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ABSTRACT

A Numerical and Experimental Design of High Entropy Alloys for Biomedical
Applications
Shabnam Fadaei Chatroudi
Master of Science in Materials Science and Engineering
January 2021

High entropy alloys are a relatively new type of multi-component alloys that attracted
researcher’s attention because of their superior properties, which mainly come from their
high mixing entropy. Some of their main features are excellent mechanical and corrosion
properties that lead them to be a potential candidate for biomedical applications. In this
study, both numerical and experimental methods were used to enhance the
biocompatibility of high entropy alloys. A machine learning approach was implemented
to design a high entropy alloy with desired properties. Two unsupervised machine
learning clustering techniques were performed to design a high entropy alloy with
excellent biocompatibility properties. The characteristics required for these alloys to be
used in biomedical applications were used as the input dataset of the models. These
features were mainly pure metal's physical, chemical, mechanical, and biocompatibility
properties, such as elastic modulus or cell viability measurements. Furthermore, a
magnetron sputtering method was utilized to coat the high entropy alloys with silver for
introducing antibacterial properties. The parameters of experiments were adjusted to
achieve a coating film with desirable characteristics. It was shown that by increasing the
deposition duration, the coating thickness and grain size increased, which can enhance
the antibacterial characteristics. The ion release of coated samples was then measured
after immersing in simulated body fluid for fourteen days. The measurements
demonstrated that the Ag ion release increased by increasing the coating thickness, but
the ion release of substrate elements stayed almost the same. Consequently, the higher
release of Ag ions may lead to a better antibacterial effect since it is the main factor
controlling antibacterial characteristics.
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OZETCE

Yiiksek Lisans Tez Bashg
Shabnam Fadaei Chatroudi
Malzeme Bilimleri ve Miihendisligi, Yiiksek Lisans

Ocak 2021

Yeni bir tiir cok bilesenli alasim olan yiiksek entropili alagimlar sahip olduklari
yiiksek karisim entropisinden kaynaklanan st diizey oOzelliklerden dolay1 bircok
arastirmacinin ilgisini ¢ekmistir. Ustiin mekanik ve korozyon 6zellikleri bu alasimlari
biyomedikal uygulamalar i¢in potansiyel aday yapan ana Ozelliklerden bazilaridir. Bu
calismada, yliksek entropili alasimlarin biyouyumlulugunu gelistirmek icin hem
hesaplamali hem de deneysel yontemler uygulanmustir. Istenilen dzelliklere sahip bir
yiiksek entropili alasim tasarlamak i¢in makine 6grenmesi teknigi uygulanmistir. Cok iyi
biyouyumluluk 6zelliklerine sahip bir yiiksek entropili alagim tasarlamak i¢in iki farkl
gbzetimsiz makine O6grenmesi teknigi kullamilmistir. Bu alasimlarin biyomedikal
uygulamalarda kullanilabilmesi i¢in gerekli olan karakteristik 6zellikler modeller igin
girdi olarak kullanilmistir. Bu 6zellikler 6zellikle saf metallerin fiziksel, kimyasal, ve
mekanik Ozellikleri olan sertlik ve hiicre canlilik 6l¢iimleridir. Ayrica, yiiksek entropili
alasimlarin anti bakteriyel Ozelliklerini gelistirmek icin bu alasimlar magnetron
piiskiirtme yontemi kullanilarak giimiis ile kaplanmustir. Istenilen ozelliklere sahip
kaplamay1 elde edebilmek icin bazi deneysel parametreler degistirilmistir. Kaplama
stiresi uzatilarak, kaplamanin kalinlig1 ve tanecik boyutunun artmasinin anti bakteriyel
ozellikleri arttiracag1 gosterilmistir. Sonrasinda, yapay kanda 6n dort giinliik siire sonunda
kaplamalarin iyon salinim miktarlar1 8lgiilmiistiir. Olgiimler giimiis iyon saliniminin
kaplama kalinlig1 ile arttigin1 ancak substrat elementlerinin saliniminin degismedigini
gostermistir. Son olarak, salinan glimiis iyonlar1 ile anti bakteriyel siire¢ arasindaki
dogrusal iliski géz oniinde bulunduruldugunda yiiksek giimiis iyon salinimi daha iyi bir
anti bakteriyel etkiye sebebiyet verebilir.
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Introduction 1

Chapter 1:
INTRODUCTION

1.1  High entropy alloys

1.1.1 Concepts and background

Since ancient times, humans have been changing the properties of the material by
adding alloying elements. Despite pure metals utilization in some specific applications,
alloying elements are generally added to enhance the physical or chemical properties.
Thus, most practical alloys are multicomponent elements [1]. In 2004, the first HEA paper
published by Huang and coworkers [2] introduced a new alloy concept as multi-principal-
element alloys (MPEAs) in order to combine both oxidation and wear resistance
properties. The XRD results exhibited one ordered BCC phase and two FCC phases, not
expected since multi principal alloys tend to form complex compounds with many
alloying elements. Consequently, MPEAs were proposed as promising candidates for
high temperature oxidation and abrasion.

The two independent publications by Jien-Wei Yeh [3] alongside Brian Cantor [4] in
2004, introduced a new alloy concept as "high-entropy alloys (HEAs)" or "multi-principal
element alloys (MPEAs)," which were published by other researchers in the same year as
well [2, 5-7]. Yeh and coworkers hypothesized that mixing multiple elements (more than
five) in relatively high concentrations, mostly equiatomic, results in high configurational
entropy of mixing, preventing harmful intermetallics from forming. An alloy created by
adding pure elements can form solid solution or compounds which their free energies are
calculated by following equations [8]:

AG,,ic = AH,,;. — TAS,,;, (1)
AGy= AH;— ASy (2)

Where AGmix, AHmix, and ASyix are the Gibbs free energy, enthalpy, and entropy of
mixing, respectively; AGy, AHy, and ASyare the corresponding values for the formation of
an intermetallic compound. Following Boltzmann's hypothesis [9], the mixing entropy
and system complexity may be calculated by:

AScont=-kInw=RInn 3)
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Where k is Boltzmann's constant, o is the number of the ways of mixing, R is the gas
constant, and n is the number of elements. For example, AScont for alloys with 3, 5, 6, and
9 elements are 1.10R, 1.61R, 1.79R, and 2.20R, respectively [3]. Assuming the solid
solution is in ideal condition and the intermetallic compound in perfect order for
simplification, the relative stabilities of solid solution and intermetallic compounds
depend on whether —TASnix is more negative than AHr or not. Consequently, an alloy
comprising a higher number of alloying elements increases configurational entropy of
mixing, sufficient to form solid solution rather than intermetallic compounds except for
those with very large heats of formation. Contrary to the conventional opinion that a
higher number of principle elements increase the chance of forming compounds, it was
shown that the entropic contribution to the total free energy would overcome enthalpic
contribution, and thus solid solutions stabilize.

According to Yeh [10], the extraordinary properties of high entropy alloys arise from
four core effects which are: (i) high entropy effect, (i) severe lattice distortion, (iii)
sluggish diffusion, and (iv) cocktail effect. The high entropy effect is where alloys
containing multiple elements tend to form solid solution rather than intermetallic due to
high mixing entropy, as mentioned before. Different atomic sizes and bonding cause the
lattice distortion effect shown in Figure /./ in a multi-element crystal of HEA, which
results in solution hardening the crystal and enhancing properties such as strength and
hardness [11]. The sluggish diffusion effect results in higher diffusion, leading to higher
recrystallization temperatures, creep resistances, and slower grain growth [12]. It is
caused due to the limitation of diffusion in the HEAs, which hinders the atomic
movements. Finally, the cocktail effect is where the HEAs act as an atomic-scale
composite and exhibit composite effects coming from the basic features and interactions
among all the consisting elements. Consequently, it implies that alloy properties can be
adjusted by changing the alloying elements and compositions. For instance, Figure /.2
[3] indicated the hardness change of the alloy by changing the Al content in the alloy.
HEAs became a strong candidate at various technical and biomedical applications due to
their superior mechanical properties such as strength and hardness [13-15], tribological
properties [16], excellent corrosion resistance [17, 18] and high hardness and wear

resistance [19, 20].
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Figure 1.1 Schematic illustration of the lattice distortion effects on Bragg
diffraction: (a) perfect lattice with the same atoms; (b) distorted lattice with solid
solutions of different-sized atoms, which are expected to be randomly distributed in the
crystal lattice.
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Figure 1.2: Hardness and lattice constants of a CuCoNiCrAlxFe alloy system with
different x values: (A) hardness of CuCoNiCrAlxFe alloys, (B) lattice constants of an
FCC phase, (C) lattice constants of a BCC phase
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1.1.2  Applications and motivation

Metals such as Ti-based alloys, Co-based alloys, and stainless steel are commonly
preferred for biomaterials owing to their enhanced properties such as excellent
mechanical properties and biocompatibility [21]. They are mainly used in implants such
as artificial hip joints, artificial knee joints, bone plates, and dental implants. However,
non-toxic alloying elements are selected for such applications; metal allergy and toxic ion
release, tissue loss, or modulus mismatch are still common problems. For instance, Ni ion
release from NiTi shape memory alloys into tissue or blood [22], or V and Al ion release
from the famous Ti-6Al-4V alloy, which damages the nervous system and raises high-
risk health issues [23]. Co, Cr, and Ni were pointed out as highly allergic alloying
elements, while Nb, Ta, and Zr were judged to be non-toxic and safest alloying elements
[24].

Consequently, researchers still look for alternative metallic implant candidates with
excellent biocompatibility and mechanical properties. In addition to HEA applications as
novel metallic functional materials, high entropy alloys also attracted attention in
biomedical applications [25]. Novel biomedical high entropy alloys started to develop to
tackle the problems of commons metallic biomaterials. One of the causes of implants
loosening and failure is the stress shielding effect caused by stress reduction in bone since
the implant bears most of the applied load. As a result, the implant is preferred with a low
modulus of elasticity in order to decrease the stress shielding effect. One of the
characteristics of HEAs is adjusting the modulus by adjusting the composition and
elements of comprising alloying elements [26], providing an opportunity for designing
desired biomaterials with low modulus. HEAs are among the materials with highest
specific strength and with a wide range of Young's modulus.

This unique combination of features encouraged researchers to investigate these
alloys in biomedical applications. HEAs containing Ti, Ta, Nb, Mo, and Zr are
extensively investigated by researchers [27-30] in biomedical applications. Gurel et al.
performed static immersion experiments in SBF and AS solutions on TiTaHfNb,
TiTaHfNbZr, and TiTaHfMoZr alloys. The experiments revealed enhanced long-term
corrosion resistance due to forming a protective passive layer on the surfaces with low
ion release, indicating the potential of these alloys in biomedical applications [16].

Another study on the in vivo biocompatibility tests on TiZrNbTaMo showed no signs of
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toxic response and excellent corrosion resistance [31]. Eventually, Hf was also proposed
as another potential alloying element because of good biocompatibility and osteogenesis
confirmed by implantation [32]. Yuan et al. developed the TiZrHfNbTa HEAs, consisting
of five elements proven to be non-toxic and favorable to form a solid solution with a
unique combination of low modulus and good mechanical biocompatibility [33]. In
another study, the corrosion behavior of the two alloys of TiTaHfNbZr and
Ti15ZrTapsHfosNbo.s were experimentally tested and compared with 316 L stainless steel,
CoCrMo, and Ti6Al14V alloys, which manifested considerably higher corrosion resistance
[14]. Ti15ZrTaosHfosNbo s had thicker corrosion-resistant barrier oxide film attributed to
a higher amount of electronegative Ti and Zr elements. Nagase and coworkers developed
TiZrHfCrMo and TiZrHfCoCrMo as potential candidates for orthopedic implants with
improved mechanical hardness and biocompatibility [34].

Despite all research done to design a high entropy alloy with excellent
biocompatibility, there is still room for improvement. The properties of HEAs affecting
the final biocompatibility of the designed alloy can be manipulated by choosing and
changing the alloying elements and their compositions. Each including an element in the
alloy has the effect by itself and on the other elements as well. Due to the complexity of
considering all the crucial parameters and the number of possible combinations, one
efficient way to tackle this problem is using computational algorithms. This
compositional space allows challenging optimization processes that are not easy to solve
by conventional experimental methods or trial and error. Several computational methods
have been used for guiding the alloy design of high entropy alloys, such as
thermodynamic modeling, density functional theory (DFT), and molecular dynamics
(MD) [35-38]. CALPHAD is mainly used to predict the phase formations [39], while DFT
and MD mainly focus on phase stability and solidification of HEAs.

Alloy design with preferred properties can be reached by modifying chemical
compositions that can control the microstructures and phase formation [40].
Consequently, the number of alloying elements and the variety of microstructures and
resulting features give rise to complex computations. As an alternative solution, machine
learning (ML) tools have begun to utilize materials science researchers [41, 42]. Tepla et
al. developed a logistic regression method from ML tools with an overall accuracy of
96.7% based on the ratio of correctly classified titanium alloys to design biocompatible

titanium alloys [43]. In one study, the corrosion rate of steel alloys was predicted by

5
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machine learning tools by using the chemical composition and environmental factors as
input data [44]. For HEAs, a property-oriented method based on machine learning was
proposed by Cheng et al. to find high hardness values alloys [45]. Many investigations
have been done on phase formation of high entropy alloys by implementing ML methods
[46-48]. For instance, Islam et al. developed an ML model that can classify the phase
selection in HEAs by finding the pattern underlying the available experimental dataset.
Their model also suggested that the valence electron concentration has the most essential
effect on the resulting phases [49]. These examples demonstrate the promising
applications of machine learning tools in property selection and alloy design while being
timely and costly efficient.

In the present study, we proposed a property-oriented alloy design by machine
learning algorithms. The purpose of this work is to find a new alloy containing non-toxic
metals with enhanced biocompatibility and mechanical properties. To do that, firstly, a
comprehensive dataset including physical, chemical, and biocompatibility properties of
metals was extracted from literature. Then a well-established unsupervised machine
learning method named clustering was used to cluster the metal candidates. The quality
and accuracy of the clustering algorithm were then evaluated and reported, which
indicated the high performance of the model. Among the predicted clusters, one of the
clusters containing the elements with the highest biocompatibility was selected to be
made. This alloy will be examined experimentally to validate the model results and to be

used as a potential implant later.

1.2 Machine learning

1.2.1 Definition and concepts

In case of encountering a new situation, humans tend to make decisions based on
similar past experiences. The decisions will improve as similar experiences increase.
Artificial intelligence and machine learning recently utilized the same concept to learn
and predict based on existing (training) data rather than solving via experiments or
computations [41]. Machine learning uses statistics in building mathematical models to
optimize performance using example data and past experiences. To make such a system
intelligent, it should have the ability to learn and adapt to a changing environment. Firstly,

the training step stores and processes massive amounts of data and then solves the

6
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optimization problem by efficient algorithms. Then, after the model is constructed, the
representation and solution need to be efficient and space and time complexity.

Some examples of such machine learning models are facial recognition or self-
driving cars developed by gathering data from past scenarios. One of the essential aspects
of machine learning is the way it deals with the input data. A numerical way is required
to quantitatively predict the results from the inputs, which mainly functions iteratively
based on the correlations between the inputs and targets. Machine learning applications
to large databases are called data mining, which means when a large amount of data is
processed to construct a model with high predictive accuracy [50], for instance, learning
models for banks by using their past data in the stock market. Another example in
manufacturing is models to optimize the production process and troubleshoot.

In general, ML algorithms can be categorized into classification or regression
models. In regression problems, the model predicts continuous values for the output,
which is a number such as predicting the price of a car. In contrast, classification problems
predict discrete output values, such as categorizing the input values, for example,
predicting whether an email is a spam or not [50]. In another approach, ML training
methods can be divided into three groups of supervised, semi-supervised, or unsupervised
learning, based on the type of available data [S1]. In supervised learning, the training data
consist of input and output values, and the goal is to derive functions on input values
which results in the prediction of the output values with acceptable accuracy. Semi-
supervised learning is when there is a large amount of input data with limited
corresponding output data. In the case of unsupervised learning, the available dataset only
consists of input data, and the goal of the algorithm is generally to find regularity in input
data, such as clustering the data or identifying trends and patterns among them. It tries to
find a structure in input such that particular patterns occur more often than others, referred
to as density estimation in statistics. One method of density estimation is clustering which

the aim is to cluster similar inputs in the same groups.

1.2.2  Clustering algorithms

Clustering algorithms arise as one of the rich conceptual frameworks of
unsupervised learning, which discover structures in data. The clustering task can be

challenging both conceptually and computationally. As the name implies, it is anticipated



Introduction 8

to explore similarities or differences between individual data points in a data set [52].
There are various strategies for cluster formation and determining the meaning of
similarity in the data, addressing different facets and properties of clusters. Clustering
techniques can be categorized into three main groups of partition clustering, model-based
clustering, and hierarchical clustering.

In partition-based clustering, a specific objective function discovers the structure
existing in the data with a predefined number of clusters. In this case, the expected type
of the structure is uncertain and hence the most suitable objective function [52]. In model-
based clustering, a certain probabilistic model of the data is assumed, and then the
parameters are estimated. The model is a mixture density model in which the data are
assumed from sources that each source will be assumed as a potential cluster. Hierarchical
clustering is a successive development of clusters that is categorized into two different
processes of finding clusters. In one way, all the data points are treated as one cluster then
being divided into more. In another way called agglomerative clustering, each data point
is treated as a cluster and then merged based on the distance between data and patterns.
As with many other multivariate techniques, agglomerative hierarchical clustering is
carried out on a set of variables on the rows of an array or matrix [53]. This method uses
a bottom-up approach meaning that each observation starts in its cluster and then
successively merges. The linkage criteria determine the metric used for the merge

strategy.

1.2.3  Hierarchical/agglomerative clustering

Since the 1970s, it has been held that around 75% of published works on clustering
algorithms employed hierarchical clustering algorithms [54]. A common interpretation of
hierarchical clustering is to detect partitions or levels of hierarchy. Hierarchical clustering
is one of the essential and well-established methods of unsupervised machine learning.
Initially, each input is considered a singleton node, then merges and agglomerates step by
step the current pair of mutually closest nodes into a new cluster until there is no node
left. Various clustering schemes calculate the inter-cluster dissimilarity after each step
which the most common methods are single, average, complete, and Ward linkage, as
shown in Table 1.1 [55]. These techniques are implemented in standard numerical and

statistical software such as MATLAB and Python [56]. The algorithm starts with a forest
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of clusters that will be later used to form the hierarchy. When two clusters merge into a
single cluster, the first two are removed from the forest, and the new one is added. This
process will continue until only one cluster remains, which becomes the root. The distance
matrix is computed including the distance between clusters of the original forest. The
algorithm is updated at each iteration to reflect the distance of newly formed clusters with
the remaining clusters in the forest. A similarity between a pair of vectors or points is
given by: In the case of calculating the distance in a vector space, a traditional method to
measure the distance is a Minkovski distance which is a family of metrics calculated as

follows [53]:

1
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Table 1.1: Agglomerative clustering schemes

Cluster dissimilarity

Name Distance update formula for d (1 U J, K)
between clusters A and B
single min (d (I, K), d (J, K)) min d [a, b]
complete max (d (I, K), d (J, K)) max d [a, b]
d(l, K)+n,d(J K 1
average md(L K) tn,d () K) _|A||B| Z Zd[a,b]
nptny a EAb €B
+n, d(ILK)+(n,+n,)d(JK)-n.d(J
Ward \/nl ny ( ) (nj nk) ( ) ny ( ) |2A||Ijlr|||l;|| ”CA‘CB”2
nytngtng

The Euclidean distance is a particular case of Minkovski when P = 2, which maps
the data equiweighted for clustering. The hierarchical algorithm can be visualized by
dendrogram graphs, as shown in Figure /.3. It does not determine the unique clusters, and
the user should choose which of the subtrees are clusters and which ones are only a part
of a bigger cluster [57]. A dendrogram collects and gives the classificatory relationships
between the data points. It can represent how many functional groups can be found in the

data based on the application.
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Figure 1.3: A dendrogram for visualization of structure in data

The linkage algorithms shown in Table 1.1 are used to compute the distance between
the newly formed and remaining clusters. The single linkage clustering method proposed
by Gower and Ross [58] is obtained from a minimum spanning tree (MST) of the
weighted graph by the complete graph with the dissimilarities as edge weights. It gives
the interconnecting dissimilarity between two clusters as the least interconnecting
dissimilarity between a member of one cluster and the other. This is also known as the
nearest point algorithm. The complete method is the same as the single method but
computes the maximum difference known by the farthest point algorithm or Voor Hees
algorithm. The average method equation is given in the table, which is also called
UPGMA. Finally, the Ward method uses the Ward variance minimization algorithm, also
called an incremental algorithm.

The k-means algorithm assigns data points to a predetermined number of clusters by
using distance metrics. It clusters data by separating samples into groups of equal
variances, minimizing a criterion known as inertia or within-cluster sum-of-squares [59].
There are several methods available to choose the optimal number of clusters, such as the
elbow method and the distance metrics methods. The variance within a cluster and
between clusters are given in Eq.5 and Eq.6, respectively. The total variance of the data
set is calculated by the addition of variance within the cluster and between the clusters

[60].
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1.3 Coatings concepts and applications

High entropy alloys (HEAs) have been proposed as one of the potential candidates
to be used as a metallic biomaterial implant [61, 62]. The biomaterials must have some
characteristics such as high corrosion resistance, suitable mechanical properties, and not
creating toxic reactions in the human body [63]. HEAs usually consist of four or more
elements, which results in high configurational entropy leading to a single stable phase in
most cases. That generates excellent corrosion properties, high hardness, and strength,
leading numerous studies to investigate HEAs applications in the biomedical field [62].
HEAs s consist of non-toxic transition metals such as Ti, Ta, Hf, Mo, Nb, and Zr have been
investigated by many authors. These investigations mainly involved the assessment of the
metal and fluid changes by immersing the alloys in different corrosive environments such
as simulated body fluid (SBF) and artificial saliva (AS) [14, 16]. Metallic implant
surfaces can be vulnerable to infection because of biofilm formation at the surface and
reduced immune ability at the implant/tissue interfaces [64]. There are still challenges to
eliminating infection after inserting the implant, thus removing the implant usually seems
the primary way to tackle this issue, and new approaches are required to prevent the
bacterial infection.

One of the common methods to introduce antibacterial properties to substrates is
coating them with materials that possess antibacterial characteristics. Antibacterial
coating prevents the adhesion of bacteria to the surface of the implant or releases
antimicrobial agents. Silver has a long history of being used as an antibiotic for human
health care. The antimicrobial activity mechanism of silver or silver compounds at low
concentrations (<1 ppm) mainly arises from the release of Ag* ions to then interact with
the bacterial cells [65]. Silver has a broad spectrum of antibacterial characteristics to
different kinds of bacteria at very low ppm concentrations [66, 67]. Silver metal ionizes

in water or tissue fluids and releases Ag+, which shows a strong affinity. The silver ion

11
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is biologically active and toxic to microorganisms by poisoning the respiratory enzymes
and components in the microbial electron transport system [68]. Silver shows low toxicity
in the human body since it can be absorbed and eliminated by the liver and kidneys. It
confirms the excellent properties of silver to be used in biological and medical
applications.

PVD coating process is known as an effective method for coating metals and
ceramics and is widely used in technical and medical applications [69]. The coating by
PVD method is produced by particles condensation, which are atoms or atom clusters
under reduced pressure. These particles are released from the target or source by physical
approaches, which are sputtering, evaporation, or resistance heating [70]. In the sputtering
method, accelerated Argon ions that are generated in an electromagnetic field strike the
target; meanwhile, in the evaporation method, the particles are released inductively by an
arc, laser, or electron beam. The ionized released particles react with the atmosphere
inside the vacuum chamber and accelerate by the negative bias voltage to the surface of
a substrate and form a thin homogenous coating. The film growth generally consists of
stages of initial nucleation of the target on the substrate surface, then the growth of the
nuclei and formation of islands (often crystallites), formation of a connected network by
merging the islands, and at last filling the channels [71].

By adjusting the sputtering factors and substrate conditions, a various range of
coating structures can be obtained. Parameters during sputtering which can generally
impact the coating morphology are: (i) kinetic energy of the sputtered particles, (ii)
plasma conditions, (iii) surface topography, and (v) substrate temperature [72]. Another
study revealed the effects of pressure and power during sputtering on the surface diffusion
of the Ag atom into the growing film. They showed that as the power decreases and
pressure increases, the surface diffusion increases, which can enhance the growth of
islands at the first stage of growth and delay the formation of a homogenous film [73].
By decreasing the Argon pressure during the coating, the condensed silver atoms on the
film might possess sufficient kinetic energy to move on the surface and therefore favoring

the grain growth [74].
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1.4  Objectives

In this study, computational and experimental methods were implemented to enhance
the biocompatibility of high entropy alloys. In the second chapter, the ML method is
implemented in order to reveal the best combination of elements of a high entropy alloy
with biocompatibility properties. The hierarchical clustering and k-means method were
used and compared for grouping of the biocompatible metallic elements. Using the
already published articles and handbooks, the most effective chemical, physical, and
mechanical features of metals are gathered and used as the input data. Consequently, a
HEA comprising of six elements was predicted and evaluated by unsupervised machine
learning methods. In the third chapter, silver coatings are deposited on three different high
entropy alloy substrates at three different thicknesses by adjusting the PVD process
parameters. The coatings are aimed to provide antibacterial properties to the alloy by
releasing silver ions into the aqueous environment while maintaining the biocompatibility
and mechanical characteristics of the HEA substrates. Another aim is also to prevent the
ion release of the substrate elements and minimize the toxic reactions. As a result, the
coatings homogeneity and ion release of both substrates and coatings were measured and

reported.

13



Biocompatible high entropy alloy design by clustering algorithms
14

Chapter 2:
BIOCOMPATIBLE HIGH ENTROPY ALLOY DESIGN BY
CLUSTERING ALGORITHMS

This chapter has developed an artificial intelligence framework to categorize the
most similar elements in the same group based on their physical and chemical properties,
including three main steps. Firstly, the data set comprising of metal candidates and their
features are gathered. Then, the features are scaled in order to be able to be used by the
ML method in the same weight. Finally, the cluster features such as compactness and

similarity are assessed by measuring relevant metrics.

2.1 Data collection and feature generation

The experimental data of 32 pure metals as potential alloying element candidates,
which have been proven to show biocompatibility, have been extracted from the
literature. The candidates are Rb, Cs, Be, Sr, Ba, Y, Ti, Zr, Hf, V, Nb, Ta, Cr, Mo, W,
Mn, Fe, Ru, Co, Rh, Ir, Ni, Pd, Cu, Ag, Zn, Cd, Al, In, Sn, Sb, and Bi. The ten elemental
properties shown in Table 2./ were selected based on their effect on the biocompatibility
properties of the final alloy. The mechanical properties of the alloy have a crucial impact
on the choice of elements since it might be one of the main reasons for implant failure.
For instance, the alloy used as an implant should have modulus close to the bone, or else
it might cause a stress-shield effect.

Consequently, Young's modulus and Poisson's ratio of the candidates have been
gathered as inputs for this work [75, 76]. Metallic biomaterials may corrode and release
metal ions inside the body, which might cause toxic reactions on the tissues and organs.
In order to assess the biocompatibility of the metals, the cytotoxicity of the metal salts
has been evaluated by the colony formation method using two kinds of cultured cells,
L929 and MC3T3. The metal's salts relative cytotoxicity have been gathered from

literature indicated as 1Cs that is also known as inhibitive concentration [77].
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Table 2.1: The features gathered for this study

Elemental Properties

Surface Energy
Melting Point
Density
Young’s Modulus
Poisson’s Ratio
Atomic Radius
Pauling Electronegativity
Number of valence electrons
1Cs50-.929

ICs0-MC3T3

In addition to the mechanical and cytotoxicity properties, physical and chemical

features of the metals were also added as input features. Since the final alloy's purpose is

to form a high entropy alloy, the properties that increase the solubility and phase stability

are considered as well. These features are given by the Hume-Rothery rule, which are

atomic radius, valance electrons, and electronegativity [78], which are collected from

literature and added to the input of this work as well [79, 80]. It has also been reported

that reducing the number of valance electrons through controlled alloying was effective

in decreasing the modulus [33]. The surface energy (It is chosen for the close-packed

plane of each lattice structure. (111 for fcc, 110 for bee, and 0001 for hep)) [81], density,

and melting points, were also gathered as input features [75].
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Figure 2.1: Dependence of Young's modulus and crystalline phase structure on

VEC in all the HEAs investigated [33].
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Figure 2.2: Feature correlations shown by different colors. The darker color

indicates a higher correlation between the two features.

The features correlation has been calculated by python libraries which are shown in
Figure 2.2. As can be seen from the values, no specific correlation is seen among the
features, and as a result, all features were used as an input without using any dimension

reduction methods.
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2.2 Preprocessing of the data

In order to consider all of the features equally and increase the performance of the
machine learning algorithms, a preprocessing step on the input data is necessary. That
means the values for all features must be transformed to the same scale, which is known
as feature scaling. The feature scaling is significant for distance-based machine learning
algorithms such as clustering since it can have a significant impact on the performance of
the algorithm.

The relevant statistics compute scaling and clustering on each feature of the dataset
independently and then store the mean and standard deviation to be used on later data by
using the transform method. Four of the most common feature scaling methods that are
used in this study are calculated by Sci-Kit to learn package of Python programming,
which are summarized as follows [82]:

1) The StandardScaler, or known as standardization, scales the values in a way that
the features will have a mean of 0 and a standard deviation of 1.

2) The MinMaxScaler implements a type of feature scaling to a given range that can
be set by the feature range parameter (default is between 0 and 1). This scaler is mainly
used for a type of data with low standard deviation or no Gaussian distribution, so it is
sensitive to outliers.

3) Normalization processes the scaling of the samples to have unit norm. It is mainly
used when the algorithm tries to predict based on the weighted relationships between data
points. It has three different methods to calculate the norm, which is by using the sum of
all the values, using the square root of the sum of all the squared values, or using the
absolute maximum.

4) Power Transformers are a family of parametric scaling functions that transform
any distribution of data to a nearly Gaussian distribution in order to reduce skewness and
stabilize the variance. One of the common functions of power transformation scaling is
Yeo-Johnson which is calculated as follows:

[Ge+1) {log G+ 1)} k™ D/,

k+1
2_{Xlog(xﬂ)} /1<(k+13<-1) (=2, x>0), )
Lt D) Hog(x+ D -ky T UN2-A) (520, x>0),
{-log(-x+1)}*" /(k+1) (=2, x20),

(4#0, x>0),
Y=
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The transformation is parameterized by A as the power parameter, which is
determined through maximum likelihood estimation. All the scaling as mentioned above
methods have been performed on the data set of this study, and the power transformer
was chosen to be used as the most suitable function. This scaler is a non-linear transformer
that is suitable for a dataset whose difference is in order of magnitude, which is the case

of this study.

2.3 Hierarchical clustering results

Modern advanced materials require multiple features in order to achieve better
performances than the previous generation of materials. To be able to investigate all the
necessary features affecting the final goal of the alloy, clustering from ML algorithms
were performed on the gathered elemental properties. In order to investigate the trends
and underlying patterns in the dataset, several visualizations and clustering techniques
were applied to the data, which were hierarchical and K-means clustering algorithms. A
cluster consists of data points similar to each other, while the data points of one cluster
are different from the other one. This similarity can be calculated by different methods
which the most common one is Euclidean distance [83]. In HCA, clustering begins as one
cluster for each data point, then they merge iteratively and finally become one large
cluster. In this work, following the data gathering and pre-processing of features, the
clustering was performed by Ward approach as a tree-like structure known as dendrogram
that indicated how the clusters are related to each other and the whole process is

schematically shown in Figure 2.3.
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Figure 2.3: Schematic of the ML procedure proposed in this study for alloy design

The elements are clustered based on the ten input features, including numerical
values of physical, chemical, and mechanical properties of pure metals. The dendrogram
can be cut at any distance based on the purpose of the study, which will define the number
of clusters that are chosen. As it can be seen from Figure 2.4, 5 main clusters were chosen
as the alloy candidates of this study. This figure also represents the clear difference
between clustering results prior to and after the data pre-processing. It can be seen that
by scaling the data, the clusters cohesion and separation enhanced dramatically. To peak
the cluster that includes the best combination of elements, a literature review was done in
order to select a cluster that all of the members are biocompatible. Ti, Ta, Hf, Nb, and Zr
are already proven to have biocompatible properties, and they have been suggested as the
biomedical high entropy alloys in the previous studies [14, 16]. They exhibited excellent
corrosion resistance and mechanical properties and were proposed as a potential candidate
for biomedical applications. Consequently, the cluster including those elements was

selected as the target alloy, which is also including Y as the six™ element.
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Figure 2.4: Dendrogram plots from HCA analysis on (a) non scaled input features

(b) Power transformed input features

In addition to HCA, a K-means clustering algorithm was also performed on the data
points to group the most similar elements in order to define the new biomedical high
entropy alloy. The K-means algorithm defines the initial centroids, which will become
the new mean until converging to clusters. It calculates the summation of squared distance

between all centroids and data points, then assigns each data point to the nearest centroid

20



Biocompatible high entropy alloy design by clustering algorithms
21

(cluster). Then it computes the new cluster centroid through the average of all data points
belonging to each cluster. Then the nearest data sets generated will be grouped by similar
data points, and these steps are repeated until the iterations are converged [60]. Since the
K-means algorithm requires a predefined number of clusters, it was set at 5 in order to
result in an alloy with at least six elements. The results yielded from this algorithm on the
data points of this study that were firstly scaled by power transformer function are
tabulated in Table 2.2 below.

Table 2.2: K-means clustering results

Cluster number Elements
Cluster 1 Ti, Ta, Nb, Hf, Zr,Y, Fe, Al
Cluster 2 Rb, Cs, Sr, Ba
Cluster 3 Be, V, Cr, Mn, Co, Ni
Cluster 4 Mo, W, Ru, Rh, Ir
Cluster 5 Pd, Cu, Ag, Zn, Cd, In, Sn, Sb, Bi

As it can be seen, cluster 1 illustrates the same configuration of elements as the HCA
except including Fe and Al in the cluster as well. Since the toxic effects of Fe and Al on
the human body have been proved by many studies before, Yttrium has been chosen as
the best candidate for the alloy design as the HCA also proved it. Previous work by
authors has investigated the effects of small additions of rare earth elements such as
Yttrium in the range between 0.1 to 1 wt.% to a Titanium alloy, which resulted in reducing
Young's modulus and significantly improving the fatigue resistance [84]. In other works,
Y addition reduced the average grain size and thus increased the strength; it also proved
to be beneficial in terms of scavenging oxygen and enhancing fracture toughness [85, 86].
Consequently, one wt.% of Yttrium was decided to be added to an equimolar amount of
Ti, Ta, Hf, Nb, and Zr produced by vacuum are melting. The alloy will be tested in terms

of mechanical and biocompatibility properties as the ultimate goal of this work.

2.4 Clustering Evaluation

Many authors tried to investigate how to evaluate the features of a desirable
clustering algorithm. The quality of the results obtained by clustering techniques has been

one of the challenges of unsupervised learning algorithms. As a result, many studies
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proposed various techniques to evaluate the quality of clustering depending on the
clustering method and the cluster data type. The evaluation techniques can be categorized
into two main groups of internal and external similarities [83]. The internal similarity
reflects the compactness of a cluster that higher shows better compactness. The external
similarity indicates the uniqueness of a cluster that should be lower. The relevant
variables that help to identify cluster elements can be referred to as descriptive and
discriminating variables. The first one indicates the cluster elements like each other, and
the latter one identifies the dissimilar clusters.

One of the common evaluation coefficients of hierarchical clustering algorithm is the
cophenetic correlation distance between two examples which calculates the proximity at
an agglomerative hierarchical clustering algorithm that puts the data points at the same
cluster [87]. This metric is used for evaluating the results of the hierarchical clustering
algorithm. In a dendrogram, it corresponds to the height at which the branches
corresponding to the two examples are merged. [88] This value is between -1 and 1, and
a higher value indicates that the clustering algorithm was able to identify the underlying
structure of the input data more successfully. The cophenetic correlation coefficient is

then calculated by:
T (dj— d)(d; —d)

\/Zi<j(dij _d)2 Zi<j(d;' - d*)z

Where dj; is the distance between the example pair (i, j) and d*;j is their cophenetic

CPCC=

9)

distance. The correlation coefficient also includes the average d of the distances in the
proximity matrix and the average d* of the cophenetic distances in the cophenetic matrix.
The cophenetic metric measured for this study was calculated as 0.674, which is an
indication of the high ability of the clustering model for identifying the underlying
structure of the data set.

The silhouette coefficient measures the cohesion and separation of clusters. It
indicates how well a data point fits into its assigned cluster based on how close it is to the
other data points of its cluster and how far it is from the points of the other clusters [88].
The computing silhouette coefficient of a particular point consists of the following three

steps:
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i.  The average distance to all examples in the same cluster calculates as follows:

1
a(i)= i Y dii) (10)

|c.al
ii.  The minimum average distance between a data point and other data points of the

other clusters is computed as follows:

1 .
b(?) =mm—z d(i) (11)
Cb
iii.  For each data point, the silhouette is defined by the following expression:

b —a)
~ max {a(i),b(i)}

(i) (12)

The global silhouette coefficient is determined by taking the average of the particular

silhouette coefficient of each data point as indicated below:

n

1 .
S= ;Z s(0) (13)

i=0

This coefficient is also ranging between -1 and 1, in which larger values indicate that
data points are closer to their own clusters than they are to other clusters. When the
silhouette value is zero, it means that the data are uniformly distributed toward the
Euclidean distance. Negative values show that the clusters are mixed with each other, and
positive values are an indication of a high separation between clusters. In the current
work, the silhouette values were 0.24 and 0.23 for the HCA algorithm and K-means
algorithms, respectively, which indicated the relatively high separation of the clusters.

The Calinski-Harabasz coefficient (CH), which is also known as the variance ratio
criterion, is based on the internal dispersion and the dispersion among the clusters [89].
This coefficient is calculated by dividing the variance of the sums of squares of the

distances of each data point to their cluster center by the sum of squares of the distance

between the cluster centers. The Calinski-Harabasz coefficient is given by the following

expression:
BCSM -k
_ CS . n (14)
k-1 WCSM

Where k is the number of clusters, n is the number of records in data, BCSM (between

cluster scatter matrix) calculates separation between clusters, and WCSM (within-cluster
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scatter matrix) calculates compactness within clusters. This value does not have a specific
range, and the higher value indicates the better clustering model. For the current study,
this score is calculated as 11.52 and 11.62 for the HCA algorithm and K-means

algorithms, respectively.

2.5  Conclusions and future work

Hierarchical clustering algorithm and K-means algorithm were utilized in this study
to predict a new high entropy alloy consisting of 6 elements for biomedical applications.
The most essential physical, chemical, and mechanical properties of metal candidates
were gathered from literature to be used as the input of the models. Both models predicted
that TiTaHfNbZrY might be the best candidate among the other combinations. The
accuracy of the clustering algorithms was evaluated by the most common unsupervised
machine learning evaluation metrics, which showed the high performance of both of the
clustering techniques. Finally, the predicted alloy by clustering algorithms will be
examined experimentally to validate the ML model's prediction accuracy, which will be
reported later. In order to enhance the biocompatibility properties of mentioned HEAs,
an experimental method was also implemented in this study. Three different HEAs
containing different configuration of same elements from ML model chosen elements

were used as substrates for coating experiments that is explained in the following chapter.
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Chapter 3:
MICROSTRUCTURAL AND BIOCOMPATIBILITY ASSESSMENT
OF SILVER COATINGS DEPOSITED ON HIGH ENTROPY
ALLOYS

3.1 Introduction

The high entropy alloys are defined as alloys that contain at least five different
elements at ranges between 5 and 35 %, which increase the probability of forming one
solid solution due to high mixing entropy [3]. These alloys possess unique properties such
as excellent corrosion resistance and good mechanical properties, giving rise to various
technical and medical applications. Several biomedical-oriented HEAs are now being
developed with a broad spectrum of possible compositions. High entropy alloys
containing non-toxic elements have been investigated by many authors and thus proposed
as a promising candidate to be used in biomedical applications [61]. Their
biocompatibility has been experimentally tested by immersing them in simulated body
fluids, indicating their great potential to be used as an implant inside the human body
[16].

Despite their biocompatible properties, implants are susceptive to bacterial infections
after implantation inside the body due to various reasons such as contamination of the
implant's surface or formation of resistant biofilms [69]. The post-operative infections
can be overcome or reduced by adjusting the antimicrobial properties of the implant
surface before implantation. One of the most common metals for antimicrobial
application is silver due to the antibacterial activity of silver ions and being non-toxic to
human cells [90]. Authors have also shown that silver possesses anti-inflammatory
properties and can improve healing rates [91]. Silver ions are effective for most bacterial
infections, except a few ones that make it one of the best candidates to be used in such
applications. Silver can inhibit the bacteria attachment onto biomaterials, and it also has
a long-lasting effect. In vitro investigations demonstrated no cytotoxicity and
genotoxicity from silver coatings [64]. Since silver is relatively stable, it can be applied
by many well-established techniques such as ion implantation, PVD, and sputtering.
Many studies have used radio frequency magnetron sputtering for silver coatings [92].

The sputtering deposition is a well-known physical vapor deposition method under

25



Microstructural and biocompatibility assessment of silver coatings deposited on high
entropy alloys 26

appropriate deposition conditions. The sputtering parameters such as deposition time,
sputtering power, or gas pressure can affect the coating quality and thus the antibacterial
properties of silver [93].

The present study was done to introduce antibacterial characteristics to biomedical
high entropy alloys and decrease the ion release of HEAs elements employing the PVD
process. Silver was coated on three different high entropy alloys at three different
thicknesses by adjusting the PVD device parameters. The coated substrates were then
subjected to body fluid immersion tests in order to measure their ion release quantitatively
in addition to their microstructural properties. The results indicated that by increasing the
deposition duration from 20 minutes to 60 minutes, the coating thickness increased from
360 nm to 1 um. By increasing the coating thickness, the films became denser, and
significant grain growth of silver occurred. Such changes can affect the antibacterial
properties since it depends on the coating properties. The ion release of films on the three
HEA substrates was measured by ICP-MS for three coating durations which indicated

that.

3.2  Materials and methods

The silver target was prepared by vacuum arc melting with 99.99% purity in the form
of a disk with a diameter of 50.8 mm and a thickness of 6.3 mm. Three different high
entropy alloy substrates with 99.9% purity and compositions shown in Table 3.1 were
produced by vacuum arc melting method with thicknesses of 6.1 mm and 50.1 diameters.
The disks were then cut in the dimensions of 10mm X 5Smm X 1mm bilk samples by wire
electrical discharge (EDM) machining. Nine substrate specimens (three from each alloy)
surface were prepared by the metallographic method using a series of SiC grinding papers
up to 2500 grit, followed by cloth polishing with 0.3 um alumina suspension. In order to
remove any contamination remaining on the surfaces, the specimens were ultrasonically

cleaned by immersing them for 20 minutes in ethanol, acetone, and then deionized water.
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Table 3.1: Nominal and actual chemical compositions (at %) of HEAs analyzed
using EDX analysis
TiTaHfNb TiTaHfNbZr TiTaHfMoZr
Nominal Actual Nominal Actual Nominal Actual
Ti 50 52.69 20 21.72 20 21.99
Ta 16.7 16.04 20 18.69 20 20.08
Hf 16.7 15.78 20 18.74 20 19.68
Nb 16.7 15.49 20 18.97 0 0
Zr 0 0 20 21.88 20 19.95
Mo 0 0 0 0 20 18.30

The silver coatings were deposited on the HEA substrates and silicon wafers utilizing
RF magnetron sputtering by Nanovak NVTS-400. Surface characteristics and
biocompatibility experiments were performed on the HEA substrates coated with silver.
The cross-sectional inspections were carried out on the silicon wafers coated by silver
under the same conditions with HEA substrates in order to simplify the sample
preparation. The silver target was firstly pre-sputtered by Ar plasma to remove the surface
impurities. The deposition process was done at room temperature under Argon
atmosphere with the base pressure of 1x10* Pa, and the constant flow of 10 standard
cubic centimeters per minute (SCCM), and work Argon pressure of 2 Pa. The magnetron
power was set at 100 W, and the deposition rate was approximately 3 A/s. The three
different thicknesses were adjusted by varying the deposition time from 20 minutes to 60
minutes.

The microstructures and elemental distribution of the samples surface both prior to

and after the coating process. The cross-section of films was investigated by a field
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emission scanning electron microscope (SEM, Zeiss, Ultra Plus) and energy-dispersive
X-ray spectroscopy (EDX), respectively. The present phases of the substrates were
characterized by an X-ray diffractometer (XRD, Bruker D8 Advance) with Cu Ka
radiation ranging from 5° to 90°. A grazing incidence X-ray diffraction (GIXRD) was
utilized for the deposited films ranging from 20° to 80° with a 1° step size.

The coated samples were immersed in an simulated body fluid (SBF) solution with
the composition shown in Table 3.2 [94] at Ph of 7.4 for 14 days inside polypropylene
sealed tubes for the static immersion experiments. The solutions were kept at a constant
temperature of 37° electronically controlled by a water bath to simulate the human body
temperature and investigate its effect on corrosion. The required amount of solution for
each sample was calculated according to the ratio of the volume-to-surface area of 20
ml/cm?. After the immersion experiments, the metallic ion release from the coated
samples was measured by an Agilent 7700x inductively coupled plasma mass
spectrometer (ICP-MS). The compositions of oxide films forming on the coatings after
immersion tests were measured by A Thermo-Scientific K-Alpha X-Ray Photoelectron

Spectrometer (XPS).

Table 3.2: Order and amounts of ingredients for preparing 1000 ml of SBF

Order Ingredients Amount
1 NaCl 8.035¢
2 NaHCO3 0.355¢
3 KCl 0225 ¢
4 K>HPO4.3H;0O 0231 ¢g
5 MgClL.6H.O 0311¢g
6 1.0m-HCl 39 ml
7 CaClz 0292 ¢
8 NaxSOq4 0.072 g
9 Tris 6.118 g
10 1.0m-HCl 0-5 ml
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3.3  Results and discussion

3.3.1 Microstructural characterizations

The XRD patterns of TiTaHfNb, TiTaHfNbZr, and TiTaHfMoZr HEA substrates
and their crystal plane indices and peaks information are presented in Figure 3./ and Table
3.3, respectively. Accordingly, all the HEAs consist of a single BCC phase, and the lattice
parameters correspond to TiTaHfNb, TiTaHfNbZr, and TiTaHfMoZr, respectively. The
XRD pattern of the silver coating measured by GIXRD because of their very thin
thickness for more accuracy is provided in Figure 3.2. The patterns were taken for all
three coating thicknesses, indicating that the silver coating is an FCC phase with lattice

parameters and peaks information given in Table 3.4.
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Figure 3.1: XRD results of as-cast (a) TiTaHfNb, (b) TiTaHfNbZr, and (c)
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Table 3.3: Summary of parameters extracted from XRD patterns of HEAs

Lattice parameter

Specimen Peak number 20/ (°) .
(A)
1 38.12 3.33
TiTaHfNb 2 54.73
3 68.75
1 37.91
TiTaHfNbZr 2 54.68 3.34
3 81.02
1 37.70
TiTaHfMoZr 2 38.54 3.36
3 54.26
400 =
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300
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Figure 3.2: GIXRD result of silver- coated on HEA
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Table 3.4: Summary of parameters extracted from GIXRD patterns of sliver

coatings obtained at three deposition durations

Specimen Peak number 26/ (°) Lattice parameter (A)

1 38.18

Silver 20 minutes 2 42.68
. 4.07

coating 3 64.61

4 77.47

1 38.17

Silver 40 minutes 2 42.72
4.09

coating 3 64.23

4 73.17

1 38.24

Silver 60 minutes 2 44 .44
4.06

coating 3 64.58

4 77.58

The surface morphology of the bulk HEAs is investigated by SEM analysis indicating

the prepared specimens are composed of a single-phase and also the smooth surface of

substrates prior to the coating process, as illustrated in Figure 3.3. Figure 3.4 shows the

silver coatings at deposition durations of 10, 20, and 60 minutes revealing the

homogenous coating on all the substrates. By increasing the deposition time while all the

other parameters were kept constant, the thickness of the coating increased relatively

linearly, as shown in Figure 3.5. The increasing of coating thickness might lead to

enhancing the antibacterial performance since it leads to larger amounts of silver ion

release. It has been reported that the antibacterial effect mainly depends on the total

amount of silver released from the coating, which contributes to the antibacterial

performance [93].
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Figure 3.3: SEM images of substrates prior to coatings (a) TiTaHfNb (b)
TiTaHfNbZr (c) TiTaHfMoZr
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(@

716 nm thick Ag film

1000 nm thick Ag film

Figure 3.4: SEM images of silver films at deposition durations of: (a) 20 minutes on
HEA substrate plane view (b) 20 minutes cross-sectional view on silicon (c) 40 minutes
on HEA substrate plane view (c) 40 minutes cross-sectional view on silicon (d) 60

minutes on HEA substrate plane view (e) 60 minutes cross-sectional view on silicon
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Figure 3.5: Silver thickness vs. deposition time obtained on HEA substrates

The SEM images reveal that the prolonged deposition time led to increasing the grain
size significantly. It is known that by increasing the magnetron deposition duration, the
silver particles aggregate more and become denser on the substrate. Thus, the collision
probability between the sputtered silver particles and the deposited particles significantly
increases which as a result contributes to a larger grain size [93]. Furthermore, it is also
known that grain growth may occur when the coating grain size is smaller than the film
thickness, which is also the case in this study. In such a case, grain growth happens, which
is dominated by surface diffusion mass transport since there are no opposing terms such
as grooving or curvature driven growth [95]. Another possible explanation of grain
growth by increasing deposition duration might be due to the continuous accumulation of
silver nanoparticles at longer deposition periods. This phenomenon can cause fewer
nucleation sites available on the substrate, which will result in limiting the new smaller
grains formation [96]. The accumulated silver particles might also be fused together and
create larger crystalline grains. On the other hand, the longer deposition time resulted in
more coverage of silver coatings on the substrates, which can lead to a larger release of

Ag ions and thus improve the antibacterial activity.
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Figure 3.6: Cross-sectional view of silver coating on HEA at deposition time of 60

minutes

One of the common features of the metallic films is cauliflower-like grains [97]
which are also observed in the coating of this study, as shown in Figure 3.4 and. These
grain shapes can be caused by nodular growth, which is a common feature in thick
coatings. Nodules grow within a columnar structure and appear to the surface as dome-
shaped tops and form various overgrowths. These nodules can emerge as individuals or
grow together and overlap and create complex aggregates, which leads to cauliflower-
like structures. The columnar structure was observed in the coatings with 60 minutes
deposition duration, as shown in Figure 3.6. It is reported that these nodules are dependent
on the coating thickness and their height and width grows as the coating thickness
increases. It is also shown that nodular growth is mainly associated with surface defects

such as steps, ledges, and impurities rather than surface stresses [72].

3.3.2 Biocompatibility characterization

As seen in Figure 3.7, the SEM micrographs of TiTaHfNb samples with three different
coatings, indicate a highly corroded surface following 14 days immersion in SBF. Figure
3.7 (a) and (b) shows that the silver coating was negatively affected by SBF through the
thickness which caused cracks on the coating that may result in pitting corrosion in long
term application. It can also be seen in Figure 3.4 (c) to (f) that by increasing the coating
thickness the cracks and holes of the coating created by immersion reduced. It has been
reported that the silver coating thickness was the most important factor in corrosion
resistance for both silver and substrate such that the thinner coatings results in less

corrosion resistance [98]. On the other hand, the SBF solution can be inContact with the
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HEAs substrates through the cracks of the silver coatings that can cause substrates
corrosion as well. Several studies demonstrated that chloride ion present in SBF have
significant effect on corrosion of metals including HEAs [99]. HEAs are susceptive to
pitting corrosion in chloride environments due to their lower pitting potential and

narrower range of potentials in passive region.

Figure 3.7: SEM micrographs of the TiTaHfNb coated surfaces by Ag following
immersion for 14 days in SBF (a), (b): 20 minutes coating, (c), (d): 40 minutes coating,
(e), (f): 60 minutes coating

As shown in Figure 3.8, SBF contains very similar amount of ion concentration for all

three HEA substrates after immersion for all different coating thicknesses indicating that
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coating thickness does not have a significant effect on substrates ion release. It can also
be seen that the release of Ag ions increased by increasing the deposition duration which
contributes to higher thickness of coatings and thus higher amount of silver on substrates.
As illustrated in Figure 3.8 (c), TiTaHfMoZr showed significantly higher amount of ion
release into SBF which can be attributed to the presence of Mo in the alloy and

nonhomogeneous distribution of components.
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Figure 3.8: Total ion concentrations of Ag coatings and (a) Ti, Ta and Nb released
from TiTaHfNb; (b) Ti, Ta, Nb and Zr released from TiTaHfNbZr; and (c) Ti, Ta, Nb,
Mo and Zr released from TiTaHfMoZr. From immersion in SBF for 14 days.

The back scattered electron (BSE) images of TiTaHfMoZr presented in Figure 3.9 shows
a dendritic structure that coexistence of two regions illustrated in black and white colors.
The dendritic structure may be formed during solidification process due to
inhomogeneous distribution of elements [16]. As illustrated by EDX analysis in Figure
3.9 (b) and (d), the dendrites observed within darker region consist of heavier elements

and are Ta-rich with higher melting point that leads to their earlier crystallization where
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inter-dendrite area is Zr-rich [100]. Figure 3.8 (c), indicates higher ion release of the HEA
containing Mo than the other two substrates which can be due to the preferred corrosion
of inter-dendrite phase over the dendrites because of their compositional difference. In
addition, the significant higher amount of ion release from TiTaHfMoZr can be also
attributed to the replacement of Nb by Mo, since Nb performs as a stabilizer which

prohibits the release of ions [101, 102].

Figure 3.9: EDX analysis results of the as-received TiTaHfMoZr sample: (a) and
(c) BSE image of the nonhomogeneous region. (b) and (d) Red regions represent Zr-rich
areas and green regions represent Ta-rich areas.

In order to investigate the ion release more thoroughly and clarify the formation of passive
oxide layers on the coatings after the immersion experiments, an XPS analysis was
performed. Examination of the XPS results on the coated samples following 14 days of
immersion in SBF (Figure 3.10) revealed that only silver and silver oxides exist on the
surface until 600 s etching time. Consequently, one can conclude that all the coatings

covered the substrates completely and no oxides of substrates were observed.
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Figure 3.10: XPS depth profiles of silver coatings with 60 minutes deposition
duration following 14 days immersion in SBF (a) Silver peaks after 600 s etch time, (b)
Oxygen peak with no etching

The 3D AFM surface topography images of the three different silver coatings are shown
in Figure 3.11. The roughness measurements for the coatings with 20, 40, and 60 minutes
deposition duration are 5.75 nm, 8.20 nm, and 46.3 nm respectively. As it is illustrated,
by increasing the deposition time the coatings roughness values increase dramatically. It
has been reported that for thin films, by increasing the surface roughness the coefficient
of friction and wear rate generally decreases [97] which can enhance the antibacterial

properties since the coating can remain on the substrate for longer durations.

Figure 3.11: The 3D AFM images of silver coatings: (a) 20 minutes deposition
duration, (b) 40 minutes deposition duration, (c) 60 minutes deposition duration.
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Chapter 4:
CONCLUSION

In this study, silver coatings were deposited on three different biocompatible high
entropy alloys in order to introduce antibacterial properties to the substrates. The coatings
were deposited at three different thicknesses by adjusting the PVD device parameters. It
can be seen from the SEM images that by increasing the deposition duration, a significant
grain growth occurred. The grain growth phenomenon might have happened due to
various reasons, such as increasing the collision of silver particles and accumulation of
them by increasing the deposition time. Furthermore, the coated specimen was immersed
in an SBF solution to evaluate the ion release of substrates and their coating. The ion
release measurements revealed that the Ag ion release increased by increasing the
deposition time and thus silver thickness as expected. The higher amount of Ag ions
enhances the antibacterial effect of the alloy. It was also seen that the ion release of the
HEA substrates did not affect by coating thickness, and they all presented relatively same
amount of ion release. TiTaHfMoZr exhibited the highest amount of ion release which
were mainly Mo ions that may be related to the dendritic structure and inhomogeneous
microstructure of the alloy and thus more susceptive to pitting corrosion. The XPS results
of coatings after immersion tests revealed that all of the coatings with different
thicknesses covered the substrates completely and no peaks from them was observed. The
AFM measurements on the coatings showed that by increasing the deposition duration
and the coating thickness, the roughness of the surfaces are increasing which might

decrease the wear rate.
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Elements Density | Surface Energy | Atomic Melting Pauling
(kg/m3) (J/m2) Radii (A) point C electronegativity

Rb 1.532 0.104 2.65 39.3 0.82
Cs 1.873 0.082 2.98 28.4 0.79
Be 1.847 1.834 1.12 1282.9 1.57
Sr 2.45 0.428 2.19 768.9 0.95
Ba 3.594 0.376 2.53 728.9 0.89
Y 4.496 1.506 2.12 1521.9 1.22
Ti 4.54 2.632 1.76 1668 1.54
Zr 6.506 2.26 2.06 1854.7 1.33
Hf 13.31 2.472 2.08 2229.9 1.3
\Y 6.16 3.285 1.71 1886.9 1.63
Nb 8.57 2.685 1.98 2467.9 1.6
Ta 16.65 3.084 2 2995.9 1.5
Cr 7.19 3.505 1.66 1856.9 1.66
Mo 10.22 3.454 1.9 2621.8 2.16
W 19.3 4.005 1.93 3413.8 2.36
Mn 7.44 3.1 1.61 1243.9 1.55
Fe 7.874 2.43 1.56 1534.9 1.83
Ru 12.37 3.928 1.78 2336.9 2.2
Co 8.9 2.595 1.52 1454.9 1.88
Rh 12.41 2.472 1.73 1963.9 2.28
Ir 22.65 2971 1.8 2409.9 2.2
Ni 8.902 2.011 1.49 1452.9 1.91
Pd 12.02 1.92 1.69 554.9 2.2
Cu 8.96 1.952 1.45 1084.6 1.9
Ag 10.5 1.172 1.65 961.78 1.93
Zn 7.133 0.989 1.42 419.52 1.65
Cd 8.65 0.593 1.61 321 1.69
Al 2.699 1.199 1.18 660.32 1.61
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In 7.31 0.488 1.56 156.59 1.78
Sn 7.298 0.611 1.45 231.93 1.96
Sb 6.696 0.608 1.33 630.7 2.05
Bi 9.747 0.537 1.43 2714 2.02
No-of Youngs Poisson's ratio IC50_1.929 | IC50_MC3T3
valance e | Modulus (GPa)
1 2.35 0.35 1100 3520
1 1.69 0.295 3530 1320
2 318 0.075 94.2 2.28
2 15.7 0.28 11500 1080
2 12.8 0.28 2110 1260
3 63.5 0.27 254 142
4 120.2 0.36 1090 871
4 97.1 0.33 1640 2830
4 141 0.26 1160 933
5 127.6 0.37 2.82 2.25
5 104.9 0.39 3630 1470
5 185.7 0.35 1880 2060
6 279 0.21 743 12.7
6 324.8 0.3 1190 3520
6 411 0.3 622 320
7 191 0.24 45.9 38.1
8 208.2 0.29 5420 328
8 432 0.25 5850 999
9 243 0.29 81.2 11.2
9 379 0.26 407 214
9 528 0.26 151 12
10 199.5 0.31 106 52.2
10 121 0.39 174 558
11 129.8 0.343 274 34
11 82.7 0.37 4.25 2.77
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12 104.5 0.25 92.8 90
12 62.6 0.29 2.51 1.36
3 70.2 0.345 4180 2920
3 10.6 0.45 145 2.03
4 49.9 0.33 141 25
5 54.7 0.25 16.8 2.49
5 34 0.33 764 12
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