0 0 0.921454 0.282783 62.75 

41.6 48.4 10 0 0 0.946344 0.285601 -71 

41.4 48.6 10 0 0 0.946032 0.28526 -52 

41.2 48.8 10 0 0 0.945703 0.28492 -32 

41.2 50 6 2.8 0 0.980827 0.280115 -53.5 

40.8 49.2 10 0 0 0.94499 0.284237 5 

40.6 49.4 10 0 0 0.944606 0.283896 22 

40.4 49.6 10 0 0 0.944205 0.283554 32.5 

40.4 50 4.6 1 4 1.029181 0.272897 -3.33 

40.2 49.8 10 0 0 0.943786 0.283211 44 

40 50 10 0 0 0.943348 0.282869 33.55 

40 50 0 0 10 0.943348 0.261194 5.77 

39.6 50 8 2.4 0 1.004976 0.28092 -15.3 

38 50 10 2 0 1.022754 0.281724 0.68 

37.5 50 12.5 0 0 0.974315 0.283582 -40 

36.4 50 12 1.6 0 1.035027 0.282526 13.24 

36 48 0 0 16 1.013313 0.254286 503.56 

35 50 0 0 15 0.998579 0.252708 88.2 

35 50 15 0 0 0.998579 0.284294 31 

35 50 12 0 3 1.07364 0.277475 47.7 

34.8 50 14 1.2 0 1.042236 0.283325 -1.59 

34.5 50.5 0 0 15 0.996735 0.251897 79 

34 50 13 0 3 1.083794 0.277756 25.9 
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34 50 10 0 6 1.112432 0.271199 30.2 

34 50 12 0 4 1.096556 0.275542 37.6 

34 50 14 0 2 1.066865 0.28 45.65 

34 50 16 0 0 1.006582 0.284579 60.1 

34 50 0 0 16 1.006582 0.251076 58.18 

33.7 50.3 0 0 16 1.005403 0.250592 104.5 

33.5 50 12.5 0 4 1.101623 0.275682 40.45 

33 50 17 0 0 1.013665 0.284863 46.38 

30 50 20 0 0 1.029653 0.285714 50.66 

30 50 0 0 20 1.029653 0.244755 124.45 

30 50 20 0 0 1.029653 0.285714 45.85 

29.5 50.5 0 0 20 1.027032 0.243962 138 

26 48 0 0 26 1.052784 0.238926 499.77 

25 50 25 0 0 1.039721 0.287129 53.62 

25 50 0 0 25 1.039721 0.237288 182.9 

24.7 50.3 25 0 0 1.037614 0.28662 197 

24.5 50.5 0 0 25 1.03618 0.236512 195 

24 48 0 0 28 1.051244 0.236074 498.45 

22 50 28 0 0 1.036112 0.287975 42.12 

21 48 0 0 31 1.043108 0.231922 472.83 

21 49 30 0 0 1.038469 0.290221 64.1 

20 50 30 0 0 1.029653 0.288538 34.89 

20 50 0 0 20 0.990349 0.232558 262 

20 50 0 0 30 1.029653 0.230263 256.1 

20 50 30 0 0 1.029653 0.288538 59.8 

20 50 0 0 30 1.029653 0.230263 235.5 

19.8 50.2 0 0 30 1.027806 0.229959 248.97 

19.5 50.5 0 0 30 1.024984 0.229503 251.5 

19.4 50.6 0 0 30 1.024028 0.229351 244.6 

19.4 50.6 0 0 30 1.024028 0.229351 233 

19 51 0 0 30 1.020136 0.228741 216.57 

19 51 30 0 0 1.020136 0.286846 77.8 

18 50 32 0 0 1.019856 0.2891 34.56 

18 52 30 0 0 1.009897 0.285147 82.3 

16 48 0 0 36 1.013313 0.225316 475.51 

15 50 0 0 35 0.998579 0.223642 426 

13 51 0 0 36 0.976429 0.220878 358.5 

11 48 0 0 41 0.960661 0.219077 466.85 

10 50 0 0 40 0.943348 0.217391 423 

5 50 0 0 45 0.855689 0.21148 506 

3.5 50.5 0 0 46 0.819552 0.209624 511 

0 50 0 0 50 0.693147 0.205882 583 
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Appendix C: Training Dataset for development of ANN model in the third 

chapter (TH) 

Ni Ti Cu Fe Pd entropy cv DeltaT 

55.38 44.62 0 0 0 0.687347 0.289178 1.72 

51.24 48.76 0 0 0 0.69284 0.282136 66 

51 49 0 0 0 0.692947 0.281724 74 

51 49 10 0 0 0.923206 0.291845 20 

50.8 49.2 0 0 0 0.693019 0.28138 15 

50.7 49.3 0 0 0 0.693049 0.281208 36.16 

50.5 49.5 0 0 0 0.693097 0.280863 72 

50.42 49.58 0 0 0 0.693112 0.280725 30 

50.3 49.7 0 0 0 0.693129 0.280518 28.59 

50 50 0 0 0 0.693147 0.28 42 

50 49 0 1 0 0.742167 0.28115 39.15 

50 48 0 2 0 0.777119 0.282297 39.14 

50 49 0 0.2 0.8 0.747171 0.28 28.61 

50 49 0 0.4 0.6 0.748897 0.280286 26.82 

50 48.6 0 0.9 0.5 0.766132 0.280887 19.29 

50 39.6 8 2.4 0 1.004976 0.29841 12.66 

50 48.2 0.6 0.9 0.3 0.788861 0.282147 11.05 

50 34.8 14 1.2 0 1.042236 0.308437 10.79 

50 38 10 2 0 1.022754 0.301784 10.34 

50 41.2 6 2.8 0 0.980827 0.295002 10.16 

50 40.4 4.6 1 4 1.029181 0.288808 9.1 

50 36.4 12 1.6 0 1.035027 0.305127 8.62 

50 34 0 0 16 1.006582 0.276006 8.53 

50 44 1 1 4 0.928663 0.281933 8.36 

50 34 16 0 0 1.006582 0.310873 7.4 

50 34 14 0 2 1.066865 0.306122 6.65 

50 40 0 0 10 0.943348 0.277372 6.04 

50 35 12 0 3 1.07364 0.301958 5.93 

50 42 5 3 0 0.965907 0.293286 5.83 

50 34 12 0 4 1.096556 0.301493 5.8 

50 34 10 0 6 1.112432 0.296979 5.32 

50 34 13 0 3 1.083794 0.303793 4.7 

50 43.9 2.1 4 0 0.917866 0.288734 4.54 

50 44 2.3 3.7 0 0.91655 0.288791 4.31 

50 44.5 1.5 3 1 0.921126 0.286079 4.26 

50 46 0 4 0 0.832532 0.284579 4.21 

50 42.8 3.6 2.8 0.8 0.968203 0.29003 4.13 

50 43.9 1.5 4.6 0 0.912618 0.288228 4.13 

50 45.8 0 4.2 0 0.837363 0.284806 3.92 

50 45.7 0 4.3 0 0.839739 0.28492 3.89 

50 43.9 2 4 0.1 0.921886 0.288501 3.83 
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50 43.6 3 3.4 0 0.928667 0.289829 3.78 

50 43.8 2 4.1 0.1 0.924268 0.288613 3.73 

50 44.5 1.7 3.7 0.1 0.90504 0.287573 3.72 

50 42.8 4 3.2 0 0.948688 0.291562 3.71 

50 43.5 2 4.5 0 0.926461 0.2891 3.46 

50 44.4 2 3.6 0 0.904984 0.288087 3.4 

50 45.1 1.4 3.5 0 0.882795 0.28679 3.29 

50 43.8 2.6 3.6 0 0.922722 0.289268 3.25 

50 46 1.1 2.8 0.1 0.860408 0.285369 3.24 

50 45.2 1 3.8 0 0.875813 0.286337 3.15 

50 44.5 1.9 3.4 0.2 0.909581 0.287593 3.15 

50 48.6 0 0.8 0.6 0.766568 0.280744 3.12 

50 46.1 1.2 2.7 0 0.854148 0.285487 3.12 

50 44.6 1.9 3.4 0.1 0.903868 0.287629 3.07 

50 48.7 0 1.3 0 0.753422 0.281494 3.07 

50 44.5 1.6 3.7 0.2 0.907456 0.28734 3.05 

50 48.3 0 1.6 0.1 0.771142 0.281808 2.87 

50 45.7 1.2 3 0.1 0.869616 0.285794 2.75 

50 44.2 1.9 3.9 0 0.909269 0.288228 2.72 

50 46.8 0.9 2 0.3 0.839983 0.283998 2.64 

50 44.2 1.9 3.8 0.1 0.91392 0.288079 2.53 

50 46.5 1.1 2.2 0.2 0.848638 0.284655 2.32 

50 48.1 0.2 1.5 0.2 0.786466 0.282064 2.09 

50 46.7 0.8 2.3 0.2 0.839977 0.284172 1.84 

49.8 50.2 0 0 0 0.693139 0.279654 46.57 

49.72 50.28 0 0 0 0.693132 0.279516 57 

49.41 50.59 0 0 0 0.693078 0.278979 56.7 

48 52 0 0 0 0.692347 0.276527 31 

48 50 2 0 0 0.777119 0.280576 31 

47 50 0 3 0 0.806631 0.278268 59.6 

46.79 50.01 3.2 0 0 0.812058 0.280903 30 

46.24 49.54 4.21 0 0 0.837985 0.281993 15 

45.2 48.8 6 0 0 0.877836 0.283782 24 

45 50 5 0 0 0.855689 0.281437 21 

44.68 49.19 4.21 1.92 0 0.91821 0.281503 49 

42.5 50 7.5 0 0 0.904502 0.282154 8 

42 50 8 0 0 0.912982 0.282297 8.65 

41.8 48.2 10 0 0 0.946638 0.285941 18 

41.7 49.8 8.5 0 0 0.921454 0.282783 23.65 

41.6 48.4 10 0 0 0.946344 0.285601 15 

41.4 48.6 10 0 0 0.946032 0.28526 15 

41.2 48.8 10 0 0 0.945703 0.28492 16 

41 49 10 0 0 0.945355 0.284579 16 

40.8 49.2 10 0 0 0.94499 0.284237 14 

40.6 49.4 10 0 0 0.944606 0.283896 17 

40.4 49.6 10 0 0 0.944205 0.283554 15 
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40.2 49.8 10 0 0 0.943786 0.283211 12 

40 50 10 0 0 0.943348 0.282869 30 

40 50 10 0 0 0.943348 0.282869 13 

37.5 50 12.5 0 0 0.974315 0.283582 6 

35 50 15 0 0 0.998579 0.284294 13 

35 50 15 0 0 0.998579 0.284294 9.7 

34.5 50.5 0 0 15 0.996735 0.251897 10 

33.7 50.3 0 0 16 1.005403 0.250592 16.2 

33.5 50 12.5 0 4 1.101623 0.275682 4.5 

33 50 17 0 0 1.013665 0.284863 15.15 

30 50 0 0 20 1.029653 0.244755 8.6 

30 50 20 0 0 1.029653 0.285714 5.5 

29.5 50.5 0 0 20 1.027032 0.243962 11 

25 50 25 0 0 1.039721 0.287129 9.7 

24.7 50.3 25 0 0 1.037614 0.28662 9 

24.5 50.5 0 0 25 1.03618 0.236512 7 

22 50 28 0 0 1.036112 0.287975 6.02 

21 49 30 0 0 1.038469 0.290221 9.5 

20 50 0 0 30 1.029653 0.230263 19.6 

20 50 30 0 0 1.029653 0.288538 8.12 

19.8 50.2 0 0 30 1.027806 0.229959 15.68 

19.5 50.5 0 0 30 1.024984 0.229503 24 

19.4 50.6 0 0 30 1.024028 0.229351 17.75 

19 51 0 0 30 1.020136 0.228741 21.08 

19 51 30 0 0 1.020136 0.286846 8.5 

18 50 32 0 0 1.019856 0.2891 12.78 

18 52 30 0 0 1.009897 0.285147 7.7 

13 51 0 0 36 0.976429 0.220878 40 

10 50 0 0 40 0.943348 0.217391 24 

5 50 0 0 45 0.855689 0.21148 23 

3.5 50.5 0 0 46 0.819552 0.209624 28 

0 50 0 0 50 0.693147 0.205882 49 

 

 


