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ABSTRACT 

Machine Learning Assisted Design of Biomedical High Entropy Alloys with 

Low Elastic Modulus for Orthopedic Applications 

Hüseyin Can Özdemir 

Doctor of Philosophy in Mechanical Engineering 

June 5, 2024 

 

High entropy alloys (HEAs) have received considerable attention from the scientific 
community since the 2000s due to their excellent properties and potential to be used in 
various structural and functional applications. HEAs consist of multi-principal elements 
governing their final properties in addition to manufacturing methods and heat-treatment 
processes compared to traditional alloys, whose properties are governed by one main 
principal element. Therefore, understanding the effect of each element on the properties 
of HEAs is a complex process. Due to the “cocktail effect”, one of the core four effects 
of HEAs, HEAs can attain unpredictable and outstanding performance superior to the 
performance of all constituent elements. Because HEAs consist of multiple elements, 
thousands of possible compositions can be developed, giving rise to different properties 
for the same family of HEAs. Hence, conventional trial-and-error methods become costly 
and inefficient in discovering new HEAs. A solution to this issue is using computational 
methods, such as density functional theory (DFT), molecular dynamics (MD), or machine 
learning (ML). However, DFT and MD are computationally expensive and time-
consuming. On the contrary, ML is an efficient tool for establishing complex and non-
linear relations between inputs and target property, making the new HEA discovery 
process faster and cheaper. In this thesis, three new biomedical HEAs, namely, 
Hf27Nb12Ta10Ti23Zr28, Hf30Nb14Ta10Ti28Zr18, and Hf12Nb16Ta35Ti29Zr8 were designed and 
developed utilizing ML. In the first chapter, Hf27Nb12Ta10Ti23Zr28 and 
Hf30Nb14Ta10Ti28Zr18 HEAs with low elastic modulus, closer to that of the bone, were 
predicted to reduce the “stress shielding” effect between the bone and implant material. 
Predictions were validated through experimental methods. In the second chapter, in order 
to enhance the antibacterial properties of HEAs developed in the previous chapter, they 
were coated with Ag via Physical Vapor Deposition (PVD). Specifically, the effect of 
PVD process parameters on Ag coatings' mechanical and ion release behavior was 
investigated. In the following chapter, the microstructure, surface oxide layer properties, 
and corrosion behavior of Hf27Nb12Ta10Ti23Zr28 and Hf30Nb14Ta10Ti28Zr18 HEAs were 
studied, revealing that they exposed superior corrosion behavior in simulated body fluid 
(SBF) and artificial saliva (AS) compared to conventional implant material, CoCrMo. 
Lastly, a new corrosion-resistant biomedical Hf12Nb16Ta35Ti29Zr8 HEA was developed 
utilizing ML in the fourth chapter. It was found that the produced ingot had a dendritic 
microstructure in the center and a homogeneous microstructure around the circumference. 
Samples cut from the homogenous part of the ingot showed outstanding corrosion 
resistance as opposed to the samples with dendritic microstructure and conventional 
implant material, CoCrMo. Overall, the findings of the thesis prove that ML methods can 
be utilized to discover new HEAs with desired properties. 
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ÖZETÇE 

Ortopedik Uygulamalar için Düşük Elastik Modüle Sahip Biyomedikal 

Yüksek Entropili Alaşımların Makine Öğrenimi Destekli Tasarımı 

Hüseyin Can Özdemir 

Makina Mühendisliği, Doktora 

5 Haziran 2024 

 

Yüksek entropili alaşımlar (HEA'lar), mükemmel özellikleri ve çeşitli yapısal ve 
fonksiyonel uygulamalarda kullanılma potansiyelleri nedeniyle 2000'li yıllardan beri 
bilim camiasından büyük ilgisini görmektedir. HEA'lar, özellikleri tek bir element 
tarafından yönetilen geleneksel alaşımlarla karşılaştırıldığında, üretim yöntemleri ve ısıl 
işlem süreçlerine ek olarak nihai özelliklerini belirleyen birden çok elementten oluşur. Bu 
nedenle, her bir elementin HEA 'ların özellikleri üzerindeki etkisini anlamak karmaşık bir 
süreçtir. HEA'ların dört temel etkisinden biri olan "kokteyl etkisi" nedeniyle, HEA'lar, 
tüm bileşen elemanlarının performansından daha üstün, öngörülemeyen ve olağanüstü 
performans gösterebilir. HEA'lar birden fazla elementten oluştuğundan, aynı HEA ailesi 
için farklı özelliklere yol açacak şekilde binlerce olası bileşim geliştirilebilir. Bu nedenle, 
geleneksel deneme-yanılma yöntemleri, yeni HEA'ların keşfedilmesinde maliyetli ve 
verimsiz hale gelmektedir. Bu soruna bir çözüm, yoğunluk fonksiyonel teorisi (DFT), 
moleküler dinamik (MD) veya makine öğrenimi (ML) gibi hesaplamalı yöntemlerin 
kullanılmasıdır. Ancak DFT ve MD hesaplama açısından pahalı ve zaman alıcıdır. 
Aksine, ML, girdiler ve hedef özellik arasında karmaşık ve doğrusal olmayan ilişkiler 
kurmak için etkili bir araçtır ve yeni HEA keşif sürecini daha hızlı ve daha ucuz hale 
getirir. Bu tezde, ML kullanılarak Hf27Nb12Ta10Ti23Zr28, Hf30Nb14Ta10Ti28Zr18, ve 
Hf12Nb16Ta35Ti29Zr8 olmak üzere üç yeni biyomedikal HEA tasarlanmış ve geliştirildi. 
İlk bölümde, kemik ile implant malzemesi arasındaki "stres kalkanı" etkisini azaltmak 
için; kemiğe yakın, düşük elastik modüle sahip Hf27Nb12Ta10Ti23Zr28 ve 
Hf30Nb14Ta10Ti28Zr18 HEA'lar tahmin edildi. Tahminler ayrıca deneysel yöntemlerle 
doğrulandı. İkinci bölümde, bir önceki bölümde geliştirilen HEA'ların anti bakteriyel 
özelliklerini iyileştirmek amacıyla Fiziksel Buhar Biriktirme (PVD) yöntemiyle Ag ile 
kaplandı. Spesifik olarak, PVD proses parametrelerinin Ag kaplamaların mekanik ve iyon 
salınım davranışı üzerindeki etkisi araştırıldı. Bir sonraki bölümde, Hf30Nb14Ta10Ti28Zr18, 
ve Hf12Nb16Ta35Ti29Zr8 HEA'ların mikro yapısı, yüzey oksit tabakası özellikleri ve 
korozyon davranışları incelendi ve geleneksel implant malzemesine CoCrMo’a kıyasla 
simüle edilmiş vücut sıvısı (SBF) ve yapay tükürükte (AS) üstün korozyon davranışı 
sergiledikleri ortaya çıkarıldı. Son olarak dördüncü bölümde ML kullanılarak korozyona 
dayanıklı yeni bir biyomedikal Hf12Nb16Ta35Ti29Zr8 HEA geliştirildi. Üretilen külçenin 
merkezinde dendritik bir mikro yapıya, çevresinde ise homojen bir mikro yapıya sahip 
olduğu tespit edildi. Külçenin homojen kısmından kesilen numuneler, dendritik mikro 
yapıya sahip numunelerin ve geleneksel implant malzemesi CoCrMo'un aksine 
olağanüstü korozyon direnci gösterdi. Genel olarak bu tezin bulguları, istenilen 
özelliklere sahip yeni HEA'ların keşfedilmesinde ML yöntemlerinin kullanılabileceğini 
kanıtlamaktadır. 
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Chapter 1:  

INTRODUCTION 

1.1 High Entropy Alloys (HEAs) 

High Entropy Alloys (HEA), also known as multi-principal element alloys (MPEA), 

started to become popular and get an immense amount of attention from the scientific 

community within the last two decades. The original idea suggests that these alloys have 

outstanding mechanical, physical, and chemical properties along with high thermal 

stability at elevated temperatures due to the high configurational entropy they possess, 

leading to a single solid solution phase [1,2]. The initial work on MPEAs was done in the 

late 1970s by an undergraduate student, which led to the first published paper on the 

subject by Cantor et al. in 2004 [1].  

There are two different explanations in the literature regarding the definition of 

HEAs, but the most famous is the concept of high configurational entropy. Basically, it 

divides HEAs into low, medium, and high entropy categories based on the total 

configurational molar entropy in an ideal solid solution. An entropy lower than 0.69R, 

between 0.69R and 1.61R, and higher than 1.61R means Low Entropy Alloy, Medium 

Entropy Alloy, and HEA, respectively, where R is the gas constant. The other definition 

is the composition-based definition, where HEAs are defined as alloys containing five or 

more principal elements with near equimolar ratios. Though the equimolar ratios 

maximize the high entropy effect, the composition-based definition states that these alloys 

have multi-principal elements, with each element’s composition being between 5-35 at.% 

[3]. However, HEAs containing minor alloying elements, which do not comply with the 

composition-based definition, have also been studied in the literature over the years in 

order to optimize the properties of HEAs [4], expanding the possible number of HEAs 

that can be designed and manufactured. 

1.1.1 Four core effects for HEAs 

In order to explain and rationalize the excellent properties of HEAs, four core effects 

were proposed: 
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The high entropy effect: 

As mentioned above, the high entropy effect is the key concept of HEAs, which 

basically claims that the high configurational entropy, caused by mixing more than five 

or more elements in equimolar ratios, favors the formation of solid solution phases over 

intermetallic compounds. As a result, the Gibbs free energy of a single solid solution is 

minimized, i.e., its Gibbs free energy becomes smaller compared to the Gibbs free energy 

of an intermetallic compound. More specifically, the Gibbs free energy of a system is 

defined by the following formula: 

 𝐺 = 𝐻 − 𝑇𝑆 (1.1) 

where 𝐺 is the Gibbs free energy, 𝐻 is the enthalpy, 𝑇 is temperature, and 𝑆 is the entropy. 

Therefore, 𝐺!"#$%	!"#'($") <	𝐺$)(*+,*(-##$. is obtained due to a high 𝑆.")/$0'+-($")-#, 

which favors the solid solution formation in HEAs. Nevertheless, it should be noted that 

the configurational term is assumed to dominate during entropy calculations in HEAs, 

ignoring the vibrational, electronic, and magnetic terms [2,3]. Actually, a big portion of 

HEAs produced until now have been shown to form intermetallic phases, although they 

had a high configurational entropy [5].  

 

The lattice distortion effect: 

The introduction of substitutional atoms into a solvent matrix results in the movement 

of neighboring atoms from their ideal positions, generating a strain field and changing the 

bulk properties of the materials. Actually, severe lattice distortion in HEAs stems from 

the different atomic radii of atoms, causing a high mismatch of radii among the 

constituent elements [3,6]. The severe lattice distortion concept suggests that the lattice 

mismatch in HEAs is higher than conventional alloys, as shown with a schematic in 

Figure 1.1, resulting in proposed excellent mechanical properties. It has been claimed that 

the local increase in the lattice straining due to lattice distortion effect causes a decrease 

in the peak intensity of X-ray diffraction (XRD) peaks of HEAs [7,8]. This is expected as 

increased local lattice straining decreases diffraction peak intensity while more 

homogenous lattice strains do not cause XRD peak broadening as in the case of HEAs 

[9,10].  Moreover, severe lattice distortion is claimed to reduce electrical and thermal 

conductivity and increase hardness. However, there is still no clear and enough 

investigation to understand and distinguish the degree of the effect of each four core on 

these properties [3]. For instance, Stepanov et al. reported that single FCC phase 
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Fe40Mn28Ni32-xCrx (x=4, 12, 18, 24 at.%) HEAs showed low yield strengths between 200 

and 350 MPa, proving that these results cannot be explained by the lattice distortion effect 

[11]. 

 

 
Figure 1-1: An example of lattice structure of (a) ideal single element alloy and (b) HEAs. 

The different colors in (b) designate different elements with different sizes. 

The sluggish diffusion effect: 

The diffusion in HEAs is acknowledged as sluggish compared to conventional alloys 

such as steel. The reason for such a definition comes from the observation of 

nanoprecipitations in the microstructure the investigated HEAs, alluding that formation 

of these precipitations are easy, but they grow slowly. Thus, slow diffusion contributes to 

the high temperature stability in these alloys based on the qualitative observations. Yeh 

et al. claimed that sluggish diffusion in HEAs stems from the different potential energies 

of lattice sites, whereas in pure element or dilute solid solution, the potential energy does 

not fluctuate as drastically as it does in the case of HEAs. As a result, there are lattice 

sites in HEAs where only the bonding for specific diffusing species is preferable 

compared to other constituent elements. Thus, lattice sites with varying potential energy 

in HEAs act as traps, slowing down diffusion [12].  

 

The cocktail effect: 

The cocktail effect proposes that unexpected and remarkable properties can be 

obtained as a result of the mixing of multi-principal elements, where the resulting 

properties are unpredictable and better than the properties of constituent elements. This 

effect suggests that properties of HEAs can be modified by changing the composition of 
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an alloy family, i.e., the different synergy among the elements in various contents can 

lead to obtaining varying properties in an alloy family [13]. For example, Kao et al. 

showed that the hardness of AlxCoCrFeNi (0 ≤ x ≤ 2) changed between 110 and 510 HV 

with altered Al content. Specifically, the increasing Al content brought about a transition 

of the microstructure from face-centered cubic (FCC) to body-centered cubic (BCC) + 

FCC and then BCC structure, leading to an increase in both lattice parameters and 

hardness of the designed alloys [14]. 

1.2 Potential applications of HEAs  

There are numerous industries in which HEAs can be utilized, such as automotive, 

aerospace, nuclear reactors, machine tools, biomedical, electronics, and marine 

applications. Considering all of these applications, multiple structural and functional 

properties of HEAs should be tuned simultaneously, such as strength, toughness, wear 

resistance, oxidation, microstructural stability, corrosion resistance, radiation damage 

resistance, soft and hard magnetic properties, creep resistance, catalytic reactivity, and 

stability. In this section of the introduction, some of the most popular application areas of 

HEAs will be discussed. 

1.2.1 Nuclear applications 

Advanced power energy systems are required for sustainable clean energy 

production and reduction in the emission of greenhouse gases. Especially, fusion reactors, 

being an advanced power energy system, operate under very harsh conditions; thus, they 

require materials that can withstand extreme operating conditions, such as high 

temperature, radiation, and stress [15]. The conventional materials used in nuclear 

applications are austenitic stainless steels (304L), V-based, or W-based. The materials 

being used in nuclear applications are being exposed to harsh operating conditions, 

causing failures, including irradiation hardening, swelling, irradiation-induced 

segregation and phase transformation, irradiation creep, and helium bubble formation 

[16,17]. Therefore, new materials are needed to increase the efficiency of reactors and 

achieve sustainable clean energy production.  

It has been proposed that HEAs exhibit very promising irradiation resistance. The 

reason for this is attributed to their sluggish diffusion mechanism restricts the movement 
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of atoms implanted by irradiation. The term ‘self-healing’ mechanism is used to account 

for the improved radiation of HEAs. To elaborate, the electrical and thermal conductivity 

are reduced due to the decrease in the mean free path of the electrons because of the 

increase in the number of components in HEAs. Actually, the short-range movement of 

interstitial clusters increments the recombination rate of vacancy and interstitials, 

hindering pore swelling in concentrated solid-solution alloys [18–20]. In short, while 

chemical disorder increases the chance of the recombination of vacancies and interstitial 

atoms, both chemical disorder and lattice distortion elevates the energy levels for 

formation of vacancies, and also obstructs their migration. Hence, general irradiation 

resistance is enhanced in HEAs as opposed to conventional nuclear materials [20]. 

In general, it has been acknowledged that BCC HEAs are better at resisting 

irradiation induced defects as opposed to FCC ones [20]. However, an FCC HEA 

(AlxCrFeCoNi) demonstrated less swelling compared to its BCC counterparts; though, it 

had more ordered structures and lower configurational entropy [21]. Although, BCC or 

multi-phase HEAs are more resistant to irradiation induced hardening, due to larger 

stacking fault energy and higher lattice distortion, than FCC HEAs, their high intrinsic 

hardness makes them even more vulnerable to brittle fracture after irradiation [17,22]. On 

the other hand, some HEAs, such as the FCC CrFeCoNiPd  and FCC CrMnFeCoNi 

demonstrated 0.31% volume swelling at 38 dpa at a temperature of 580 °C and 0.10% 

volume swelling at 60 dpa at a temperature of 500 °C, respectively, which is a decrease 

of two orders of magnitude as opposed to the pure nickel irradiated under similar 

conditions [23]. Most of the work about the investigation of irradiation hardening have 

been performed on CrFeMnNi, AlxCrFeCoNi, as well as Cantor-based alloys. Though, 

various refractory HEAs containing W, Ta, Ti, V, Cr, Hf, and Zr were also investigated 

[20]. For instance, HfTaTiVZr HEA demonstrated superior irradiation hardening 

resistance compared to 304 stainless steel [18,24].  

1.2.2 High-temperature applications 

Reducing fuel consumption and increasing working efficiency of an engine requires 

engines operating at higher temperatures than the current conventional materials have 

been operating. Therefore, there is a need for developing new novel materials that can 

withstand high temperatures with an excellent microstructure stability and mechanical 
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properties [25,26]. One of the alloy family being used in high temperature applications is 

Ni-based superalloys, the operating temperature range of which is restricted due to their 

melting temperatures being around 1300 °C [27].  

The common Ni-based and Co-based superalloys consist of ɣ and ɣʹ phases, where 

FCC ɣ phase forms a continuous matrix with ɣʹ precipitates with L12 structure residing 

in the matrix [28]. Microstructural stability is one of the important characteristics required 

for high temperature materials. Ni-based super alloys are generally not stable at high 

temperatures, where high Fe content initiates the formation of Fe-Cr rich phases at 900 

°C. Moreover, Ni-based superalloys with no Fe and low Cr content experience β phase 

formation suddenly at 900 °C. On the other hand, HEAs have higher microstructural 

stabilities at higher temperatures because of high entropy and sluggish diffusion effects, 

as opposed to conventional superalloys [29]. For example, precipitation or other kind of 

phase formations were not observed in Al0.7Co20.6Cr12.2Fe11.5Ni40.7Ti7.2 after isothermal 

aging at 1050 °C for 500h [30]. These Ni containing alloys are also being called as high 

entropy superalloys in the literature. Therefore, phase stability at higher temperatures 

should be investigated more in depth to understand the maximum temperatures that these 

new materials can operate safely [29]. 	

In addition to good microstructural stability at high temperatures, some refractory 

HEAs exhibited outstanding mechanical properties at elevated temperatures. The 

refractory HEAs, namely, NbMoTaW and VNbMoTaW, proposed by Senkov et al. have 

an exceptional yield strength over 400 MPa at 1600 °C [31,32]. On the contrary, Inconel 

718 softens above 600 °C, which is a drive for motivation to investigate these refractory 

HEAs in depth. Furthermore, grain boundary sliding and driving force for the 

recrystallization at high temperature are suppressed in especially refractory HEAs due to 

sluggish diffusion and lattice distortion effects [29]. On the other hand, one issue with the 

refractory HEAs is the very poor ductility. For instance, NbMoTaW and VNbMoTaW 

demonstrated a compressive plasticity of 2.6% and 1.7% at room temperature 

respectively [31,32]. Other refractory HEAs, such as Hf0.5Nb0.5Ta0.5Ti1.5Zr [33], 

HfNbTiZr [34], and HfNbTaTiZr [35] showed 18.8%, 14.9%, and 7% tensile elongation, 

respectively.  

Another problem at elevated temperature is oxidation, which degrades the material 

properties [26,29]. Some of the elements, such as V, Mo, and W, that are present in the 

composition of the materials being used at elevated temperatures have very volatile 
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oxides that deteriorates the general oxidation resistance of the refractory alloys. V2O5 has 

a melting point of 690 °C, which is very low and, therefore volatilizes at high 

temperatures very easily. Mo forms gaseous oxides above 800 °C, which evaporates 

quickly. Lastly, the evaporation of WO3 occurs above 1150 °C. The evaporation of the 

oxides creates pores in the oxide scales which promotes the diffusion of oxygen inside 

the bulk metal. Compared to conventional refractory alloys, it is suggested that refractory 

HEAs have better oxidation resistance due to formation of complex oxides and slow 

diffusion of oxygen because of highly alloying [29]. Moreover, when there is Cr and Al 

in the composition, Cr2O3 and Al2O3 can prevent the oxides of refractory elements from 

evaporating [36]. 

1.2.3 Hydrogen storage 

Hydrogen can be used as a clean sustainable fuel instead of fossil fuels, which are 

the main reason for environmental pollution. The main issue with using hydrogen to 

produce clean energy is to store it. The efficient hydrogen storage problem is an ongoing 

challenge that scientists and engineers are trying to solve [37]. Hydrogen can be stored in 

form of gas, liquid, and/or metal-based hydrides. Storing hydrogen in gaseous form 

required high pressure and volume, which makes in efficient and dangerous for non-

stationary applications as hydrogen is highly flammable gas. The safest way to store 

hydrogen is in the form of metal hydride, but metal hydrides are inefficient one way or 

another, opening the way for discovery of new novel hydrogen storage materials [38].  

The desirable characteristics for hydrogen storage materials are high gravimetric, 

high-volume capacity, fast absorption/desorption rate, and good hydrogen 

absorption/desorption temperature and pressure [38]. The most promising material for 

hydrogen storage is Mg because of its low cost and high hydrogen storage capacity. 

Tough, the dehydrogenation of MgH2 requires high temperatures as MgH2 is very stable 

thermodynamically. Amorphous alloys with rare earth elements, such as MgLaNi or 

MgCeNi were also proposed as candidate hydrogen storage materials. Mg-based nano 

glasses and titanium-based quasicrystals also were studied in the literature. Recently, 

HEAs have received a lot of attention due to their good mechanical and functional 

properties, one of which is their ability to efficiently store hydrogen making them a new 

category of materials that can be used in future hydrogen storage applications [37]. 
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The first work regarding the hydrogen storage properties of HEAs was done on 

CoFeMnTi0.5-2.5VZr, CoFeMnTiV0.4-3Zr, and CoFeMnTiVZr0.4-3 [39]. Kao et al. showed 

that the materials manufactured by arc-melting had C14 Laves phase in the 

microstructure, and the absorption and desorption of hydrogen did not affect the 

microstructure and the stability of the phases. By varying the Ti, V, and Zr content, the 

hydrogen storage properties of the HEAs changed drastically without a change in the 

microstructure. Higher storage capability of the alloys was enhanced with lower Ti and 

Zr content. The reduction in the hydrogen storage ability of the HEA with higher Ti and 

Zr content was because of the phase segregation occurred in the microstructure due to 

higher Ti and Zr [38,39]. There are three categories of HEAs in the literature for hydrogen 

storage: BCC, lightweight, and intermetallic HEAs; among which BCC ones are the most 

promising ones. It has been reported that equimolar BCC HfNbTiVZr has a H/M ratio of 

2.5, which is very high compared to conventional BCC alloys [38,40]. 

1.2.4 Catalysis applications 

Electrocatalysis is another field where HEAs have attracted  great interest due to their 

microstructural stabilities and outstanding catalytic activities for different catalytic 

reactions [41]. The vastness of the compositional space of HEAs gives 

scientists/engineers a chance to tune the surface microstructure and chemistry by altering 

and controlling the constituent elements, which broadens the possibilities to design and 

discover new materials for catalysis [42,43]. There are several advantages that supports 

the use of HEAs in catalytic reactions. 

First, by carefully choosing constituent elements and altering their compositions, the 

binding energy of the surface of any HEAs can be adjusted as desired for any 

electrochemical reaction. Second, HEA surface provides multifunctionality because the 

active sites with different binding energies behave as an independent catalytic site, 

allowing catalyzing multiple reactions on the same surface, making it very attractive for 

cascade reactions. The flexibility in selecting and adjusting elements also provides 

additional benefits in terms of economic, environmental, and ethical concerns. On the 

other hand, there are some negative aspects of utilizing HEAs in catalysis applications. 

Though multifunctionality is advantages for cascade reactions, total active sites for each 

functionality exists in lower amounts in the surface. Moreover, some HEAs can be 
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unstable in operating temperatures for some catalytic reactions. Therefore, specific routes 

or process should be developed in order to adjust and control the surface and 

microstructure of catalyst HEAs [44].  

In spite of some disadvantages, HEAs still stand as new potential material family for 

electrocatalysis because of their improved catalytic activities, which is possible once the 

composition and surface morphology are optimized. In addition to enhance catalytic 

activity, improvement of catalytic selectivity is also possible because electronic 

structures, i.e., the d-band center, of HEAs can be modified. The d-band center is the 

electronic property controlling/governing metal-molecule interactions. To elaborate, 

while an upshift of the d-band center results in a stronger metal-molecule interaction, a 

downshift of the d-band center results otherwise. In HEAs, the position of d-band center 

can be modified based on the selection of constituent elements and their compositions. 

Furthermore, it was reported that the lattice distortion in HEAs can also be an effective 

factor altering the d-band center [45]. 

Recently, RuRhCoNiIr HEA nanoparticles were developed for NH3 decomposition. 

In this design, Rh, Co, and Ir were added into the Ru-Ni system, which has a large 

immiscibility gap, in order to increase configurational entropy and obtain a single solid 

solution. RuRhCoNiIr HEA nanoparticles exhibit excellent stability  compared to 

previously reported Ru-based catalysts [46]. The oxidation of NH3 is another catalytic 

process necessary for industrial synthesis. PtPdRh-based catalysts are mostly utilized 

alloys in the industry in spite of their high cost and immiscibility. Yao et al. introduced 

Ru and Ce elements into the PtPdRh system, which resulted in a homogeneous 

microstructure as well as enhanced catalytic activity with reduced cost as opposed to 

PtPdRh system [47]. CO oxidation, hydrogen evolution, oxygen evolution, oxygen 

reduction, methanol oxidation, and CO2 reduction reactions are the processes where 

HEAs can be candidates to remedy the problems that the current catalysts result in [45].  

1.2.5 Biomedical applications 

To increase patients’ comfort and reduce the revision surgeries, new biomedical 

materials are needed. Biomaterials have been utilized in biomedical applications, such as 

orthopedic and dental implants and stents [48]. It is important that these materials are safe 

and biocompatible with the human body. For instance, the most commonly used metallic 
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materials for orthopedic implants are CoCr-based alloys, stainless steel, and Ti alloys. 

Among these materials, Ti alloys stand out because of their low elastic modulus, good 

strength, and biocompatibility, which is why they have been widely used in the human 

body [49]. Though, Ti-based alloys have lower elastic modulus, closer to that of the bone, 

as opposed to previously mentioned other metallic biomaterials, there is still a 

biomechanical mismatch issue between the conventional implant materials and the bone, 

because of higher elastic moduli the conventional biomaterials possess [50]. 

When the implant material has higher elastic modulus compared to the surrounding 

issue, most of the stress exerted is accommodated by the stiff metallic material, which in 

turn results in inhomogeneous allocation of the stresses. In the case of inhomogeneous 

stress distribution, bone has the capability to adapt itself by growing or remodeling itself 

against changing mechanical conditions [50]. To elaborate, bone can become denser in 

the presence of high mechanical loading or reduce its density in case of lack of necessary 

force, which is called bone resorption [49,51]. The inhomogeneous stress distribution as 

a result of the elastic modulus mismatch between the implant material and the bone is 

known as stress shielding effect, which is the case in which bone gets thinner and implant 

loosening occurs. Besides the concerns regarding the mechanical aspects, the toxic 

elements, such as Al and V can cause toxicity, which has adverse effects on living tissue 

and organs [52]. There new novel biomedical metallic materials should be designed and 

developed in order to address aforementioned problems.  

Recently, the HEAs have also been studies in terms of their usage in biomedical 

applications. Their high strengths and good biocompatibilities have made them possible 

candidates for the future biomaterials [48,50,53]. Wang et al. studied investigated 

microstructure, mechanical properties, corrosion, and wear resistance of TiZrHfNbFe 

family of HEAs [54]. Especially, TiZrHfNbFe0.5 HEA exhibited good compressive 

mechanical properties in addition to a better corrosion resistance in phosphate buffer 

saline (PBS) solution compared to conventional Ti6Al4V alloy [54]. In another study, it 

was reported that equimolar TiZrNbTa HEA displayed excellent corrosion resistance as 

opposed to CoCrMo, Ti6Al4V, and stainless steel (316L), suggesting that the surface 

oxide layer is not vulnerable against pitting, which reduces the ion release from the bulk 

material into the blood stream [55]. Iijima et al. analyzed osteoblast cell densities  

cultivated on stainless steel (316L), CoCrMo, CP-Ti, and 

Ti28.33Zr28.33Hf28.33Nb6.74Ta0.80Mo1.55. It was shown that the cell densities on stainless steel 
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(316L) and CoCrMo samples were significantly lower than the one acquired on CP-Ti, 

and Ti28.33Zr28.33Hf28.33Nb6.74Ta0.80Mo1.55. Furthermore, the cells cultivated on CP-Ti, and 

Ti28.33Zr28.33Hf28.33Nb6.74Ta0.80Mo1.55 were found to be spreading widely with a dense 

network of fibers [56]. Therefore, it can be concluded that biomedical HEAs have the 

potential to be the new generation metallic biomaterials with the desired properties for 

biomedical applications.  

1.3 HEA compositional space and method for HEA discovery 

1.3.1 Vastness of HEA compositional space 

Although the official definition of HEAs states that the composition should be either 

equimolar or near equimolar in order to maximize the configurational entropy, 

composition-based definition establishes that the composition can vary between 5-35 

at.%. Thus, composition-based definition opens the way for development of thousands of 

different HEAs for different applications. Senkov et al. reported that it is possible to 

manufacture 435,897 5-element  combinations considering one specific alloy family only. 

Therefore, there are thousands of alloys families and millions of possible HEA 

compositions that can be designed and developed considering the whole periodic table. 

When carbides, borides, and nitrides included, the possibilities grow further [3]. 

Composition is only one of the factors that affect the final desired property. The effect of 

composition in HEAs might not reflect the expected outcome though. For example, 

adding aluminum resulted in formation of AlNi-rich BCC phases in AlCoCrFeNi alloy 

system, which made the surface to more vulnerable against the chloride ions [57]. 

Therefore, it can be concluded that the design of HEAs is complicated and since multiple 

elements govern final properties, it is hard to understand and control influence of each 

element compared to conventional alloys [58].  

As mentioned earlier, there are thousands of possible combinations of elements in 

one HEA alloy family. However, even when one composition is selected among all the 

possible combinations, the final property can be still modified via microstructural 

engineering. Especially, manufacturing technique might be a very important factor to 

determine/guess whether the final microstructure will be dendritic or amorphous. 

Moreover, heat-treatment might be implemented based on the final desired 

microstructural features, such as phases, spacing, or size of precipitates. Hence, elements, 
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processing, and microstructure determines the final properties of HEAs altogether, 

allowing engineers and materials scientist to obtain desired properties [3,58].  

1.3.2 Methods for HEA discovery 

Since there exists a high degree of freedom due to multi-principal element concept 

in HEAs, the informed-design process is cumbersome. Considering all possible 

combination of compositional, processing, and heat-treatment effects, the discovery and 

design process of HEAs is costly and time consuming as opposed to conventional trial-

and-error methods [59]. Computational tools, such as density functional theory (DFT), 

molecular dynamics (MD), and machine learning (ML) are the methods that can be 

helpful to increase the efficiency of alloy design process and avoid expensive trial-and-

error methods.  

Yuan et al. investigated structural stability of BCC Ti-Zr-Hf-Nb refractory HEAs 

using DFT method. To elaborate, the formation and free energies of [Ti-Hf14]Nb3, [Ti-

Zr8Hf6]Nb3, and [Ti-Zr8Hf4Ti2]Nb3 alloys were estimated by using DFT calculations. 

Based on the DFT results, it was concluded that [Ti-Zr8Hf4Ti2]Nb3 alloy had the lowest 

formation and free energy, suggesting the highest BCC structural stability among the 

three HEAs studied in the work. In addition to DFT calculations, the authors also 

confirmed the results experimentally, showing that small number of precipitations were 

observed in [Ti-Hf14]Nb3 and [Ti-Zr8Hf6]Nb3, while [Ti-Zr8Hf4Ti2]Nb3 possessed a single 

BCC phase [60]. In another work, hydrogen storage properties of TiZrHfScMo HEA were 

studied by DFT. The calculations indicated that the hydrogenation process was 

exothermic, and the hydrides were stable. Moreover, the behavior of individual 

constituent elements was shown to be different from each other during hydrogenation 

process [61]. Although, DFT is very useful when it is not possible to gather some 

information experimentally, it requires an immense amount of computational power, 

which slows down the discovery process. 

Another computational tool for alloy design and discovery is MD. For instance, Chen 

et al. tried to understand the effect of element content, short-range ordering and 

precipitation on melting temperature of AlCoFeNiCu HEA family via MD simulations. 

The results can be summarized as: decreasing Cu concentration increases the melting 

temperature; and increasing Cu content promotes short-range ordering and precipitation 
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which reduced the melting temperature of the alloys [62]. In another study, the relation 

between tensile mechanical properties and deformation mechanisms in CoCrFeMnNi 

family of alloys were examined using MD simulations [63]. Compared to DFT, MD 

requires less compositional power. However, the lack of interatomic potential 

representing different compositional spaces for various HEA families limits the capability 

of MD simulations in HEA design and development.  

On the other hand, ML is an efficient tool to establish the relationship and unearth 

the implicit connections between the features and target property, making the design 

process much faster than DFT and MD methods [64,65]. Thus, the number of ML-related 

publications on discovering new materials with desired properties to address complex 

problems in materials science has increased [66]. For instance, ML techniques have been 

utilized in a wide range of optimization problems for HEAs to predict properties such as 

high-temperature yield strength [67], hardness [68,69], ultimate tensile strength, electric 

conductivity [70], Young’s modulus [71,72], fatigue life [73]. In addition, a vast amount 

of work focused on phase prediction in HEAs [64,74,75]. Huang et al. utilized a dataset 

based on ab-initio calculations to predict the lattice distortion and phase stability for the 

Co-Ni-Cr-Mo-V system [76]. In another work, MD simulations and ML were combined 

to optimize the yield strength of the V-Cr-Fe-Co-Ni system [77]. 
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Chapter 2: 

MACHINE LEARNING ASSISTED DESIGN OF  BIOMEDICAL 

HIGH ENTROPY ALLOYS WITH LOW ELASTIC MODULUS FOR 

ORTHOPEDIC IMPLANTS 

2.1 Introduction 

Metallic materials, being utilized in the manufacturing of more than 70% of medical 

implants, have a substantial standing in biomedical applications since they are substituted 

for failed hard tissue in human body to enhance the quality of life of the patients [78–80]. 

Compared to other metallic biomaterials such as Co-based alloys or stainless steels, Ti 

and its alloys have gained popularity in medical and dental applications owing to their 

excellent biocompatibility and corrosion resistance [49,81,82]. Recently, Ti-based high 

entropy alloys (HEAs), comprising biocompatible elements such as Ta, Hf, Nb, Zr and 

Mo, have been studied by researchers as potential alternative implant materials [83–86]. 

As opposed to conventional metallic implant materials comprised of one or two principal 

elements along with minor additional elements, the HEAs are composed of 4 or more 

principal elements with concentrations varying between 5 at% and 35 at% in equimolar 

or near-equimolar proportions [87,88]. Due to the high configurational entropy brought 

about mixing of multiple principal elements promoting the formation of a single stable 

solid solution phase [3,84], HEAs exhibit superior mechanical properties such as 

excellent corrosion resistance [89,90], high hardness and wear resistance [34,91,92], high 

strength and toughness [84,90] and high thermal stability at elevated temperatures 

[90,93]. For the last ten years, promising novel biocompatible HEAs have been 

synthesized and it has been confirmed that these alloys have a favorable combination of 

physical and mechanical properties in comparison to other biomaterials. Even though 

some biocompatible HEAs possess lower elastic moduli than currently implemented 

biomedical alloys such as 316L, CoCrMo, and Ti6Al4V [85], they are still far from the 

elastic modulus of bone, which varies between 4 and 30 GPa [80,94]. Therefore, the long-

term functionality of these implants decreases due to structural dissimilarities. 
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The stiffness mismatch between the implant and the bone promotes possible implant 

loosening, failure of the implant, and tissue loss [49,84,95]. Namely, the implant material 

whose elastic modulus is much higher than that of the bone starts to carry the majority of 

the applied stresses, leading to inhomogeneous allocation of the exerted load between the 

implant and the surrounding tissue. As a result of this phenomenon also known as stress 

shielding, the bone adapts itself by either reducing its mass (bone absorption) or becoming 

thinner (bone remodeling) [49,51,78,79,82]. The aforementioned challenges bring about 

a need for the search for new implant materials with a desirable combination of biological 

and biomechanical compatibilities [49,79,82]. In particular, it is essential for the implant 

to be strong and durable with a structural stiffness matching to that of the bone in order 

for it to properly function in the long term without failing or requiring revision surgery 

[78–80]. Hence, the investigation and optimization of biocompatibility of HEAs as 

potential implant materials from both biological and mechanical aspects is crucial for 

their safe utility as implant materials. For instance, an equimolar TiZrNbTaMo HEA 

designed for orthopedic implants possessing an elastic modulus of 153 GPa displayed 

excellent corrosion resistance and high stability against pitting. However, multiple 

dendritic body-centered cubic (BCC) phases having severe Mo segregation were 

observed, leading to an inhomogeneous microstructure, which may be due to the higher 

melting temperature of Mo as compared to other constituent elements [96]. Other 

biocompatible HEAs were also reported in the literature such as equimolar TiZrTaHfNb 

and Ti1.5ZrTa0.5Hf0.5Nb0.5  with excellent corrosion resistance, good wettability and wear 

resistance, possessing elastic moduli of 112.74 GPa and 98.57 GPa, respectively [85]. 

The variations in the elastic moduli of the HEAs with the same constituent elements [85] 

evidence that alloying elements in different quantities alter the properties of HEAs 

substantially, making new alloy design more attractive and broadening their utility for 

different applications [79,97]. 

Alloy design with preferred intrinsic properties can be accomplished through 

controlled chemical alloying which modifies microstructure and phases present in the 

matrix [3,33,79]. Sakaguchi et al. explored ternary and quaternary TiNbTaZr system with 

varying Nb (0-40 wt.%), Ta (0-20 wt.%) and Zr (0-10 wt.%) contents. It was 

demonstrated that Nb and Ta concentrations affect the stress-strain behavior; therefore, 

the deformation mechanisms and the mechanical properties. For instance, elastic modulus 

of the system first decreases and then increases as Ta concentration changes from 0 to 20 
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wt.%, validating high sensitivity of the system’s intrinsic properties to Ta content. 

Furthermore, varying Nb concentration results in a more complicated modification in 

elastic modulus as compared to the effects of Ta and Zr concentrations [98–100]. 

Additionally, based on the investigations on TiV and TiNbSn alloys [101], and 

Ti35Nb4Sn6MoxZr (x varying from 0 to 15 wt.%) system [82], it was shown that the 

elastic modulus depends on chemical composition in an inexplicit way. Thus, considering 

the design of an alloy with more than 4 principal elements such as HEAs, determining the 

interactions and resulting properties by trial-and-error or intuition remains an inefficient 

approach as there exists a very large search space for HEAs with a high number of 

possible combinations of the constituent elements [3,89,102]. 

An effective and very efficient remedy for this problem is the implementation of 

machine learning (ML), which has recently become popular in materials science 

community.  For the last couple of years, increase in the availability of data and the ML 

methods’ ability to identify underlying trends from data have expedited materials research 

and discovery by significantly decreasing computational and experimental costs as 

compared to traditional methods [103–108]. Specifically, the ML algorithms are trained 

using a training dataset, validated, and then utilized to make predictions on the test dataset 

which the algorithms do not have access during training and validations processes 

[109,110]. Employment of the ML methods in material discovery processes enables 

detecting complex and nonlinear connections among the physical and chemical features 

in a dataset, which makes prediction of previously unknown yet existing information 

and/or relationships possible. These capabilities are very advantageous in materials 

discovery where the compositional search space is very large and the relations among 

parameters are unknown [107,108].  

In recent years, ML methods have been put into use in various fields of materials 

science, including phase selection in HEAs [111–117], hardness prediction [90,118], 

corrosion resistance optimization [119,120], improvement of properties of shape memory 

alloys (SMAs) [121–123], and molecular dynamics simulation integrated property 

predictions [124,125]. There exist numerous studies in the literature which used ML 

based approach for designing new alloy compositions for specific alloy systems with 

desired properties. For instance, the safest NiTi SMA composition releasing the least 

amount of Ni ions into oral cavity for dental applications was successfully predicted using 

a multilayer feed forward neural network (MLFFNN) trained on the experimental data 
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available in literature on the Ni ion release into artificial saliva solutions for different NiTi 

compositions [120]. In another example, utility functions were utilized to iteratively 

increase ML methods’ capability which resulted in prediction of 17 new alloy 

compositions in AlCoCrCuFeNi HEA system, the hardness values of which are 10% 

higher than those in the training dataset [90]. These promising examples clearly 

demonstrate how ML can assist and transform the approach to materials design and 

discovery problems compared to costly and time-consuming conventional methods. 

The aim of the current work is to obtain the optimum composition for 

TixTayHfzNbmZrn biomedical HEAs with elastic moduli close to the stiffness of the bone 

by employing ML algorithms with the specific purpose of providing a better structural 

match between the implant and the bone in orthopedic applications. To reach this target, 

first a new dataset was curated from existing literature on Ti-containing HEAs and 

medium entropy alloys (MEAs) along with their measured elastic moduli. Then, the 

dataset was used to train several ML algorithms which were employed to construct a 

model to predict the elastic modulus of new compositions. In the final step, two of the 

predicted biomedical HEAs with optimum compositions were subjected to validation 

experiments to confirm the accuracy of the predictions. As a result, two novel biomedical 

HEAs, namely Ti23Ta10Hf27Nb12Zr28 and Ti28Ta10Hf30Nb14Zr18, were obtained with 

elastic moduli of 83.5 ± 2.9 GPa and 87.4 ± 2.2 GPa, respectively. The work presented 

herein, thus, illustrates that the ML methods were successfully implemented to optimize 

TixTayHfzNbmZrn biomedical HEA compositions with the aim of minimizing elastic 

modulus in order to ensure mechanical compatibility between the implant and bone.  

2.2 Computational methods 

2.2.1 Data Mining 

To construct the dataset required for training of the ML algorithms, first a detailed 

literature search was conducted within the HEA literature published since 2000s. Then, 

all the articles on quaternary, quinary, and senary as-cast HEAs synthesized by arc 

melting process and including the experimentally measured elastic moduli information 

were scanned and put together to form the preliminary dataset. The dataset  consisted of 

53 datapoints shared in Supplementary Information of [71] (each datapoint, i.e., each row 

in the dataset, has alloy composition, calculated empirical parameters and corresponding 
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elastic modulus as target variable) after the elastic moduli of datapoints with the same 

compositions were averaged and treated as a single datapoint. In order to increase the 

number of datapoints in the training dataset and enhance the generalization capability of 

the ML models [118], HEAs containing toxic elements such as V and Al were also 

considered. The dataset utilized in this work possesses a limited number of datapoints for 

the following reasons: the occurrence of the published articles in literature on biomedical 

HEAs hasn’t been very frequent until recent years, and not all the published literature 

have the relevant experimental data. In fact, acquisition of large numbers of datapoints is 

one of the main struggles in materials informatics where obtaining materials and 

corresponding target variables are experimentally challenging and costly [107], leading 

to datasets with limited amount of datapoints. 

Each datapoint in the dataset is composed of nine elements (Ti, Ta, Hf, Nb, Zr, Mo, 

W, V, Al), eleven empirical features, and one target variable, i.e., the elastic modulus. 

The eleven calculated empirical features are valance electron concentration (VEC), 

atomic size difference (δr), difference of electronegativity (Δ𝜒), mixing enthalpy (ΔH), 

configurational entropy (ΔS) [126], Ω parameter proposed by Yang et al. [127], Λ 

parameter defined by Singh et al. [128], ɣ parameter suggested by Wang et al. [129], 

number of itinerant electrons (e/a) [130], difference of shear modulus (δG), and difference 

of melting temperature (δTm). The latter two empirical features are proposed based on 

the analogy to δr. Most of the aforementioned empirical features are related to crystal 

structure, phase type and formation or stability of single-phase solid solution of HEAs, 

which are the governing factors for controlling mechanical properties in HEAs [3,13]. All 

the empirical features utilized herein are listed in Table 2-1. 

In Table 2-1, the features Ci, VECi, ri, χ$ , (𝑒 𝑎⁄ )$ , Gi, and Ti refer to the atomic 

concentration, VEC, atomic radius, Pauling electronegativity, e/a, shear modulus, and 

melting temperature of each element in an alloy, respectively. The averages of atomic 

radius 𝑟, Pauling electronegativity χ, shear modulus 𝐺, and melting temperature 𝑇 are 

calculated as 𝑟 = 	∑ 𝐶$𝑟$)
$12 , χ = 	∑ 𝐶$χ$)

$12  , 𝐺 = 	∑ 𝐶$𝐺$)
$12 , and 𝑇 = 	∑ 𝐶$𝑇$)

$12 , 

respectively. R, n, rmin, and rmax are universal gas constant, the number of constituent 

elements, and the atomic radii for the smallest and largest atoms, respectively. ΔH$3,$4 is 

the mixing enthalpy of atomic pairs in a binary system estimated by Takeuchi and Inoue 

utilizing Miedema method [131]. 
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Table 2-1: List of empirical features and the corresponding mathematical formulae. 

Description of empirical features Formulae 

Valance electron concentration 

(VEC) 

𝑉𝐸𝐶 = 	∑ 𝐶$ ∗ 𝑉𝐸𝐶$)
$12   

Atomic size difference (δr) δr = 	;∑ 𝐶$ ∗ (1 −
+!
+
)5)

$12   

Difference of electronegativity 

(Δ𝜒) 
Δχ = 	=∑ 𝐶$ ∗ (χ − χ$)	5)

$12   

Mixing enthalpy (ΔH) ΔH = 	∑ 4 ∗ 𝐶$ ∗ 𝐶3 ∗ ΔH$3,$4)
$12,372   

Configurational entropy (ΔS) ΔS = 	−R∑ 𝐶$ ∗ ln(𝐶$))
$12   

Ω parameter Ω	 = 	 8∗:;
:<

  

Λ parameter Λ = 	 :;
=>∗=>

  

ɣ parameter 
ɣ = 	 (1 − ;(+@+"!#)$B+

	$

(+@+"!#)$
	) (1 − ;(+@+"&')B+

	$

(+@+"&')$
	)F   

Number of itinerant electrons (e/a) 𝑒 𝑎⁄ = 	∑ 𝐶$ ∗ (𝑒 𝑎⁄ )$)
$12   

Difference of shear modulus (δG) 
δG = 	;∑ 𝐶$ ∗ (1 −

C!
C
)5)

$12   

Difference of melting temperature 

(δTm) 
δT, =	;∑ 𝐶$ ∗ (1 −

8!
8
)5)

$12   

 

In ML applications, due to the nature of the predictors within the dataset, a 

preprocessing of the variables may be required to improve the performance of the whole 

ML process. Specifically, the variables in a dataset might have a non-normal distribution, 

can be highly skewed or in different scales, all of which deteriorate the general 

performance of the ML algorithms. Therefore, an analysis of the dataset should be carried 

out before training to understand the data and implement the appropriate data 

transformation process. With data transformation, the variables are normalized and scaled 

so that all of them are treated equally by the ML algorithms [111,120]. In this study, a 

min-max normalization method was applied to scale and normalize the features between 

0 and 1 by using the following methodology: 
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 𝑋$D =
𝑋$ − 𝑋,$)
𝑋,-4 − 𝑋,$)

 (2.1) 

 

where 𝑋$D, 𝑋$, 𝑋,$), and 𝑋,-4 are normalized data, the sample data, the minimum and 

maximum values in the X sample space, respectively. 

2.2.2 Feature selection 

One of the major obstacles in ML implementations with a high dimensional dataset 

is how to select the most relevant features to train the ML algorithms. Too many input 

features result in overfitting, especially in datasets containing small number of instances, 

due to high degrees of freedom they introduce into the algorithms, leading to a decrease 

in the generalization capability of the ML models. Hence, a careful selection of features 

which explain most of the variance in a target variable is required to discard the redundant 

information from a dataset, and thus, have a critical impact on the prediction accuracy 

and performance of a model [119]. Choosing the best set of features becomes an even 

more difficult task in the presence of high correlation among the features. Highly 

correlated features affect model performance and prediction accuracy due to the fact that 

they have the same information about the target variable, i.e., the essence of the correlated 

features is so similar, such that the ML algorithms cannot differentiate among them 

[107,132]. One of the frequently used parameters for the correlation analysis is the 

Pearson correlation coefficient (PCC). 

 

 
𝑟4E =	

∑ (𝑥$ − 𝑥)(𝑦$ − 𝑦))
$12

=∑ (𝑥$ − 𝑥)5)
$12 	=∑ (𝑦$ − 𝑦)5)

$12
 

(2.2) 

 

where 𝑥$ and 𝑥 are the sample value and mean of x variable, 𝑦$ and 𝑦 are the sample value 

and mean of y variable, respectively. The coefficient 𝑟4E, which takes values from -1 to 

1, is a representation of the strength of the linear relationship between x and y variables. 

The positive and negative sign of the coefficient demonstrate the positive and inverse 

relationship between x and y, respectively. The closer |𝑟4E | is to 1, the stronger the 

correlation between x and y is [109]. The PCC provides a metric for linear relationship 

among the features and target variables, but it fails to capture the nonlinearity between 
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the features. To overcome this issue, Random Forest (RF) method which is a very 

attractive choice for classification and regression problem was also employed for feature 

selection in this work. Compared to other feature selection methods, the RF method 

provides a measure of importance of variables by ranking them based on their 

performances during the optimization of the model [132,133]. Thus, by combining the 

two methods, the most relevant features were selected to train the ML algorithms. 

2.2.3 Machine learning algorithms and synthetic dataset 

In this study, different ML algorithms, namely linear regression (LIN), k-nearest 

neighbors regression (KNN), RF, support vector regression with a linear kernel (SVR.L), 

support vector regression with a polynomial kernel (SVR.P), support vector regression 

with a radial basis kernel (SVR.R), and MLFFNN, were evaluated based on their 

performance in predicting the target variable. Prior to training the models, the initial 

dataset was divided into a training (used for optimization of the models) and test dataset 

(used at the end to obtain the models’ performance accuracy predicting the unseen data). 

While optimizing the models using hyperparameters found with grid search strategy, 

which is a method in which various combinations of hyperparameters are tried out to 

select the best batch, repeated cross validation and bootstrapping with replacement were 

utilized to improve training process to avoid overfitting as much as possible with a small 

training dataset. The ML models were evaluated based on their prediction errors on the 

test dataset. The error metrics utilized are root mean squared error (RMSE) and mean 

absolute error (MAE), and calculated as: 

 

 

𝑅𝑀𝑆𝐸 = 	N
1
𝑛P(𝑦$ − 𝑦Q)5

)

$12

 

(2.3) 

 

 
𝑀𝐴𝐸 =	

1
𝑛P|𝑦$ − 𝑦Q|

)

$12

 
(2.4) 

 

where  𝑦$ and 𝑦Q are true value and predicted value, respectively. All computations were 

performed using scikit-learn library with python programming language [134]. To find 
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the optimum composition leading to the smallest possible elastic modulus, a synthetic 

dataset was constructed with more than 500000 different compositions, where Ti, Ta, Hf, 

Nb, and Zr contents ranged from 5 to 35 at% with 1 at% intervals, complying with the 

widely accepted HEA definition. Then, the synthetic dataset was fed into the best ML 

model to make new predictions in the aforementioned composition range. 

2.3 Computational results 

2.3.1 The effect of training and test set split proportions 

The general notion in any ML algorithm is that the larger the dataset, the better the 

model performance will be, because a large dataset contains an extensive amount of 

information about the target variable. Therefore, both training and test datasets randomly 

taken from this large dataset will have a normal distribution representing the whole 

sample space for both sets, making any model better at generalizing and reducing variance 

due to a reduced outlier effect. Overfitting due to outliers can be alleviated with data 

transformation such as normalizing and scaling of the data [119]. However, when the 

dataset is small, normalization and scaling of the data might not be as effective as it is in 

the case of a large dataset. In addition to a transformation, a careful split of data creating 

a bell-shaped distribution of both training and test datasets should be taken into 

consideration to avoid any overfitting. Therefore, the ratio of split of a small dataset 

similar to the one employed in this study is very critical so as to make sure that datapoints 

in both sets follow the same distribution. As illustrated in Figure 2-1a, the prediction error 

for KNN, SVR.R, SVR.P, SVR.L, and RF decreases as the proportion of training dataset 

increased from 30% to 90%. The RMSE values shown in Figure 2-1a is the mean value 

of RMSE estimated 200 times on randomly selected testing set for different algorithms 

by using only the compositions as input variables. In Figure 2-1b, bootstrapping with 

replacement is also implemented as another evaluation method for RMSE using 70% of 

the training dataset. A split ratio of 70% training dataset is considered in this work 

because of the very limited amount of datapoints present in the dataset. Decreasing the 

proportion of the datapoints in the testing set may be misleading in the evaluation of the 

models as only few datapoints in the testing set will contribute to calculation of RMSE. 

Based on Figure 2-1, KNN algorithm outperforms others and can be selected as the main 

model. 
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Figure 2-1: (a) the evolution of RMSE on test dataset with changing training dataset 

proportions for KNN, SVR.R, SVR.P, SVR.L, and RF to evaluate and select the best 

performing model (b) the estimation of RMSE with repeated holdout validation approach and 

bootstrapping methods, pointing out KNN is the best performing model. 

2.3.2 Feature selection 

The aim of selecting the right features is to eliminate any redundant or duplicate 

information present in the dataset and decrease degrees of freedom of the models so as to 

reduce complexity and prevent overfitting [132]. The correlation of each input feature to 

the target, i.e., elastic modulus, is presented in Appendix A. Solely based on Appendix 

A, δr, Al, and δTm features seem to be very uncorrelated with elastic modulus, indicating 

that they don’t contain relevant information about the target. The PCC values for the 

empirical features δG, Δ𝜒, and VEC, on the other hand, are larger than 0.5, indicating a 

strong correlation between these three empirical features and the target. While 

understanding the relationship between input and output variables is helpful in 

conceptualizing a preliminary plan for feature selection, the investigation of the 

correlation among input features is also crucial as the correlation between them 

deteriorates efficiency and accuracy of ML algorithms [135]. 

The heatmap for PCCs among input variables is presented in Figure 2-2. 

Accordingly, Mo and Δ𝜒 have a PCC of 0.95, which is the highest correlation among all 

features. The second highest correlated features are Mo and δG, and Al and ΔH. In an 

ideal scenario, all input variables should be uncorrelated [107]. Therefore, only one 

feature is selected in the presence of strong correlation between features to prevent 

duplicate information in the dataset [90,119]. There are two main drawbacks of PCC: 
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first, it neglects any existing nonlinearity in the dataset; second, the performance of ML 

algorithms is not included in the process of estimating PCCs [116,132]. 

 

 
Figure 2-2: The heatmap of PCCs for chemical composition and empirical features. The 

higher the color intensities are, the more the correlation between the two features is. Red and 

blue colors indicate positive and negative correlation, respectively. 

To decrease the effect of high correlation in the dataset, the RF method was employed 

in the process of feature selection in addition to PCC. RF consists of a forest with many 

decision trees, each of which is created by only considering a subset of features resulting 

in uncorrelated trees as compared to basic decision trees. One advantage of RF is that it 

provides the user with the feature importance making it an attractive tool for feature 

selection. By restricting each tree to consider only a subset of all available features, it 

calculates each feature’s performance/importance in increasing the accuracy when 

splitting a node while growing a tree [136]. The corresponding feature importance results 
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obtained from the RF algorithm utilized in this work are demonstrated in Figure 2-3. 

Accordingly, VEC stands out as the best predictor, leaving all other compositional and 

empirical features behind. The next three most important features are Δ𝜒, δG, and ΔH, 

suggesting that empirical features contain relevant information related to intrinsic 

properties of the alloys within the dataset. Compared to Appendix A, W does not seem to 

be of importance when the model performance is included in the selection process. Based 

on Appendix A, ΔH is not highly correlated with the target. On the other hand, when its 

performance is evaluated considering its importance as a feature in RF method as shown 

in Figure 2-3, it can be inferred that elastic modulus is nonlinearly dependent on ΔH. 

Since Mo and Δ𝜒 are highly correlated and Mo is one of the elements representing alloys 

in the dataset, Δ𝜒 was not considered in the following feature selection process. 

 

 
Figure 2-3: The relative feature importance for input variables based on their performance 

in reducing error while splitting a node when constructing trees in RF method. 

 

The total number of empirical features to be included in ML algorithms leading to 

minimum prediction error was investigated iteratively using recursive feature elimination 
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method based on RF algorithm [132]. Figure 2-4 presents the evolution of RMSE of the 

RF method on the test dataset by adding one feature at a time on top of each other 

iteratively and greedily selecting the best performing feature and eliminating the rest at 

each iteration. In Figure 2-4, the green circle which represents the subset consisting of 

three features; namely, ΔH, VEC, and δG, was selected although the minimum RMSE 

was obtained with the addition of the 5th empirical feature. As demonstrated in Figure 2-

4, there is no substantial improvement in RMSE after the addition of the fourth feature. 

Therefore, the final set of features included the chemical compositions and the three 

empirical features, namely ΔH, VEC, and δG in order for the models not to lose their 

generalization capabilities. Shaikh et al. reported that increase in VEC enhances average 

bond strength leading to a higher elastic modulus, as well as melting temperature and 

density of HEAs, which indicates a positive correlation between VEC and elastic modulus 

[137]. Furthermore, VEC was also utilized as a parameter for designing ductile HEAs 

where it was reduced through controlled alloying [33,138]. Furthermore, it was reported 

that ΔH$3,$4 is related to bond strength, and as the number of bonds with high ΔH$3,$4rises, 

elastic modulus increases [139]. Therefore, ΔH represents the information inherently at 

the atomistic level. Finally, Figure 4 indicates that utilizing composition with empirical 

features associated with HEAs in ML framework augments the learning process by 

extracting more information from the training dataset [90]. 
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Figure 2-4: Variation of RMSE with the addition of each empirical parameter on 

composition utilizing recursive feature elimination method using RF model. The red circles 

show the best performing subset of features resulting in the least prediction error for each 

combination of features. The green circle indicates the selected subset of features as a result of 

feature elimination which are ΔH, VEC, and δG. 

2.3.3 Machine learning results 

Various ML algorithms were trained using composition and three selected features 

and employed to predict novel biomedical HEAs with low elastic modulus. RMSE and 

MAE values on the test dataset for seven different ML methods, namely LIN, KNN, RF, 

SVR.L, SVR.P, SVR.R, and MLFFNN, are presented in Figure 2-5. Accordingly, the 

worst performing ML algorithm was LIN as compared to others. The underlying reason 

of this relatively poor performance might be the fact that the relationship between input 

and output variables is highly complex and nonlinear so that a linear model is not an 

appropriate choice to extract information from the dataset. On the other hand, RF, SVR.L, 

SVR.P, SVR.R, and MLFFNN showed almost the same performance in terms of their 

prediction capabilities, although RMSE and MAE values for RF were the highest among 

the five models. Ultimately, the best performing model was the KNN method with the 

least RMSE and MAE values. Comparing to Figure 2-1, Figure 2-5 reveals that utilization 

of the three chosen feature in addition to composition in the training of the ML algorithms 

results in an improvement of more than 50% in RMSE for RF, SVR.L, SVR.P, SVR.R, 
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and KNN models. This shows the importance of using additional empirical features along 

with compositions in accelerating the optimization process of new HEAs. 

 

 
Figure 2-5: RMSE and MAE on test errors for various ML algorithms employed in this 

study by using composition and three selected features as input. 

The KNN algorithm can be utilized for both classification and regression problems. 

This method utilizes the training dataset as a guide to make new predictions based on 

resemblance of datapoints. Predictions for datapoints are made considering how close 

they are to a number of datapoints in training dataset using a distance metric. In the KNN 

method, the k parameter defines the number of the closest neighbors in training dataset 

when a new datapoint is predicted. When k is equal to 1, the method is highly flexible 

closely following any pattern in training dataset. As the k parameter increases, the model 

grows to be less flexible with some generalization capabilities. The algorithm can assign 

weights equally or using a distance function between neighbors and datapoints. In this 

study, the hyperparameters implemented for training the KNN algorithm were as follows: 

k, weights, and metric which were set as ‘2’, ‘uniform’, and ‘manhattan’, respectively. 

The variation in RMSE value with respect to growing k hyperparameter and the true vs 

predicted elastic modulus values for the datapoints in the test dataset are demonstrated in 

Figure 2-6a. Figure 2-6b, c, and d illustrate the actual and predicted elastic moduli values 

for KNN, SVR.P, and SVR.L, respectively. Figure 2-6b clearly demonstrates that the 
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prediction performance of KNN algorithm was better as opposed to other SVR.P, and 

SVR.L. Next, the synthetic dataset with more than 500000 different compositions with 

Ti, Ta, Hf, Nb, and Zr contents ranging from 5 to 35 at% with 0.1% intervals, complying 

with the widely accepted HEA definition, was imported to the KNN model to make new 

predictions in the aforementioned composition space for each datapoint. The two 

optimum compositions having the smallest elastic modulus predictions, namely 72.5 and 

72.9 GPa, were selected for validation experiments. The compositions, the predicted 

elastic moduli and the empirical features for selected alloys are presented in Table 2-2.  

 
Table 2-2: Composition and empirical feature values for selected alloys. 

Selected alloys Bio-HEA1 Bio-HEA2 

Ti (at%) 23 28 

Ta (at%) 10 10 

Hf (at%) 27 30 

Nb (at%) 12 14 

Zr (at%) 28 18 

VEC 4.22 4.24 

δr (%) 4.81 4.73 

Δ𝜒 0.12 0.12 

ΔH (kJ/mol) 2.03 2.08 

ΔS (kJ/mol*K) 12.74 12.74 

Ω 14.94 14.67 

Λ 0.55 0.57 

ɣ 1.63 1.69 

e/a 1.47 1.46 

δG (%) 22.52 21.20 

δTm (%) 17.11 17.33 

Predicted Elastic Modulus 72.5 72.9 
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Figure 2-6: (a) the change in RMSE with increasing k hyperparameter for KNN algorithm, 

performance of (b) KNN (c) SVR.P (d) SVR.L algorithms in predicting elastic modulus values 

as a function of measured elastic moduli of the alloys available in the testing set. 

2.4 Validation experiments 

The predicted compositions for Bio-HEA1 and Bio-HEA2 tabulated in Table 2-2 

were prepared by vacuum arc melting under a Ti-gettered argon atmosphere on a water-

cooled copper crucible. Raw metals of Ti, Ta, Hf, Nb with purity of 99.9% and Zr with 

purity of 99.2% were used in the production of Bio-HEA1 and Bio-HEA2. The produced 

alloys had a button shape with an intended mass of 20 grams. To increase mixing and 

ensure chemical homogeneity, the button-shaped samples were flipped and re-melted at 

least 5 times. The button-shaped samples were then cut with wire electro-discharge 

machining (EDM) to obtain ten slices of each alloy with 2 mm thickness. Two slices from 

each sample were heat-treated at 1000 °C for 12 hours and then cooled down to room 

temperature in the furnace (the heat-treated samples were named as Bio-HEA1-HT and 

Bio-HEA2-HT in the remainder of the paper). To eliminate any contamination and 

surface residue, the samples were ground using SiC emery papers and polished with a 

0.30 µm alumina slurry to obtain a mirror-like surface. To clean the bulk-samples, 
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samples were immersed in and rinsed with de-ionized water. Then, the samples were 

exposed to immersion experiments in simulated body fluid (SBF) for 28 days. The 

samples were kept in SBF, whose composition is presented in Table 2-3 [140], at a 

constant temperature of 37 °C throughout the whole experiment in an electronically 

controlled water bath. All HEA samples were held in separate sealed tubes, where the 

volume of the solution in each tube was calculated in accord with the G31 ASTM 

standards [141]. To measure the amount of mass gain or loss, the weights of the samples 

were recorded before and after immersion experiments. 

 
Table 2-3: Composition for preparing 1000 mL of SBF solution utilized in the immersion 

experiments. 

Solution Reagents Amount (g/L) 

SBF NaCl 8.036 

 NaHCO3 0.352 

 KCl 0.225 

 K2HPO4·3H2O 0.23 

 MgCl2·6H2O 0.311 

 1 M HCl 40 mL 

 CaCl2·2H2O 0.293 

 Na2SO4 0.072 

 TRIS 6.063 

 1 M HCl 2 mL 

 

The phase structures present in the samples were determined by X-ray diffraction 

(XRD) method utilizing a Bruker D2 Advanced X-ray diffractometer with Cu-Kα 

radiation source operated at 30 kV and 10mA. The acquisition angle ranged from 20° to 

100° with incremental steps of 0.02°, and the incidence angle was 5°. A scanning electron 

microscope (SEM), which was equipped with an energy-dispersive X-ray spectroscopy 

detector (EDX), was employed to investigate the surface morphology of the samples. A 

depth-sensing nanoindentation device (Agilent G200) equipped with a Berkovich 

diamond indenter tip was employed to obtain the elastic modulus values of the samples 

from the loading and unloading curves by using the Oliver-Pharr method [142]. During 
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the indentation experiments, a maximum load of 400 mN was applied at a constant 

loading rate of 40 mN/s in addition to a holding time of 5 s at maximum load. For each 

sample, a total of 15 measurements were performed and the average values were 

presented with respective standard deviation. Furthermore, in order to quantify the 

quantity of ions released into the SBF solution during the immersion experiments, the 

remaining fluids of each static immersion tests were inspected employing an inductively 

coupled plasma-mass spectrometer (ICP-MS, Agilent 7700x). 

2.5 Discussion of the results 

The XRD patterns of the untested Bio-HEA1, Bio-HEA1-HT, Bio-HEA2, and Bio-

HEA2-HT are presented in Figure 2-7. The results point out that all HEAs other than the 

Bio-HEA1-HT sample exhibited a single BCC phase with the lattice parameters 

determined as 3.463 Å, 3.439 Å and 3.424 Å for Bio-HEA1, Bio-HEA2 and Bio-HEA2-

HT, respectively, where the peak values were estimated utilizing Bragg’s Law. The lattice 

parameter for the BCC phase of the Bio-HEA1-HT, on the other hand, was determined to 

be 3.452 Å. Although HEAs have a single crystal structure in as-cast condition, phase 

transformation and precipitation of intermetallic phases can be observed following heat 

treatment [143,144]. For example, TiTaHfNbZr HEAs were shown to possess a single 

BCC crystal structure in as-cast condition and after heat treatments between 1000 °C and 

1400 °C for one hour [145]. Yet, they can produce different intermetallic phases (BCC 

Ta-Nb and/or HCP Zr-Hf rich precipitates) when heat treated between 500 °C and 900 

°C for one hour in addition to the main BCC matrix [145]. In Figure 2-7c, the star sign 

(✩) corresponds to Hf0.43Zr0.57 compound with hexagonal close-packed (HCP) 

structure detected in the matrix of the Bio-HEA1-HT [146]. Even though Bio-HEA1-HT 

and Bio-HEA2-HT were exposed to the same heat treatment, the Bio-HEA2-HT features 

a single BCC structure, which is attributed to its smaller lattice parameter as opposed to 

other Bio HEAs. Specifically, this might prevent Zr atoms, having the largest atomic 

radius in comparison to the other four elements, from diffusing within the matrix. In other 

words, the thermodynamic stability of Bio-HEA2-HT might be a consequence of high 

local lattice distortions resulting in sluggish atom diffusion [6]. 
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Figure 2-7: XRD results for (a) Bio-HEA1, (b) Bio-HEA2, (c) Bio-HEA1-HT, and (d) Bio-

HEA2-HT. The star sign (✩) corresponds to Hf0.43Zr0.57 compound with hexagonal close-packed 

(HCP) structure [146]. 

The surface morphology of Bio-HEA1 (Figure 2-8) and Bio-HEA2 (Figure 2-9) were 

investigated by SEM prior to and following the static immersion experiments, revealing 

that both samples had a smooth surface prior to immersion experiments. However, 

following the immersion experiments, as opposed to Bio-HEA2, Bio-HEA1 had a highly 

corroded surface after immersion in SBF for 28 days, and a more locally intense corrosion 

behavior was prevalent as evidenced by the darker regions in Figure 2-8f. This; however, 

may lead to severe pitting corrosion for long term applications. On the other hand, based 

on Figures 2-9b, d, and f which show a few visible locally corroded regions, it can be 

argued that Bio-HEA2 is more resistant to SBF environment as compared to Bio-HEA1. 

The reason for Bio-HEA1 to have more visible locally intense corrosion behavior than 

Bio-HEA2 might be its higher Zr content exceeding the solid solubility level of Zr with 

other elements in the matrix [147]. It was reported that corrosion resistance of 

compositionally complex alloys first increased and then decreased with the increasing Zr 
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content [147,148]. The main cause of the decrease of corrosion resistance is that the 

excessive Zr enriching on the surface facilitates pitting corrosion, which, in turn, 

accelerates the corrosion [147]. In Figures 2-10 a and c, and Figures 2-10 b and d, the 

SEM micrographs of Bio-HEA1-HT and Bio-HEA2-HT samples prior to and following 

immersion in SBF for 28 days are presented, respectively. For both Bio-HEA1-HT and 

Bio-HEA2-HT, SBF environment was more deteriorating than it was for Bio-HEA1 and 

Bio-HEA2. This could be attributed to the formation of new phases in Bio-HEA1-HT and 

Bio-HEA2-HT as a result of heat treatment, which brings about a decrease in corrosion 

resistance due to chemical homogeneity in the matrix [149]. However, a detailed 

investigation of the passive oxide layer formation on the surface of the samples should be 

conducted by X-ray photoelectron spectroscopy (XPS) analysis to gain further insight and 

information about the surface layer properties of the samples immersed in SBF for 28 

days. 
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Figure 2-8: SEM images of the as-cast Bio-HEA1. (a), (c), (e): prior to static immersion, 

with different magnifications showing a smooth surface. (b), (d), (f): the micrographs for Bio-

HEA1 following 28 days immersion in SBF demonstrating the locally intense corrosion 

behavior (darker regions). 
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Figure 2-9: SEM micrographs of the as-cast Bio-HEA2. (a), (c), (e): prior to immersion 

experiments, and (b), (d), (f): following immersion in SBF for 28 days with different 

magnifications. 
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Figure 2-10: SEM images of Bio-HEA1-HT (a) before immersion and (b) after immersion 

in SBF for 28 days. SEM micrographs of Bio-HEA2-HT (c) before immersion and (d) after 

immersion in SBF for 28 days. 

As tabulated in Table 2-4, the quantity of total ion release from Bio-HEA1, Bio-

HEA1-HT, Bio-HEA2, and Bio-HEA2-HT were very similar to each other following 28 

days of immersion in SBF. However, it should be noted that only Ti ion concentrations 

released from all samples were demonstrated in Table 2-4 because of insignificant 

concentration of other elements. The main advantage of the HEAs studied in this work is 

that they do not include any toxic elements such as Al, Cr or V [150]. Especially Ti is not 

a poisonous metallic element, and when present in human body in large doses, it passes 

through the intestines without being absorbed [150]. Based on a study conducted on the 

effect of Ti on osteoblast in rat calvaria cultures, it was reported that a Ti concentration 

higher than 10 ppm inhibits cell proliferation [151]. The concentrations of Ti ion released 

following a 28-day immersion in SBF from Bio-HEA1, Bio-HEA1-HT, Bio-HEA2, and 

Bio-HEA2-HT, as shown in Table 2-4, are well below the amounts that a human body 

can take in a day which is 800 µg/day [150]. 
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Table 2-4: Total ion concentrations released from Bio-HEA1, Bio-HEA1-HT, Bio-HEA2, 

and Bio-HEA2-HT following 28 days of immersion in SBF. Note that only the amount of Ti 

released into SBF is presented due to insignificant concentrations of Ta, Hf, Nb, and Zr. 

Alloys Quantity of total ion release in SBF (ppb) 

Bio-HEA1 176.48 ± 2.50 

Bio-HEA1-HT 183.45 ± 4.46 

Bio-HEA2 181.20 ± 3.46 

Bio-HEA2-HT 183.27 ± 3.36 

 

Nanoindentation was utilized to measure the elastic modulus of each sample. 

Nanoindentation is a practical tool to assess the mechanical properties of materials. 

However, hardness and elastic modulus measurements calculated from loading and 

unloading curves by using the Oliver-Pharr method may be overestimated because of 

ignorance of pile-ups forming around the indent [152]. Therefore, extra pile-up area 

forming around the indenter were considered in this study to adjust the elastic modulus 

values measured by the nanoindentation experiments taking the pile-up effect into 

account. The method for correcting the measured elastic modulus values were described 

by Saha and Nix [153]. The method assumes that pile-ups form arcs around the edge of 

the indenter and the additional area due to pile-up effect is calculated utilizing geometry 

of the indenter [153]. In Table 2-5, the predicted and experimental elastic moduli values 

(after geometric correction) are presented for Bio-HEA1, Bio-HEA1-HT, Bio-HEA2 and 

Bio-HEA2-HT samples. The lowest elastic modulus measured is 83.5 ± 2.9 GPa, which 

belongs to Bio-HEA1 whose predicted elastic modulus was 72.46 GPa. The predicted and 

experimental elastic modulus results of Bio-HEA1 and Bio-HEA2 are close to each other 

verifying the effectiveness of ML methods employed in this work. The reason that the 

elastic modulus is higher for Bio-HEA1-HT and Bio-HEA2-HT as opposed to Bio-HEA1 

and Bio-HEA2, respectively, is associated with the change in size, total volume and 

distribution of intermetallic phases in the matrix upon heat treatment, leading to 

alterations in the mechanical properties. For instance, the microhardness of 

CoCrFeNiMnVx HEAs were shown to first increase and then decrease with increasing 

and then decreasing amount of harder intermetallic phases concomitant with annealing 

temperature [154]. 
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Table 2-5: Predicted and experimental elastic modulus values of Bio-HEA1, Bio-HEA1-

HT, Bio-HEA2, and Bio-HEA2-HT obtained from nanoindentation experiments (Since heat-

treatment parameters were not included in the dataset, predictions were made for compositions 

in as-cast condition). 

 Predicted Elastic 

Modulus (GPa) 

Experimental Elastic 

Modulus (GPa) 

Bio-HEA1 72.5 83.5 ± 2.9 

Bio-HEA1-HT - 88.2 ± 2.6 

Bio-HEA2 72.9 87.4 ± 2.2 

Bio-HEA2-HT - 90.5 ± 3.4 

 

2.6 Conclusion 

The results of the work presented herein demonstrate the capability of machine 

learning (ML) methods trained with a limited amount of experimental data to predict 

novel biomedical high entropy alloy (HEA) compositions with optimum elastic moduli 

for utility in orthopedic applications. During the training process of the ML algorithms, 

estimated empirical features were utilized in addition to compositions of the alloys in the 

dataset, revealing the importance of using intrinsic properties of the elements to increase 

the soundness of the model. The ML algorithm utilized in this work predicted two novel 

biomedical HEA compositions, namely Ti23Ta10Hf27Nb12Zr28 and Ti28Ta10Hf30Nb14Zr18, 

with elastic moduli of 83.5 ± 2.9 GPa and 87.4 ± 2.2 GPa, respectively. The predicted 

elastic moduli of the new alloys were validated by nano-indentation experiments once the 

materials were manufactured. The samples were then subjected to immersion experiments 

in simulated body fluid (SBF) for 28 days to assess their biocompatibility and ion release 

behavior. The predicted alloys were also annealed in 1000 °C for 12 hours to examine the 

changes in microstructure, and corresponding elastic moduli and ion release behavior. As 

a result, it was shown that heat treatment brought about formation of additional phases in 

the microstructure which showed that these alloys with a single BCC phase in the as-cast 

state can be used without heat treatment. Overall, the findings presented herein 

demonstrate that these materials have promising properties to be utilized as implant 
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materials, but further investigation of their biocompatibility is necessary prior to their 

utility as orthopedic implant materials. 
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Chapter 3: 

OPTIMIZING MECHANICAL PROPERTIES AND AG ION 

RELEASE RATE OF SILVER COATINGS DEPOSITED ON TI-

BASED HIGH ENTROPY ALLOYS 

3.1 Introduction 

The reliable and long-term utility of metallic implant materials necessitates some 

fundamental characteristics such as excellent biocompatibility, high corrosion resistance, 

good mechanical properties, and high wear resistance [155]. For instance, Ti and its 

alloys, such as Ti6Al4V, have been in commercial use for decades as they possess a 

satisfactory combination of mechanical and physical properties. However, in spite of 

being one of the most popular metallic implant materials, Ti6Al4V still possesses some 

disadvantages, such as low wear resistance and a high coefficient of friction, which result 

in debris formation around the surrounding tissue, leading to inflammatory reactions 

[156,157]. Furthermore, the release of toxic V and Al ions to the adjacent tissue has been 

associated with health problems, including peripheral neuropathy, osteomalacia, and 

Alzheimer’s disease, undermining its utility in long-term biomedical applications 

[78,156,158,159]. A conventional alternative to Ti6Al4V alloy for biomedical 

applications is 316L stainless steel which has good wear and mechanical properties. 

Nevertheless, it exhibits insufficient antibacterial properties [160], leading to an increased 

chance of infection while in use [161,162]. Recently, high entropy alloys (HEAs) 

comprising non-toxic elements such as Hf, Nb, Ta, Ti, and Zr have come into 

consideration to replace the Ti6Al4V alloy in biomedical applications, mainly owing to 

their superior mechanical properties, excellent biocompatibility, and corrosion resistance 

[83–86], in addition to exhibiting better mechanical compatibility with human bone [85]. 

However, they also suffer from the lack of antibacterial defense mechanisms against the 

bacterial biofilms forming between the implant and surrounding tissue during and 

following implantation [163,164]. 

Infections due to the adhesion of bacteria to the implant surface are one of the major 

complications that can come about during surgery, affecting the long-term performance 
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of the implants, which may sometimes lead to a complete failure of the implant [165]. In 

order to reduce the risk of infection around the implants, antibiotics are generally utilized. 

However, the distribution of the antibiotics to the surroundings of the infected hard tissue 

is ineffective owing to reduced blood circulation around the damaged tissue. To increase 

the effectiveness of antibiotics, it is required to attain higher concentration levels which 

may be harmful and induce toxicity [166]. Additionally, side effects regarding excessive 

and misuse of antibiotics include increased resistance of bacteria against antibiotics, 

which, in turn, impairs the efficacy of antibiotics [167,168]. Hence, it is of utmost 

importance to redesign the implant surface, which can be achieved by applying a coating 

onto the implant surface to release antibacterial agents [169,170] and serve as an effective 

barrier against toxic ion release from the bulk material into the bloodstream [171,172]. 

For this purpose, metallic ions, such as Cu2+ [173], Zn2+ [174], and Ag+ 

[161,164,175,176], have been studied as antibacterial agents. Silver ions are mostly 

preferred owing to their capability to annihilate antibiotic-resistant bacteria [162] and the 

low levels of local toxicity they cause to human cells [161,177,178] without deteriorating 

the metabolic activity and proliferation of osteoblast and epithelial cells [161]. For 

instance, it was shown that increased silver ion release resulted in a decrease in the E.coli 

and Staphylococcus aureus adhesion to the surface of the Ag-TiO2 coatings [179]. In 

another study, a 13-fold reduction in the number of colonies formed by P. aeruginosa and 

total inactivation of E.coli and Staphylococcus bacteria after 48 hours due to Ag+ was 

reported [164]. The mechanism by which Ag+ hinders bacterial activity has not been 

clearly identified yet, but there are three possible mechanisms proposed in the literature 

[164,180–184], all of which indicate that the rate and amount of the Ag ion release 

constitute the key factors determining the effectiveness of the antibacterial defense 

mechanism of the coatings. In fact, if released in high amounts, Ag ions can be toxic to 

human cells. Thus, controlling the Ag ion release is essential for obtaining a coating with 

good antimicrobial properties and improved cytocompatibility. 

The antimicrobial properties of pure silver or silver-containing coatings depend on 

the amount of silver present in the system, which changes with the size, morphology, and 

surface-to-volume ratio of nanoparticles (NPs) and silver clusters [185]. The crystal 

structures and mechanical properties of the coatings, as well as NPs and agglomerates 

forming on the coatings, are factors which can be modified by controlling the sputtering 

parameters. Additional parameters dictating the final properties are the substrate itself, as 
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well as the temperature and pressure in the deposition chamber. Specifically, owing to its 

impact on the mobility and interactions of deposited atoms on the surface, the substrate 

temperature was shown to result in variations in the microstructure and growth dynamics 

of the coatings. In general, an increase in crystallite size and a decrease in compressive 

internal macro stresses leading to lower hardness values were observed with rising 

substrate temperature due to enhanced atom mobility on the surface [186]. The type or 

the ratio of different gases fed into the deposition chamber is another parameter 

influencing the final properties of the coatings. For example, an increase in N2/Ar fraction 

can reduce the film's crystallinity, leading to a transformation of the microstructure to an 

amorphous phase [186,187]. Furthermore, it was demonstrated that the microstructure, 

thermal stresses, and residual stresses in metallic films were affected by the substrate on 

which they were deposited, namely by their crystal structure, surface roughness, and 

thermal expansion coefficients [188]. The working pressure during sputtering is another 

important parameter, such that it can change the residual stresses from compressive to 

tensile when increased [189]. Overall, the number of involved deposition parameters 

increases the difficulty of controlling the final coating properties. Yet, optimizing the 

deposition parameters also provides an opportunity to tailor the microstructure and 

mechanical properties of the coatings. 

The current work aims at applying Ag coatings on two novel biomedical HEAs, 

recently designed by the authors implementing machine learning techniques, to be 

utilized in orthopedic implants [71], namely the Ti23Ta10Hf27Nb12Zr28 (HEA-Ti23) and 

Ti28Ta10Hf30Nb14Zr18 (HEA-Ti28) alloys, in order to increase their antibacterial 

properties by tuning the amount of ion release from the Ag films sputtered on them. The 

focus was placed on the evolution of microstructure, texture, mechanical properties, and 

ion release behavior of Ag thin films sputtered under different conditions. As a result, 

both deposition time and Ar flow rate were demonstrated to significantly affect the texture 

evolution, mechanical properties, and ion release behavior of the thin Ag films coated on 

Ti-based novel HEAs. For instance, a decrease in Ar flow rate resulted in the evolution 

of small silver NPs, leading to a severe increase in ion release, suggesting that ion release 

can be altered by controlling texture and NP size together via deposition time and Ar flow 

rate. The experimental outcomes of the work presented herein demonstrate that there 

exists a complicated relationship between the final properties of the antibacterial Ag films 

and the RF magnetron sputtering process parameters, yet also indicate that the delicate 
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balance among these parameters could also be beneficial in enhancing the 

biocompatibility of the Ti-based HEAs to be utilized in orthopedic implants. 

3.2 Materials and methods 

The silver coatings were deposited on the HEA-Ti23 and HEA-Ti28 substrates, 

fabricated by arc melting of Ti, Ta, Hf, and Nb with 99.9 % purity and Zr with a purity 

of 99.2% under a Ti-gettered argon atmosphere on a water-cooled copper crucible. To 

ensure chemical homogeneity, the button-shaped samples were flipped and re-melted at 

least five times. Then, the samples were cut with wire electro-discharge machining 

(EDM) to obtain samples with 2 mm thickness. For all the experiments, the surfaces of 

substrates were prepared using a series of SiC emery papers up to 2500 grit size, followed 

by polishing with 0.25 µm alumina suspension to acquire a mirror-like surface. The 

polished substrates were then ultrasonically cleaned with acetone, ethanol, and de-ionized 

water for fifteen minutes, respectively. 

 

Table 3-1: Sample names, varied deposition parameters, and thickness measurements based 

on a cross-sectional analysis of the films deposited on silicon wafers. 

Sample Substrate Ar flow rate (sccm) 
Deposition 

time (min) 

Thickness 

(nm) 

H23-20min HEA-Ti23 
10 20 350 

H28-20min HEA-Ti28 

H23-40min HEA-Ti23 
10 40 720 

H28-40min HEA-Ti28 

H23-60min HEA-Ti23 
10 60 1025 

H28-60min HEA-Ti28 

H23-5sccm HEA-Ti23 
5 40 890 

H28-5sccm HEA-Ti28 

H23-20sccm HEA-Ti23 
20 40 380 

H28-20sccm HEA-Ti28 

 

Ag coatings with thicknesses ranging from 300 to 1025 nm were deposited on HEA-

Ti23, HEA-Ti28, and silicon wafers by radio frequency magnetron sputtering (Nanovak 
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NVTS-400) operating in Ar atmosphere without substrate bias. The silicon wafer was 

chosen for cross-sectional investigations because of its convenient preparation procedure. 

The system was maintained at a base pressure of 1x10-7 Torr by a turbo pump backed by 

a mechanical pump, and the power was set to 100 W for all experiments. Five different 

sets of coating samples deposited on HEA-Ti23 and HEA-Ti28 were produced by varying 

deposition time and Ar flow rate. To eliminate any impurities residing on the Ag target 

(99.9 % purity) surface, the target was pre-sputtered for 15 minutes, where the substrates 

were isolated from plasma by a movable shutter. The experimental details related to 

varied sputtering parameters (Ar flow rate and deposition time) and measured thickness 

values from the cross-sectional analysis are summarized in Table 3-1. For H23-20min, 

H23-40min, H23-60min, H28-20min, H28-40min, and H28-60min samples, the Ar flow 

rate was kept constant, and the deposition time was varied. On the other hand, the 

deposition time was maintained, and the Ar flow rate was altered for H23-5sccm, H23-

20sccm, H28-5sccm, and H28-20sccm samples. 

The phase structure of each substrate was characterized by the X-ray diffraction 

(XRD) method utilizing a Bruker D2 Advanced X-ray diffractometer with Cu-Kα 

radiation, where the acquisition angle ranged from 20° to 80° with incremental steps of 

0.02°. For identifying the crystal structure of the coatings, the XRD device was set to 

grazing incidence X-ray diffraction (GIXRD) mode, and the data were collected at an 

incidence angle of 1°. The surface morphology and cross-section investigations of the 

coatings were performed using a field emission scanning electron microscope (FESEM, 

Zeiss, Ultra Plus). To examine the surface topography of the substrates and the coatings, 

an atomic force microscope (AFM) operated in tapping mode was employed. 

To investigate the amount of ion release from the coatings, the coated substrates were 

exposed to immersion experiments in SBF (Table 3-2) for 28 days in an electronically 

controlled water bath at a constant temperature of 37 °C. Since only one surface of each 

thin substrate was coated, the uncoated surfaces of the substrates were covered with epoxy 

in order to prevent contact of the uncoated HEA surfaces with the SBF medium. All 

coated samples were held in separate sealed tubes, where the necessary amount of SBF 

volume for each sample in each tube was calculated in accord with the G31 ASTM 

standards [141]. Following 28 days of immersion in SBF, the quantity of ions released 

into the SBF medium was investigated employing an inductively coupled plasma-mass 

spectrometer (ICP-MS, Agilent 7700x). 
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Table 3-2: Composition for preparing 1000 mL of SBF solution utilized in the static 

immersion experiments. 

Solution Reagents Amount (g/L) 

SBF NaCl 8.036 

 NaHCO3 0.352 

 KCl 0.225 

 K2HPO4·3H2O 0.23 

 MgCl2·6H2O 0.311 

 1 M HCl 40 mL 

 CaCl2·2H2O 0.293 

 Na2SO4 0.072 

 TRIS 6.063 

 1 M HCl 2 mL 

 

A depth-sensing nanoindentation device (Agilent G200) equipped with a Berkovich 

diamond indenter tip was employed to acquire elastic modulus (E) and hardness values 

(H) of the coated samples from the loading and unloading curves by using the Oliver-

Pharr method. The effect of substrate on the E and H measurements of coatings was 

avoided by controlling the indenter’s penetration depth at 1/10th of coatings with different 

thicknesses during the measurements. Fifteen measurements were performed on each 

coating, and the average values for E and H were reported along with the standard 

deviation. 

3.3 Results and discussion 

The substrates HEA-Ti23 and HEA-Ti28 used in this study have a body-centered 

cubic (BCC) crystal structure with lattice parameters of 3.486 Å and 3.458 Å, respectively 

[71]. In Figure 3-1, the GIXRD results of the coatings deposited on HEA-Ti23 and HEA-

Ti28 are presented. It can be inferred that the coatings revealed a face-centered cubic 

(FCC) crystal structure with a (111) preferred orientation regardless of the varying 

deposition time and gas flow rate, which is consistent with the literature [190,191]. The 

(111) plane is the most close-packed orientation in FCC crystal structure favored in terms 
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of thermodynamics [192,193]. To elaborate, as small islands start to form, random texture 

begins to emerge on the substrate surface at the onset of deposition, and these islands join 

as they grow, which is called island coalescence. Coarsening during coalescence is the 

determinant phenomenon in the evolution of preferred orientation in thin films. Namely, 

the surface adatoms diffusing by surface diffusion and incoming atoms deposited near 

grain boundaries have a high tendency to diffuse towards the grains with orientation 

providing a more stable and low potential energy sites [194,195]. Therefore, the (111) 

oriented grains grow faster in thin films with FCC crystal structure, consuming other 

grains with high diffusivity planes [194]. 

 

 
Figure 3-1: GIXRD patterns of the coatings deposited on HEA-Ti23 and HEA-Ti28 

substrates: (a) the case of constant Ar flow rate of 10 sccm with varied deposition time of 20, 

40, and 60 min, and (b) for constant deposition time of 40 min with Ar flow rates of 5, and 20 

sccm. 

The crystallite sizes for the coatings were calculated based on the full width at half 

maximum (FWHM) of the (111) peaks of each coating utilizing the Scherrer equation: 

 

 𝐷 =
𝐾𝜆

𝛽𝑐𝑜𝑠𝜃 

 

(3.1) 

where D is the crystallite size, K is a dimensionless shape factor which is taken as 0.9 

following a general assumption that the crystals are spherical in shape [193], λ is the 

wavelength of Cu K⍺1, β is the FWHM, and θ is the Bragg angle of the (111) peak. The 

estimated crystallite size of the coatings with varying deposition time and Ar flow rate is 
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shown in Figure 3-2a and b, respectively. Based on Figure 3-2, it can be concluded that 

the crystallite size increases concomitant with the deposition time and gas flow rate. The 

impact of gas flow rate on the crystallite size can be better understood by keeping the 

thickness constant: when the H23-20min and H28-20min (350 nm) samples are compared 

to H23-20sccm and H28-20sccm (380 nm) samples because their thicknesses are similar 

(Table 3-1), it becomes evident that an increase in the Ar flow rate resulted in enlarged 

crystallites. Similarly, a decrease in the Ar flow rate resulted in a shrinkage in crystallite 

size owing to defects created on the surface due to incoming atoms with high kinetic 

energy, hence increasing the number of available potential nucleation sites leading to a 

decrease in crystallite size [192]. It should be noted that, as the gas flow rate decreased, 

the deposition rate increased, and therefore the thickness of the coatings deposited in 5 

sccm was larger than the ones deposited in 20 sccm (Table 3-1). Accordingly, one can 

deduce that as the Ar flow rate decreases (i.e., the thickness increases), the crystallite size 

decreases. However, this trend observed in Figure 3-2b contradicts the one demonstrated 

in Figure 3-2a and what was previously observed for Ag thin films [193] and NbMoTaW 

refractory HEA thin films [194]: the increment in thickness brings about an enlargement 

in the crystallite size. To elaborate more, the results obtained in the aforementioned 

studies [193,194] employed a constant gas flow rate in the experiments and showed that 

crystallite growth occurred as the film thickness increased. On the contrary, our results 

demonstrated that, although the film thickness increased (due to a higher deposition rate 

obtained at a low Ar flow rate), a decrease in the crystallite size was observed owing to 

the high magnitude of coalescence stress caused by adatoms with high momentum 

[196,197] and an increasing number of available potential nucleation sites brought about 

by the decrease in gas flow rate [192]. Thus, this contradiction implies that thickness and 

Ar flow rate are both significant parameters affecting crystallite size and can be used 

interchangeably to adjust the crystallite size. 
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Figure 3-2: Crystallite sizes of the coatings deposited on HEA-Ti23 and HEA-Ti28 

substrates: (a) the case of constant Ar flow rate of 10 sccm with varied deposition time of 20, 

40, and 60 min, and (b) for constant deposition time of 40 min with Ar flow rates of 5, 10, and 

20 sccm. 

Figure 3-3 demonstrates the ratio of the two prevalent crystal orientations detected 

on the coating surfaces (Figure 3-1), namely the ratio of the (200) orientation to (111) 

orientation (I200/I111), for the silver coatings deposited on HEA-Ti23 and HEA-Ti28 

substrates. In fact, there are two active mechanisms competing during thin film deposition 

to minimize the system's total energy: surface and strain energy minimization [198]. The 

(111) plane minimizes the surface energy, whereas the (200) plane minimizes the strain 

energy of the system during deposition for FCC crystal structure [199,200]. As 
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demonstrated in Figure 3-3a, the I200/I111 ratio first decreases, then increments as the 

deposition time increases from 20 min to 60 min while the Ar flow rate is kept constant 

at 10 sccm. It appears that 40 min is the transition point (i.e., the critical thickness, 720 

nm) where a transformation from minimization of surface energy to minimization of 

strain energy took place as deposition time increased further. In other words, below a 

critical thickness level of 720 nm, the surface energy minimization is the dominating 

mechanism; on the other hand, the leading active mechanism is the strain energy 

minimization above the critical thickness. The strong (111) texture in H23-40min and 

H28-40min samples also indicates that the intrinsic stresses at 720 nm thickness level are 

very high (Figure 3-3a). This increase in the intrinsic stresses is brought about by the high 

density of (111) orientation restricting the mobility/diffusion of the surface atoms due to 

incoming high energetic atoms, which, in turn, hinders the release of accumulated strain 

energy [198]. Once the deposition time increased from 40 to 60 min, the I200/I111 ratio 

surged, indicating that the intensity of the initially less prominent (200) orientation 

became higher, leading to relaxation of the accumulated strain energy [198]. This 

observed trend for Ag films investigated in this study contradicts the previous observation 

on TiN coatings deposited by RF magnetron sputtering, where the governing mechanism 

for texture evolution was the minimization of the strain energy with increasing thin film 

thickness [201]. This difference stems from Ag being a soft, low melting material and 

having low activation energy for self-diffusion, which can accommodate the 

accumulating intrinsic stresses (relaxation by stress-driven diffusion) during deposition, 

as opposed to a harder and higher melting point material such as TiN [189].  
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Figure 3-3: The ratio of the (200) orientation to (111) orientation of the coatings deposited 

on HEA-Ti23 and HEA-Ti28 substrates: (a) the case of constant Ar flow rate of 10 sccm with 

varied deposition time of 20, 40, and 60 min, and (b) for constant deposition time of 40 min 

with Ar flow rates of 5, 10, and 20 sccm. 

To elucidate the effect of changing Ar flow rate on the I200/I111 ratio, a comparison 

among the samples should be made based on the data presented in Figure 3-3b. When 

H23-20sccm and H28-20sccm are compared to H23-20min and H28-20min, respectively, 

the effect of increasing Ar flow rate from 10 to 20 sccm can be made below the critical 

thickness (720 nm), where surface energy minimization is the dominating mechanism for 

the coatings. Below the critical thickness (720 nm), the values of I200/I111 ratio for H23-

20min and H28-20min (350 nm) decreased compared to H23-20sccm and H28-20sccm 

(380 nm), respectively. The main conclusion that can be drawn from these results is that 

the surface energy minimization becomes stronger for the coatings deposited at a higher 

Ar flow rate as opposed to the coatings sputtered at a lower Ar flow rate with the same 

thickness values below critical thickness (720 nm). The reason why the surface energy 

minimization became more dominant for the coatings (Figure 3-4c) deposited in a high 

Ar flow rate might also be explained by the higher surface roughness obtained for these 

coatings as opposed to the coatings (Figure 3-4b) deposited at a lower Ar flow rate. When 

H23-5sccm and H28-5sccm (890 nm) are compared to H23-60min and H28-60min (1025 

nm) above critical thickness where strain energy minimization is the dominating 

mechanism, the values of I200/I111 ratio for H23-5sccm and H28-5sccm decreased 

compared to H23-60min and H28-60min, respectively. This suggests that the portion of 

strain energy minimization in the total system energy minimization dropped for the 

coatings deposited in 5 sccm Ar flow rate as opposed to the coatings deposited in 10 sccm 



 
Optimizing mechanical properties and Ag ion release rate of silver coatings deposited 
on Ti-based high entropy alloys  52 

52 
 

above critical thickness (720 nm). These findings imply that high Ar flow rate results in 

an increase in the portion of surface energy minimization below critical thickness and 

strain energy minimization above critical thickness in the total energy minimization 

process. 

 
Table 3-3: The (111) peak positions and the ratio of (220) orientation intensity to that of 

the (111) orientation calculated from GIXRD data (* indicates that no (220) peaks were 

observed). 

Sample (111) peak position (2q) I220 / I111 (%) 

H23-20min 38.14 8.53 

H28-20min 38.13 8.90 

H23-40min 38.19 10.31 

H28-40min 38.23 5.51 

H23-60min 38.14 14.66 

H28-60min 38.12 15.24 

H23-5sccm 38.15 12.98 

H28-5sccm 38.25 8.47 

H23-20sccm 38.44 * 

H28-20sccm 38.41 * 

 

To understand the microstructure and texture evolution in more detail, the angular 

positions of (111) peaks are compared, as presented in Table 3-3. At a constant Ar flow 

rate, when the deposition time increased from 20 to 60 min, a shift to higher 2q angles 

and then lower angles was observed for the (111) orientation. The increase in the (111) 

peak 2q angle when the deposition time was 40 min points out that the compressive 

intrinsic stresses were accumulating within the coatings. This also complies with the 

increase in the intensity of the (111) peak as compared to that of the (200) peak, as 

demonstrated in Figure 3-3a, suggesting an increase in strain energy in the system while 

surface energy minimization was in progress prior to reaching the critical thickness. When 

the Ar flow rate increased from 5 to 20 sccm, a shift to very high angles, i.e., extreme 

lattice shrinkage, was observed: from 38.15 to 38.44 and from 38.25 to 38.41 for the thin 

films deposited on HEA-Ti23 and HEA-Ti28, respectively. Lower angles observed for 
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(111) peak positions for the coatings deposited at the Ar flow rate of 5 sccm as compared 

to the ones deposited in 20 sccm can be explained by the atomic peening effect due to 

high energy atoms coming from the target [189,202,203]. Specifically, these incoming 

atoms with high momentum bombard the surface of the growing films enhancing the 

diffusion and displacement of the surface atoms towards deeper positions, leading to 

vacancy filling and planes providing lower potential energy sites. On the other hand, 

higher angles detected for (111) peak position for the coatings deposited at the Ar flow 

rate of 20 sccm can be attributed to the incorporation of Ar atoms into the lattice due to a 

high number of Ar present in the plasma, resulting in high compressive stresses [192]. 

The ratio of the (220) orientation intensity to that of the (111) orientation is 

demonstrated in Table 3-3, which can be used as an indicator of the yielding state of the 

grains. In particular, when all the grains in FCC metallic coatings reach their yield stress, 

another strain energy minimizing orientation, namely the (220) orientation possessing 

lower yield strength as compared to (111) and (200) orientations, might start to evolve 

[195]. Furthermore, the (220) orientation has a higher surface energy as compared to the 

(111) and (200) orientations. In the current experiments, a steady increase in the I220/I111 

ratio for H23-20min, H23-40min, and H23-60min, i.e., while the deposition time or the 

thickness was increasing, the (220) indexed orientation was evolving to compensate for 

the grains yielding. Accordingly, in the coatings deposited on the HEA-Ti23 substrate, 

the growth of grains with the (220) orientation served as an active mechanism of strain 

energy release. However, as for the coatings on the HEA-Ti28, first, a decrease and then 

a steep rise in the I220/I111 ratio was observed. The sharp increase from 5.51 to 15.24 % in 

the I220/I111 ratio as deposition time increased from 40 to 60 min for the films deposited 

on the HEA-Ti28 substrates illustrates that the crystallites reached their elastic limits, 

which favored further/faster growth/evolution of the (220) oriented grains. These results 

suggest that the strain energy release behavior of the coatings deposited in the same 

conditions on different substrates might differ. Additionally, based on the results 

tabulated in Table 3-3, (220) peaks were not observed for the coatings sputtered at the Ar 

flow rate of 20 sccm. This is associated with the thicknesses of H23-20sccm and H28-

20sccm samples being below the critical limit, where surface energy minimization is the 

dominating factor. 

The 3D AFM images of the uncoated HEA-Ti23 substrate and the H23-5sccm, H23-

20sccm, H23-20min, H23-40min, and H23-60min samples obtained from an area of 10 
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µm x 10 µm are provided in Figure 3-4. The mean surface roughness value, Ra, was 

measured as 3.45 nm, 8.36 nm, 9.48 nm, 5.95 nm, 7.33 nm, and 12.9 nm for the HEA-

Ti23 substrate, and the H23-5sccm, H23-20sccm, H23-20min, H23-40min and H23-

60min samples, respectively. While the substrate exhibited a smooth surface morphology, 

the coatings revealed a relatively rougher surface appearance. Based on Figure 3-4d, e, 

and f, it can be inferred that with increasing deposition time and thickness, the average 

roughness of the coating increases [193,204]. Furthermore, a comparison of the surface 

morphologies of the H23-20sccm (Figure 3-4c) and the H23-20min (Figure 3-4d) 

samples, where the latter sample experienced an Ar flow rate of 10 sccm, reveals that the 

increasing Ar flow rate results in an increase in surface roughness. 

 

 
Figure 3-4: AFM images and surface roughness values of the (a) uncoated HEA-Ti23 

substrate, and the (b) H23-5sccm, (c) H23-20sccm, (d) H23-20min, (e) H23-40min, and (f) 

H23-60min samples. 
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Figure 3-5: FESEM micrographs of (a) H23-20min, (b) H28-20min, (c) H23-40min, (d) 

H28-40min, (e) H23-60min, and (f) H28-60min samples prior to immersion experiments (davg 

represents the crystallite size). 

The FESEM micrographs of the H23-20min, H23-40min, H23-60min, H28-20min, 

H28-40min, and H28-60min samples prior to static immersion in SBF are presented in 

Figure 3-5. Accordingly, the average grain size increased concomitant with deposition 

time in coatings sputtered on both HEA-Ti23 and HEA-Ti28. For the HEA-Ti23 sample, 

the grain growth becomes significant when the deposition time increases from 40 min 

(Figure 5c) to 60 min (Figure 5e), where the strain energy minimization is the governing 

mechanism promoting strain energy relief by grain growth [200]. This notable grain 

growth in the HEA-Ti23 samples when the deposition time increased from 40 min to 60 

min was not present in the HEA-Ti28 samples (Figure 5d and f), where only a slight 
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increase of the average grain size was evident. This indicates the existence of another 

strain relief mechanism for the coatings deposited on HEA-Ti28 substrates, which can be 

associated with the lattice mismatch between the substrates and coatings, i.e., texture and 

the surface energies of the substrates [205]. Specifically, when the deposition time raised 

from 40 min to 60 min, new grains on the surface started to evolve in a different 

orientation [200], possibly the (220) orientation, which would explain the abrupt increase 

in the I220/I111 ratio reported in Table 3-3. Consequently, the new grains forming along 

the (220) orientation might be the primary mechanism to release the strain energy for the 

coatings deposited on the HEA-Ti28 substrates. 

The influence of the Ar flow rate during deposition on the grain size was not as 

dramatic as that of the deposition time: the FESEM images of H23-5sccm, H23-20sccm, 

H28-5sccm, and H28-20sccm samples are demonstrated in Figure 3-6, and comparing the 

5 sccm samples (Figure 6a and b) and 20 sccm samples (Figure 6c and d) with the 10 

sccm samples (Figure 3-5), the 5 sccm samples (Figure 6a and b) reveal a more visible 

NP formation on the surface prior to static immersion experiments. Similarly, when Ar 

pressure decreased to low sccm values, very small and fine Ag NPs were also observed 

on the surface for TiN coatings. The formation of fine NPs when the Ar flow rate 

decreased can be explained by the high number of preferential nucleation sites generated 

and lower adatom mobility resulting from the re-sputtering of adatoms due to increased 

high-energy atom bombardment [192]. These findings suggest that for either pure Ag or 

Ag-doped biomedical coatings, very fine Ag NPs can be acquired based on the application 

area since the toxicity of these Ag NPs is size-dependent [206]. 
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Figure 3-6: FESEM micrographs of (a) H23-5sccm, (b) H28-5sccm, (c) H23-20sccm, and 

(d) H28-20sccm samples prior to immersion experiments (davg represents the crystallite size). 

It is well known that in silver thin films, there exist regions of inhomogeneous 

nucleation that are energetically favorable, such that a mass flow of silver atoms diffuses 

into these relaxed areas due to the chemical potential gradient generated between the 

relieved zone and the surrounding region [207]. As a result of this mass flow of silver 

atoms, a cluster or agglomerate of silver atoms is created on the surface. The 

agglomeration detected on H23-20min, H23-40min, H23-60min, H28-20min, H28-

40min, and H28-60min samples can be seen in FESEM micrographs presented in Figure 

3-7. The general trend observed herein is the growth in size and number of these 

agglomerates as the thickness of the coatings increased. The agglomerate formation, 

which is a stress relief mechanism [208], is an indication of the existence of intrinsic 

compressive stresses [209], as well as the thermal stresses due to the difference in the 

thermal expansion coefficient between various substrates and metal films deposited on 

them [208,210]. The governing mechanism of the formation of these Ag agglomerates is 

the diffusion creep process involving volume and grain boundary diffusion [207]. A 

closer inspection of Figure 3-7e and f indicates that the size of Ag agglomerates on 

coatings deposited on HEA-Ti28 were much larger than the ones forming on the HEA-
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Ti23 substrate. The larger grains in the films sputtered on the HEA-Ti23 substrates might 

be preventing the diffusion of these Ag particles to the energetically favored zones as the 

grain boundary diffusion is one of the controlling agglomeration mechanisms [210]. 

Furthermore, the existence of a smaller and larger number of agglomerates on the H23-

60min samples might be an indication of more uniform relaxation of strain and thermal 

stresses, as opposed to the coatings on HEA-Ti28. The larger and severely localized Ag 

agglomerates developing on the coatings deposited on HEA-Ti28 (H28-60min sample) 

might be triggered by the higher rate/percentage of increase in the ratio of I200/I111 (Figure 

3-3a). In other words, stronger gradients, along with higher rate of strain relaxation, might 

be developing through these localized zones, which may be the driving force for increased 

surface diffusion of silver atoms found in the H28-60min sample [207,211]. As opposed 

to the deposition time, the role of the Ar flow rate is relatively indistinguishable, such that 

a small amount of decrease in both size and number of the agglomerates can be seen with 

increasing Ar flow rate (Figure 3-8). 
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Figure 3-7: FESEM micrographs of agglomerate formation observed on the surface of (a) 

H23-20min, (b) H28-20min, (c) H23-40min, (d) H28-40min, (e) H23-60min, and (f) H28-

60min samples prior to immersion experiments. 
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Figure 3-8: FESEM micrographs of agglomerate formation observed on the surface of (a) 

H23-5sccm, (b) H28-5sccm, (c) H23-20sccm, and (d) H28-20sccm samples prior to immersion 

experiments. 

The nanoindentation results for the coatings are shown in Table 3-4. At a constant 

Ar flow rate of 10 sccm, both E and H values increased and then decreased with increasing 

deposition time for the coatings deposited on HEA-Ti23 substrates. The trend seen in the 

E and H values is similar to the one observed in Figure 3-3a. Specifically, the highest E 

and H values are associated with a strong (111) texture present in the H23-40min sample. 

On the other hand, the coatings deposited on the HEA-Ti28 substrates revealed a different 

trend for H values: as thickness increased, the H values decreased. This might be due to 

larger agglomerates developed on the surface of coatings deposited on HEA-Ti28, which 

act as stress concentration points and facilitate crack initiation in edges under applied 

mechanical stress [169,186,212]. The sudden drop in the H value when the deposition 

time increased from 20 to 40 min (H28-20min and H28-40min samples, respectively) 

might be associated with the rapid growth of crystallites, as evident from Figure 3-2a. As 

for the Ar flow rate, when it decreased to 5 sccm, both E and H values decreased 

drastically, although the normal expectation would be an increase owing to the smaller 

crystallite sizes of the H23-5sccm and H28-5sccm samples as compared to other coatings 

studied herein. The same trend was also reported for (AlCrTaTiZr)N films that did not 
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follow the Hall-Petch relationship, implying that a reduction in crystallite size does not 

always enhance the hardness [186]. The decrease might also be stemming from the voids 

present in the microstructure, as can be seen in Figure 3-6a and b. The very complex 

behavior of H values uncovers that there are multiple parameters, such as crystallite size, 

texture, intrinsic stresses, and agglomeration, dictating the measured mechanical 

properties of the coatings all at once [186,213]. 

 

Table 3-4: Experimentally measured elastic modulus and hardness values of the coatings. 

Sample E (GPa) H (GPa) 

H23-20min 88.3 ± 16.0 1.20 ± 0.22 

H28-20min 88.8 ± 19.8 1.37 ± 0.30 

H23-40min 101.7 ± 12.4 1.33 ± 0.26 

H28-40min 96.8 ± 16.0 1.12 ± 0.25 

H23-60min 87.3 ± 15.9 1.01 ± 0.26 

H28-60min 89.7 ± 10.9 1.11 ± 0.21 

H23-5sccm 75.3 ± 15.3 0.57 ± 0.18 

H28-5sccm 74.16 ± 12.0 0.68 ± 0.19 

H23-20sccm 85.3 ± 20.8 1.28 ± 0.34 

H28-20sccm 94.4 ± 16.6 0.82 ± 0.15 
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Figure 3-9: FESEM micrographs of (a) H23-20min, (b) H28-20min, (c) H23-40min, (d) 

H28-40min, (e) H23-60min, and (f) H28-60min samples following immersion in SBF for 28 

days. 

A detailed FESEM analysis was undertaken to uncover the roles of deposition time 

(Figure 3-9) and Ar flow rate (Figure 3-10) on the Ag ion release behavior of coated HEA 

samples when immersed in SBF for 28 days, in addition to the ICP-MS analysis (Figure 

3-11). One notable observation is that the surface damage present in H28-20min (Figure 

3-9b) was more severe than the damage observed in H23-20min sample (Figure 3-9a), 

which correlates well with the higher Ag ion concentration detected in the immersion 

fluid of the H28-20min sample after 28 days (Figure 3-11a). Specifically, the increase in 

deposition time first resulted in a decrease and then an increase in the Ag ion release, 

proving that thicker coatings do not necessarily release a higher amount of Ag ion and 
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implying the presence of other parameters affecting the ion release behavior [214]. To 

elaborate, the reason behind the low ion release from the H23-40min and H28-40min 

samples might be the strong (111) texture, which is the orientation with the lowest 

interfacial energy, abating the dissolution rate of Ag ions in these samples [199]. Figure 

3-11a unveils that the texture has an impact on the ion release behavior of the coatings as 

the ICPMS results follow a similar trend to that of the I200/I111 ratio presented in Figure 

3-3a. 

Another important observation is that the surfaces of the H23-5sccm (Figure 3-10a), 

H28-5sccm (Figure 3-10b), and H28-20sccm (Figure 3-10d) samples sustained less 

damage upon immersion in SBF for 28 days as compared to the H23-20sccm sample with 

a hazy appearance (Figure 3-10c). In addition, the ICP-MS results (Figure 3-11b) point 

out that the decreasing Ar flow rate brings about a sharp increase in Ag ion release. This 

can be attributed to the very small Ag NPs present on the surface (Figure 3-6a and b): it 

was reported that small-sized particles are more toxic owing to higher surface-to-volume 

ratio, leading to an enhanced interaction with body fluids, thereby facilitating faster 

dissolution and ion release [206,215,216]. This shows that the dissolution of Ag NPs is 

size dependent, and the rate of ion release increases exponentially with decreasing particle 

size [206,216]. Hence, the ion release behavior of coatings does not depend only on 

texture but also on particle size. Overall, it can be concluded that the Ar flow rate is an 

important parameter in the control of particle size affecting the ion release of the thin 

films. 
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Figure 3-10: FESEM micrographs of (a) H23-5sccm, (b) H28-5sccm, (c) H23-20sccm, and 

(d) H28-20sccm samples following immersion in SBF for 28 days. 

The level of ion-induced toxicity to various human cells might be different from each 

other. For instance, it was reported that no proof of toxicity was detected for fibroblast 

cells until a level of Ag ion release of 1200 ppb was reached [178]. In another study, 

cytotoxicity in monocytes, a type of white blood cell, was observed above an Ag 

concentration of 1000 ppb. On the other hand, the viability of T-cells and human 

mesenchymal stem cells was shown to be affected only beyond an Ag ion concentration 

of 1500 ppb [216]. As illustrated in Figure 3-11, except for the H23-5sccm and H28-

5sccm samples, the concentrations measured upon static immersion of HEA-Ti23 and 

HEA-Ti28 samples in SBF for 28 days remained below 1000 ppb. Considering both ion 

release behavior and mechanical compatibility, the H23-40min sample stands out with E 

and H values of 101.7 ± 12.4 and 1.33 ± 0.26 GPa, respectively, and an Ag ion 

concentration of 404.2 ± 1.6 ppb detected in SBF upon 28 days of static immersion, 

warranting further elaboration to assess the potential of this Ag coated HEA for utility in 

orthopedic implants. 
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Figure 3-11: Released Ag ion concentrations of the coatings deposited on HEA-Ti23 and 

HEA-Ti28 substrates (a) with the constant Ar flow rate of 10 sccm for deposition times of 20, 

40, and 60 min, and (b) for 40 min at Ar flow rates of 5, 10 and 20 sccm. 

3.4 Conclusion 

This work aimed at uncovering the evolution of microstructural, mechanical, and ion 

release behavior of Ag coatings sputtered on biomedical high entropy alloys (HEAs). The 

study proved that the properties of the coatings deposited on different substrates might be 

different from each other even though they were prepared under the same conditions. The 

deposition time was shown to affect the texture, roughness of the coatings, number, and 

size of agglomerates, and the critical thickness, where the surface energy to strain energy 

minimization transformation took place. Specifically, above a critical thickness, the 

evolution of two different strain energy mechanisms was observed for films sputtered on 

Ti23Ta10Hf27Nb12Zr28 and Ti28Ta10Hf30Nb14Zr18 HEAs: grain growth and formation of 

(220) oriented grains, respectively. Furthermore, the Ar flow rate was shown to have an 

impact on NP size, increasing the amount of ion release drastically due to the increase in 

the surface-to-volume ratio of these particles. It was affirmed that the ion release rate 

depends not only on the NP size but also on the texture of the coating, which can be 

modified by changing the deposition time and the Ar flow rate. More specifically, the 

(111) texture brought about a decrease in the amount of Ag ion release yet a higher elastic 

modulus and hardness values for the HEA-Ag film composite. The experimental findings 

of the study also indicate that the surface energy of the substrate, and the lattice mismatch 

between the coating and the substrate might be associated with the different properties 

observed for the coatings deposited on Ti23Ta10Hf27Nb12Zr28 and Ti28Ta10Hf30Nb14Zr18 
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HEAs. Overall, the results presented herein suggest that the desired combination of 

enhanced biocompatibility and mechanical properties can be achieved for the Ag-HEA 

composites by optimizing the Ag film deposition parameters. 
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Chapter 4: 

UNDERSTANDING THE ENHANCED CORROSION 

PERFORMANCE OF TWO NOVEL TI-BASED BIOMEDICAL 

HIGH ENTROPY ALLOYS 

4.1 Introduction 

Metallic biomaterials have been a prominent choice for replacing failed hard tissue 

in the human body, such as hip, knee joint, and dental roots [78,81,217]. Among metallic 

biomaterials, 316L stainless steel (SS), CoCr-based, and Ti-based alloys are among the 

most utilized implant materials in biomedical applications. Nevertheless, concerns have 

been raised due to their tendency to fail in long-term usage [218,219]. For instance, with 

an elastic modulus of about 200 GPa, which is much higher than that of the bone (about 

30 GPa), the utility of the 316L SS alloy leads to a modulus mismatch between the implant 

and the bone, known as “stress shielding,” eventually leading to implant loosening or 

complete failure of the implant [79,82]. Due to their high strength, good wear, and 

corrosion resistance, CoCr-based alloys have been frequently utilized for hip and total 

knee joint replacements [217]. The good corrosion resistance of CoCr-based alloys is 

associated with the spontaneous formation of a thin oxide film of Cr2O3 on its surface in 

the human body [217,220,221]. However, one major drawback of CoCr-based biomedical 

alloys is the release of Co and Cr metallic ions. It has been reported that Co and Cr release 

could cause cytotoxicity, carcinogenic effects, and pseudotumors [96,219]. Similarly, Ti-

based alloys, especially the Ti6Al4V alloy, have received considerable attention because 

of their good biocompatibility and corrosion resistance [49,79,81,220,222]. Notably, the 

lower elastic modulus of Ti6Al4V reduces the effect of stress shielding; however, the 

release of Al and V ions has raised serious concerns as they cause cytotoxic effects in the 

human body [155,217,223,224]. In particular, the toxic Al and V ions inhibit the growth 

of the bone and can lead to Alzheimer’s disease and peripheral neuropathy [156,159]. 

Recently, high entropy alloys (HEAs) composed of multi-principal elements with 

concentrations varying between 5 at% and 35 at% have gained much attention due to their 

high strength, superior high-temperature properties, corrosion resistance, and mechanical 
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properties, which are attributed to the four-core effect: high entropy, lattice distortion, 

sluggish diffusion, and cocktail effects [3,225]. Various HEA systems have been 

manufactured in recent years [31,84,226–228]. Several HEAs containing a combination 

of Hf, Nb, Ta, Ti, and Zr elements, including Ti-Zr-Nb-Ta [55,229], Ti-Nb-Zr-Sn [224], 

Ti-Zr-Nb-Mo [230], Ti-Zr-Hf-Nb-Fe [54], Ti-Zr-Nb-Ta-Mo [231,232], and Ti-Zr-Hf-Nb-

Ta-Mo [233], have been developed. Previous studies reported that alloying with Mo made 

the Ti-Zr-Nb-based refractory HEAs brittle, which is inconvenient from a biomedical 

perspective [84,232]. It was found that human gingival fibroblasts exhibited better 

adhesion and proliferation behaviors on Ti40Zr20Hf10Nb20Ta10 alloy, developed as a 

potential candidate for dental implants [234]. In another study, good viability and 

proliferation behaviors of MC3T3-E1 pre-osteoblasts obtained on equimolar 

TiZrHfNbTa HEA showed its promising in vitro biocompatibility and high bio-corrosion 

resistance in Hank’s solution at 300 K [235]. However, in terms of biomechanical 

compatibility, these HEAs still possess notably higher elastic moduli than that of the bone, 

which in turn might result in stress shielding, thereby, bone degradation [96,232]. 

Despite the theoretical description suggesting that HEAs form single-phase solid 

solutions over intermetallic compounds owing to the high configurational entropy 

induced by mixing multiple principal elements [3,102], researchers have demonstrated 

that phase decomposition may occur in some HEAs [96,236,237], including biomedical 

ones from the HfNbTaTiZr alloy family [238,239]. From a biomedical point of view, 

elemental segregation and phases present in the microstructure are significant factors 

affecting materials’ corrosion behavior and resistance. More specifically, phase structure 

and elemental segregation would alter the passive oxide layer’s properties influencing the 

dissolution kinetics [240]. Therefore, a detailed analysis of oxide layer stability, which 

depends on the chemical composition of the bulk material and the high and low valence 

oxides forming on it, should be conducted, especially when in contact with bodily fluids 

to affirm the durability of the implant [241]. 

After implantation, conventional biomedical alloys were shown to be vulnerable to 

different corrosion types, such as localized pitting and crevice corrosion in contact with 

bodily fluids [85,222]. In the literature, simple electrolytes, such as phosphate-buffered 

saline (PBS), are commonly used to rank the biomaterials. Nonetheless, PBS electrolyte 

does not have the diversity of the chemical compounds in human blood and might result 

in overestimating biomaterials’ chemical resistance [242]. Therefore, SBF electrolyte, 
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possessing a closer chemical composition to that of the blood [140], would be a better 

choice for replicating the in vivo conditions in the human body by means of in vitro 

experiments [243]. In assessing the functionality and durability of implant materials for 

dental applications, the conditions in the human oral cavity should be replicated. The oral 

cavity, one of the most dynamic environments in the human body with exposure to many 

acidic foods, can result in accelerated ion release and corrosion [244]. Therefore, to 

simulate the biological and aggressive conditions in the human body, SBF and artificial 

saliva (AS) electrolytes would be a better choice to investigate ion release behavior, 

passive layer formation, and corrosion resistance of metallic implant materials. To sum 

up, developing novel metallic implant materials and exploring their corrosion resistance 

in bodily fluids is an essential step that should be taken before conducting in vivo studies, 

which are financially and time-wise costly [83,86,245,246]. 

To address the complications emerging due to stiffness mismatch between the hard 

tissue and the implant, two new biomedical HEAs were recently designed and produced 

with the aid of machine learning: namely, the Hf27Nb12Ta10Ti23Zr28 (HEA-Ti23) and 

Hf30Nb14Ta10Ti28Zr18 (HEA-Ti28) with elastic moduli closer to that of the bone (83.5 GPa 

and 87.4 GPa, respectively) [71]. The current study aimed to assess the ion release and 

corrosion resistance of HEA-Ti23 and HEA-Ti28. First, the arc-melted alloys' as-cast 

microstructures were characterized to investigate the degree of elemental segregation and 

microstructural evolution during the arc-melting process. Then, the alloys were exposed 

to static immersion experiments in AS and SBF to monitor the ion release behaviors. The 

corresponding oxide films that formed on the HEAs upon being immersed in AS and SBF 

were investigated by X-ray photoelectron spectroscopy (XPS). Finally, the 

electrochemical behaviors of the two novel HEAs were assessed by performing 

potentiodynamic polarization tests in SBF and AS electrolytes and compared with the 

corrosion behavior of the CoCrMo, utilized as control material. The experimental 

findings presented herein show that both HEA-Ti23 and HEA-Ti28 exhibit a dendritic 

microstructure in the as-cast condition and allow for the formation of a passive oxide 

layer consisting of high valence oxides and sub-oxides and have a better corrosion 

behavior in both AS and SBF as opposed to the conventional CoCrMo alloy, which is 

widely used as an implant material. 
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4.2 Experimental details 

The Hf27Nb12Ta10Ti23Zr28 (HEA-Ti23) and Hf30Nb14Ta10Ti28Zr18 (HEA-Ti28) HEAs 

were prepared by vacuum arc melting on a water-cooled copper crucible, using Ti, Ta, 

Hf, and Nb with a purity of 99.9 %, and Zr with a purity of 99.2 %, under a Ti-gettered 

argon atmosphere. Button-shaped ingots with an intended mass of 20 grams were 

prepared. The arc-melted ingots were flipped and re-melted at least five times between 

each melting to ensure compositional homogeneity. The as-cast ingots were then cut by 

wire electro-discharge machining (EDM) to obtain slices with 2 mm thickness. The 

average density of the alloys was measured following the Archimedes principle (MK 

2200 Industrievertretungen GmbH) using water as the immersing medium, as tabulated 

in Table 4-1. The specimens’ surfaces were ground using SiC emery papers up to 2500 

grit size for all experiments and polished with 0.3 µm alumina slurry. 

 
Table 4-1: Average densities of the HEA-Ti23 and HEA-Ti28 samples. 

 HEA-Ti23 HEA-Ti28 

Density (g/cm3) 9.39 ± 0.18 9.22 ± 0.25 

 

The crystal structures of the samples were analyzed by X-ray Diffraction (XRD) 

utilizing a Bruker D8 Advanced X-ray diffractometer with a Cu-Kα radiation source, 

where the acquisition angle ranged from 20° to 100° with an incremental step size of 

0.02°. The microstructure of the as-cast specimens was examined under a Zeiss SUPRA 

55VP scanning electron microscope (SEM). Chemical composition and elemental 

mapping of the specimens were obtained using an energy dispersive X-ray spectroscopy 

(EDX) detector (Bruker AXS GmbH), and the data were collected with an acceleration 

voltage of 20 kV. The final composition of HEA-Ti23 and HEA-Ti28 was confirmed by 

EDS, as listed in Table 4-2. 
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Table 4-2: Nominal and actual chemical composition of two HEAs determined using EDS. 

Alloy Composition 

(at%) 

Hf Nb Ta Ti Zr 

HEA-

Ti23 

Nominal 27 12 10 23 28 

Actual 25.1 ± 1.1 12.7 ± 0.4 8.7 ± 0.4 24.4 ± 0.3 29.1 ± 0.9 

HEA-

Ti28 

Nominal 30 14 10 28 18 

Actual 28.6 ± 1.2 15.1 ± 0.5 8.3 ± 0.4 30.1 ± 0.4 17.9 ± 0.6 

 

The samples were exposed to static immersion experiments in AS and SBF for 1, 7, 

14, 28, and 56 days at a constant temperature of 37 ± 0.5 ºC in an electronically controlled 

water bath. The composition of SBF (pH = 7.4 ± 0.05) [140] and AS (pH = 2.3 ± 0.05) 

[247] is presented in Table 4-3, where the acidity of AS was adjusted using lactic acid 

[247]. During the immersion experiments, the samples were kept in separate sealed tubes, 

where the volume-to-surface area ratio of 20 ml/cm2 was preserved in each tube, in accord 

with ASTM standards [141]. Following static immersion tests, the solutions were 

analyzed employing an inductively coupled plasma-mass spectrometer (ICP-MS, Agilent 

7700x) to quantify the ions released into the AS and SBF media.  

Following 28 and 56 days of immersion tests in AS and SBF, the oxides films that 

had formed on the surface of HEA-Ti23 and HEA-Ti28 were investigated by X-ray 

photoelectron spectroscopy (XPS, Thermo Scientific K-Alpha), employing a 

monochromatic Al-Kα X-ray source (1486.6 eV), to gain insight regarding the oxidation 

states of the species. The relative sensitivity factors of the pure elements were considered 

while calculating the apparent surface composition of the oxide species formed on the 

surface of the alloys, using integrated intensities (peak area) of deconvoluted peaks. 

Thermo-Scientific Advantage software (v. 5.949) was utilized for quantitative analysis 

and peak deconvolution. 

The corrosion resistance of HEA-Ti23 and HEA-Ti28 alloys was evaluated in AS 

(pH=2.3) and SBF (pH=7.4). Once the samples were cut by EDM, they were covered 

with epoxy, leaving only 1 cm2 of the surface area exposed to the electrolyte. Then the 

exposed surface was polished with 0.3 µm alumina slurry. The electrochemical studies 

were carried out in a three-electrode cell with a platinum spiral wire as a counter electrode 

and a saturated calomel electrode (SCE) as a reference electrode at a constant temperature 
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of 37 ± 1 ºC by using an electronically controlled thermostatic bath. The electrochemical 

measurements were conducted using a Potentiostat (Biologic Science Instruments, VSP) 

controlled by a computer equipped with the EC Lab software. All potentials were referred 

to the SCE reference electrode. Prior to each experiment, the working electrode was 

immersed in the solution for 30 minutes to stabilize the open circuit potential (EOCP). 

Potentiodynamic polarization curves were recorded from -1 V to 1.2 V with respect to 

EOCP at a scan rate of 1 mV s-1. The corrosion potential and rate were obtained by 

extrapolating the Tafel slope. 

 
Table 4-3: Composition of the SBF and AS solutions utilized in the static immersion and 

potentiodynamic polarization experiments. 

Solution Ingredients Amount (g/L) pH 

AS KCl 0.4 2.3 

 NaCl 0.4  

 CaCl2·2H2O 0.906  

 NaH2PO4·2H2O 0.69  

 Na2S·9H2O 0.005  

 Urea 1  

SBF NaCl 8.035 7.4 

NaHCO3 0.355  

KCl 0.225  

K2HPO4·3H2O 0.231  

MgCl2·6H2O 0.311  

1 M HCl 39 ml  

CaCl2 0.292  

Na2SO4 0.072  

TRIS 6.118  

1 M HCl 0 – 5 ml  
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4.3 Results and discussion 

4.3.1 Microstructural characterization 

The crystal structures of HEA-Ti23 and HEA-Ti28 were determined to be body-

centered cubic (BCC) in previous work [71]. The XRD measurements were taken from 

the dendritic part of the samples as well as all other experiments we have performed in 

this work. A closer inspection of the (110) diffraction peak (Figure 4-1), whose line 

profiles were fitted using a Lorentz function, suggests that two BCC phases, namely, 

BCC1 and BCC2 exist in the HEAs’ microstructure. The very close angular positions of 

the BCC1 and BCC2 phases show that their lattice parameters slightly deviate from each 

other, implying that the microstructures are close to a random solid solution in the as-cast 

state [96]. Such phase separation phenomena have also been observed in various 

refractory HEAs with similar compositions [248–251]. Additionally, it was reported that 

interstitial elements, such as Nitrogen [252] and Oxygen [253], might result in the 

formation of new phases and phase separation in some HEAs. Therefore, such effects 

should also be further investigated in detail, which is out of the scope of the current work. 

 

 
Figure 4-1: XRD patterns of the (110) peak of (a) HEA-Ti23 and (b) HEA-Ti28, utilizing 

the Lorentz function. The data was recompiled from [71]. 

To assess the arc-melting process's effect on the HEAs' microstructural evolution, 

samples were examined under the SEM. Corresponding SEM images of the HEA-Ti23 

alloy are presented in Figure 4-2. SEM images taken from the top (Figure 4-2a) and 

bottom (Figure 4-2c) part of the HEA-Ti23 specimen, which was cut from the middle part 
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of the arc-melted ingot, are shown in Figure 4-2 (The top part indicates the curvy top and 

bottom part indicates the flat bottom section of the specimen, where the button-shaped 

ingot touches the water-cooled copper during arc-melting). The results revealed that, from 

bottom to top, the arc-melted buttons display distinct microstructural features. While the 

top region shows a fine dendritic structure (Figure 2a), the bottom part consists of 

equiaxed grains (Figure 4-2c). Specifically, during arc melting, the top part in contact 

with the Ar gas cools down very quickly when the arc is cut prior to remelting and at the 

end of the process, leading to a fine dendritic structure. As for the bottom part, due to a 

faster heat transfer from the bottom region to the water-cooled copper crucible, this part 

never really liquifies, hence promoting grain growth and limiting the formation of a 

dendritic structure [254]. Furthermore, the middle region (below top transition region (T-

TR) in Figure 4-2a and above bottom transition region (B-TR) in Figure 4-2c) has coarser 

dendrites, implying a slower solidification rate as opposed to the top and bottom areas. 

 

 
Figure 4-2: SEM images detailing the microstructural features of the (a) top and (c) bottom 

parts of (b) the HEA-Ti23 specimen cut from the middle part of the button-shaped ingot 

produced by arc-melting. 

Higher magnification backscattered images and corresponding EDS maps of the 

constituent elements of HEA-Ti23 and HEA-Ti28 are provided in Figure 4-3 and Figure 

4-4, respectively. To quantify the elemental segregation, the average concentrations at the 

center of dendrite arms (Cda), inter-dendritic regions (Cidr), and the partition coefficient K 

= Cda/Cidr, determined based on the EDS data are tabulated in Table 4-4. The partition 

coefficient K reflects the degree of elemental segregation in the microstructure. While the 

increase in the deviation of the K value from 1 implies more severe segregation, K being 

higher than 1 for a designated element indicates that it is segregated in the dendrite arms 
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[32]. Based on Table 4-4, it can be inferred that Ta segregated into dendrite arms (brighter 

areas in Figure 4-3a and Figure 4-4a), and Ti and Zr segregated into inter-dendritic 

regions (darker areas in Figure 4-3a and Figure 4-4a). This behavior has also been 

reported previously in other refractory HEAs. The formation of dendritic and inter-

dendritic regions has been attributed to the tendency of the elements with higher melting 

temperatures to solidify first, resulting in redistribution of the elements in the 

microstructure during the solidification [226,231,255,256]. Moreover, the bright Ta-rich 

dendrites and the dark TiZr-rich inter-dendrites correspond to the BCC1 and BCC2 peaks, 

respectively, as shown in Figure 4-1. Furthermore, based on the partition coefficient K 

listed in Table 4-4, Hf and Nb are more inclined to segregate in the dendritic region. 

However, the degree of segregation is very slight and not as severe as in the case of Ta. 

 
Table 4-4: Average chemical composition (at%) at the center of dendrite arms, Cda, and 

inter-dendritic regions, Cidr, along with the partition coefficient K = Cda/Cidr for each alloy. 

Alloy  Hf Nb Ta Ti Zr 

HEA-Ti23 Cidr 24.6 ± 0.8 11.4 ± 0.5 7.6 ± 0.3 27.2 ± 0.7 29.2 ± 0.8 

 Cda 26.9 ± 0.6 11.9 ± 0.6 9.4 ± 0.4 25.1 ± 0.8 26.7 ± 0.6 

 K  1.09 1.03 1.24 0.93 0.92 

HEA-Ti28 Cidr 26.8 ± 0.3 14.5 ± 0.3 7.1 ± 0.5 32.9 ± 0.6 18.7 ± 0.4 

 Cda 28.5 ± 0.5 15 ± 0.2 8.6 ± 0.3 30.8 ± 0.6 17.1 ± 0.5 

 K  1.06 1.04 1.22 0.93 0.91 
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Figure 4-3: High magnification SEM image of HEA-Ti23 (a) and the corresponding 

elemental maps for (b) Ti, (c) Zr, (d) Ta, (e) Nb, and (f) Hf. 

 
Figure 4-4: High magnification SEM image of HEA-Ti28 (a) and the corresponding 

elemental maps for (b) Ti, (c) Zr, (d) Ta, (e) Nb, and (f) Hf. 

4.3.2 Ion release behavior and surface characterization 

The cumulative Ti ion release from HEA-Ti23 and HEA-Ti28 into AS and SBF 

following 1, 7, 14, 28, and 56 days of immersion at 37 ºC is illustrated in Figure 4-5. Only 

released Ti amounts are presented in Figure 4-5, owing to the insignificant concentration 

of other elements in the immersion media. One of the critical parameters affecting the 

quantity of ion release is the acidity of the immersion fluid in addition to the Cl ion 

concentration [257]. Based on Figure 4-5a, the amount of Ti ion release in AS medium is 

higher for all immersion durations than the corresponding amounts released into SBF, as 
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demonstrated in Figure 4-5b. However, the trends of Ti ion release in AS and SBF differ, 

yet the amount of ion release after the first day of immersion was the highest in both AS 

and SBF [258]. After the first day, the cumulative ion release amount increased at a slower 

rate until the 28th day of immersion in SBF, as demonstrated in Figure 4-5b. In other 

words, the net Ti ion release after the first day was very low, showing that the dissolution 

rate was at the minimum, and a more stable oxide film formed on the surface between 1st 

and 7th days. However, a decrease in the cumulative Ti ion release on the 56th day of 

immersion in SBF was observed. This can be attributed to a new hydrated Ti oxide 

formation with hydrated phosphate ions [259] or precipitation of Ti phosphate species in 

the solution [260,261] after the 28th day in SBF. However, no visible precipitates were 

observed in the immersion tubes. 

On the contrary, cumulative Ti ion release in AS medium constantly decreased after 

the 1st day of immersion. This may be associated with faster precipitation of Ti phosphate 

species in AS solution. In vitro experiments showed that Ti concentrations above ten ppm 

inhibit cell proliferation, and concentrations above five ppm significantly lower Ca 

uptake, hindering hydroxyapatite formation on the surface [151]. The total amount of ion 

release for all immersion durations in both AS and SBF was below 310 ppb (Figure 4-5), 

suggesting that the released quantities of Ti ions are well below the limits that would 

induce cytotoxicity [151]. Furthermore, the surface morphologies of HEA-Ti23, 

following 56 days of immersion in AS and SBF, are shown in Figure 4-6. Based on Figure 

4-6b, darker regions verify that more locally intense corrosion occurred in the SBF 

medium as opposed to the one in AS (Figure 4-6a). 

 
Figure 4-5: Cumulative Ti ion release from HEA-Ti23 and HEA-Ti28 upon immersion in 

(a) AS and (b) SBF for 1, 7, 14, 28, and 56 days at 37 ºC. 



 
Understanding the enhanced corrosion performance of two novel Ti-based biomedical 
high entropy alloys  78 

78 
 

 
Figure 4-6: SEM micrographs for HEA-Ti23 following 56 days of immersion in (a) AS and 

(b) SBF at 37 ºC. 

XPS was employed to analyze the surface chemistry and composition of the oxide 

films of HEA-Ti23 and HEA-Ti28 before and after exposure to AS and SBF for 28 and 

56 days at 37 ºC. Figure 4-7 and Figure 4-8 present the XPS spectra of the (a) Hf 4f, (b) 

Nb 3d, (c) Ta 4f, (d) Ti 2p, and (e) Zr 3d of the HEA-Ti23 and HEA-Ti28, respectively 

(i, ii, and iii denote the XPS results for the air-formed oxide (AIR), and oxides formed 

after 56 days of immersion in AS (AS56) and SBF (SBF56), respectively). Binding 

energies associated with Hf, Nb, Ta, Ti, and Zr peaks are listed in Table 4-5 for HEA-

Ti23 and Table 4-6 for HEA-Ti28. Moreover, the XPS results for the HEAs after 

immersion in AS and SBF for 28 days are shared in Figure 4-9 and Figure 4-10 for HEA-

Ti23 and HEA-Ti28, respectively. The deconvoluted spectrum in the Hf 4f region for 

both HEA-Ti23 (Figure 4-7a) and HEA-Ti28 (Figure 4-8a) displayed two doublet peaks 

corresponding to the metallic state of Hf and the Hf4+ oxidation state (HfO2) [262]. 

Similarly, the deconvoluted Zr 3d spectrum of the HEA-Ti23 (Figure 4-7e) and HEA-

Ti28 (Figure 4-8e) showed two sets of doublet peaks corresponding to metallic Zr and 

ZrO2 [262,263]. It is worth mentioning that the XPS spectra of air-formed oxides of the 

HEAs revealed metallic Hf and Zr peaks with visible intensities, as demonstrated in 

Figure 4-7((a)-(i) and (e)-(i)) and Figure 4-8((a)-(i) and (e)-(i)). On the other hand, the 

metallic peaks of Hf and Zr with very low intensities were included only to obtain a good 

fitting during the deconvolution process. Furthermore, no sub-oxide formation was 

detected on Hf and Zr XPS spectra. 
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Figure 4-7: High-resolution XPS spectra of HEA-Ti23 after exposure to (i) air, (ii) 

immersed in AS, and (iii) SBF for 56 days, taken from the outermost surface for (a) Hf, (b) Nb, 

(c) Ta, (d) Ti, and (e) Zr; (f) total oxide concentrations (at%) for each element (i.e., sub-oxides 

included) in the passive films of the alloys exposed to air and immersed in AS and SBF for 28 

and 56 days. 
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Figure 4-8: High-resolution XPS spectra of HEA-Ti28 after exposure to (i) air, (ii) 

immersed in AS, and (iii) SBF for 56 days, taken from the outermost surface for (a) Hf, (b) Nb, 

(c) Ta, (d) Ti, and (e) Zr; (f) total oxide concentrations (at%) for each element (i.e., sub-oxides 

included) in the passive films of the alloys exposed to air and immersed in AS and SBF for 28 

and 56 days. 
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Figure 4-9: High-resolution XPS spectra of HEA-Ti23 after immersed in (i) AS and (ii) 

SBF for 28 days, taken from the outermost surface for (a) Hf, (b) Nb, (c) Ta, (d) Ti, and (e) Zr. 

 
Figure 4-10: High-resolution XPS spectra of HEA-Ti28 after immersed in (i) AS and (ii) 

SBF for 28 days, taken from the outermost surface for (a) Hf, (b) Nb, (c) Ta, (d) Ti, and (e) Zr. 
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Nb 3d spectra exhibited peaks corresponding to Nb in the metallic state and different 

oxidation states, namely Nb2+ (NbO), Nb4+ (NbO2), and Nb5+ (Nb2O5), the binding 

energies of which are tabulated in Table 4-5 and 4-6 [235,263]. The metallic Nb and NbO 

sub-oxide were only detected in the oxide films formed in the air (Figure 4-7b-(i) and 

Figure 4-8b-(i)). In Ta 4f spectra of the HEAs (Figure 4-7c and Figure 4-8c), Ta was 

detected in the high-valance oxide state Ta5+ (Ta2O5), as well as low-valence oxide states 

such as Ta4+ (TaO2), Ta2+ (TaO), and Ta1+ (Ta2O). Ta1+ (Ta2O) oxidation state was not 

observed in the oxide films formed in AS (Figure 4-7b-(ii)  and Figure 4-8b-(ii)) [264–

266]. The deconvoluted spectrum in the Ti 2p region for both HEA-Ti23 (Figure 4-7d) 

and HEA-Ti28 (Figure 4-8d) displayed similar peaks with binding energy varying 

between 452 and 453 eV. These Ti0 peaks detected in the XPS are associated with the 

metallic Ti peak observed in the XPS spectra of the TiC [267]. Previous TEM 

investigations reported that some HEAs produced by arc-melting exhibited carbides 

around the grain boundaries [84]. Additionally, the other peaks displayed in Figure 4-7d 

and Figure 4-8d correspond to Ti4+ (TiO2), Ti3+ (Ti2O3), and Ti2+ (TiO) oxidation states 

[266,268]. 
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Table 4-5: Metallic and oxide binding energies of the alloying elements present in air-

formed and passive oxide layer formed in AS and SBF after 56 days for HEA-Ti23. 

Oxidation/Che

mical State 

Binding Energy (eV) 

 Air AS56 SBF56 

Hf4+ (HfO2) 16.95: 18.63 16.85: 18.48 16.66: 18.28 

Hf0 13.9: 15.76 13.9: 15.6 13.9: 15.44 

Nb5+ (Nb2O5) 207.15: 210.11 207.03: 209.92 206.89: 209.79 

Nb4+ (NbO2) 205.25: 207.89 205.59: 208.24 205.4: 208.04 

Nb2+ (NbO) 202.85: 205.81 - - 

Nb0 201.04: 204:00 - - 

Ta5+ (Ta2O5) 26.11: 28.18 26.08: 27.87 26.01: 27.88 

Ta4+ (TaO2) 25.47: 27.24 25.30: 27.06 25.30: 27.06 

Ta2+ (TaO) 23.59: 25.66 23.49: 25.57 23.39: 25.46 

Ta1+ (Ta2O) 22.30: 24.38 - 22.31: 24.38 

Ti4+ (TiO2) 458.69: 464.69 458.50: 464.16 458.4: 464.12 

Ti3+ (Ti2O3) - 457.03: 462.57 457.21: 462.75 

Ti2+ (TiO) 455.81: 461.35 455.99: 461.54 456.1: 461.64 

Ti0 452.38: 458.44 452.66: 458.6 452.46: 458.52 

Zr4+ (ZrO2) 182.36: 184.92 182.36: 184.74 182.06: 184.46 

Zr0 177.44: 179.68 176.73: 178.96 176.87: 179.11 
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Table 4-6: Metallic and oxide binding energies of the alloying elements present in air-

formed and passive oxide layer formed in AS and SBF after 56 days for HEA-Ti28. 

Oxidation/Che

mical State 

Binding Energy (eV) 

 Air AS56 SBF56 

Hf4+ (HfO2) 16.57: 18.26 16.85: 18.48 16.52: 18.16 

Hf0 13.50: 15.36 13.90: 15.60 13.90: 15.45 

Nb5+ (Nb2O5) 206.86: 209.82 207.03: 209.92 206.73: 209.64 

Nb4+ (NbO2) 205.20: 207.84 205.59: 208.24 205.22: 207.87 

Nb2+ (NbO) 202.73: 205.69 - - 

Nb0 201.19: 204.05 - - 

Ta5+ (Ta2O5) 26.00: 27.98 26.08: 27.87 25.95: 27.8 

Ta4+ (TaO2) 25.36: 27.15 25.30: 27.06 25.31: 27.07 

Ta2+ (TaO) 23.16: 25.24 23.49: 25.57 23.55: 25.63 

Ta2O 22.30: 24.38 22.55: 24.50 22.41: 24.49 

Ti4+ (TiO2) 458.48: 464.54 458.50: 464.16 458.34: 464.10 

Ti3+ (Ti2O3) 457.67: 463.21 457.03: 462.57 457.52: 463.07 

Ti2+ (TiO) 456.1: 461.64 455.99: 461.54 456.08: 461.62 

Ti0 452.63: 458.57 452.66: 458.60 452.45: 458.39 

Zr4+ ZrO2 181.97: 184.54 182.36: 184.74 181.94: 184.35 

Zr0 177.15: 179.39 176.73: 178.96 176.73: 178.97 

 

The total oxide concentrations for each element (including the sub-oxides) in the 

passive films of the alloys exposed to air, immersed in AS and SBF for 28 and 56 days 

were estimated using the areas under the deconvoluted peaks and presented in Figure 4-

7f and Figure 4-8f for HEA-Ti23 and HEA-Ti28, respectively. These results show that 

the concentrations of Hf and Zr oxides formed on the surface films were higher than those 

in the bulk alloys (Table 4-2). Theoretical and experimental investigations revealed that 

the group IV elements ( Hf, Zr, and Ti) oxidize preferentially over group V elements (Nb 

and Ta), and the oxides of Hf, Zr, and Ti are thermodynamically more stable [269,270]. 

Also, the Ellingham diagrams [271,272] clearly show that the ability of each element in 
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our alloys to form stable oxides is as follows: Hf > Zr > Ti > Nb > Ta. These 

thermodynamic observations are consistent with the enrichment of HEA-Ti23 and HEA-

Ti28 preferentially with Hf and Zr oxides. Although the fraction of HfO2 on the oxide 

layer did not change upon exposure to air and immersion in AS and SBF for 28 and 56 

days, the fraction of ZrO2 on the oxide layers of the alloys declined after the alloys were 

immersed in SBF. This might be due to the increase in the total content of Nb, Ta, and Ti 

oxides in the passive oxide layers forming when immersed in SBF as opposed to the ones 

that formed in AS (Figure 4-7f and Figure 4-8f). In particular, the stability and corrosion 

resistance of the oxide films on Zr and its alloys deteriorate concomitant with increasing 

Cl- content, resulting in pitting on the oxide film [263]. The concentration of both Nb and 

Ta oxides in the oxide layers on HEA-Ti23 and HEA-Ti28 increased following 

immersion in AS and SBF compared to the air-formed oxide layer. It has been shown that 

alloying with Nb increases the pitting resistance and stability of the passive film, reducing 

the dissolution of the oxide layer [263]. Furthermore, the Nb5+ and Ta5+ ions make the 

passive film less defective by canceling out the anion vacancies [250]. The atomic 

percentage of the Ti oxides in the passive film that formed upon immersion in AS (AS28 

and AS56 in Figure 4-7(f) and Figure 4-8f) and SBF (SBF28 in Figure 4-7f and Figure 4-

8f) decreased relative to the Ti concentration in the air-formed oxide layer. This might be 

explained by the Nb5+ ions being doped into the TiO2 lattice and preventing the outward 

diffusion of Ti4+, thus slowing down the formation of the TiO2 [273]. On the other hand, 

the atomic percentage of the Ti oxides in the passive film that formed upon immersion in 

SBF for 56 days (SBF56 in Figure 4-7f and Figure 4-8f) was higher. This might be 

associated with the formation of a new hydrated phosphate ion incorporated Ti oxide 

layer [259],  which was responsible for the Ti ion release decrease observed for the 56 

days of immersion experiments performed in SBF (Figure 4-5b). Previous studies showed 

that the OH- species stemming from the hydrated metal oxides could repair the passive 

film and increase the resistance against the chloride ion attacks [264]. 



 
Understanding the enhanced corrosion performance of two novel Ti-based biomedical 
high entropy alloys  86 

86 
 

 
Figure 4-11: Pie charts detailing the sub-oxide fractions (at%) of Nb, Ta, and Ti in the 

passive films of HEA-Ti23 exposed to (a) air, immersed in (b) AS, and (c) SBF for 56 days. 
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Figure 4-12: Pie charts detailing the sub-oxide fractions (at%) of Nb, Ta, and Ti in the 

passive films of HEA-Ti28 exposed to (a) air, immersed in (b) AS, and (c) SBF for 56 days. 

The total fractions of high valence stable oxides in the oxide layers that formed upon 

exposure to air, immersion in AS, and SBF for 56 days are tabulated in Table 4-7. It can 

be deduced that the concentration of stable oxides that formed in the oxide layers of HEA-

Ti23 samples was slightly higher than the amounts detected in HEA-Ti28 samples. The 

stable oxides, such as HfO2, Nb2O5, Ta2O5, TiO2, and ZrO2, are essential because they are 

chemically less active and possess low solubility, preventing metal ions’ release [263]. 

Based on Table 4-7, the oxide layers formed on HEA-Ti23 and HEA-Ti28 consist of 

stable oxides. To see the relative distribution of the oxidation states of Nb, Ta, and Ti 

elements within themselves, pie charts are presented in Figure 4-11 (HEA-Ti23) and 

Figure 4-12 (HEA-Ti28): note that no sub-oxides of Hf and Zr formed on either of the 

alloys. As opposed to the high valence oxides of Nb and Ta, the percentage of stable Ti 
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oxide TiO2 compared to its sub-oxides was relatively higher on the surface of HEA-Ti23 

and HEA-Ti28 (Figure 4-11 and Figure 4-12). 

 

Table 4-7: Total amount (at%) of high-valence stable oxides present in the passive layer for 

HEA-Ti23 and HEA-Ti28. 

Alloy Air  AS56  SBF56 

HEA-Ti23 89.9  92.1  89.9 

HEA-Ti28 86.9  90.4  88.4 

 

On the other hand, the stable oxides of Nb and Ta, namely Nb2O5 and Ta2O5, were 

lower in percentage compared to their sub-oxides, Ta being the one with less percentage 

of high valence oxide. To elaborate, a constant outward migration of Ta ions is required 

from the bulk to the surface for the initially formed sub-oxide layer to be transformed into 

a stable stochiometric Ta oxide. For this to happen, a critical concentration of Ta should 

be present below the surface of the passive film [266]. Therefore, as shown in Figure 4-

11 and Figure 4-12, Ta having a higher percentage of sub-oxides might be attributed to 

the low amount of Ta content in the bulk alloys (Table 4-2). Low-valence oxides are 

considered unprotective oxides [264]. Additionally, the elemental segregations observed 

in EDS maps of HEA-Ti23 (Figure 4-3) and HEA-Ti28 (Figure 4-4) might be promoting 

the formation of less stable oxides [274]. It should also be mentioned that dendritic and 

inter-dendritic regions with different compositions may create a potential difference, 

resulting in a galvanic reaction between the two regions in the as-cast HEAs [275]. 

Adsorbed elemental Ca and P were also detected on the surfaces of HEA-Ti23 

(Figure 4-13a-b) and HEA-Ti28 (Figure 4-13c-d) following immersion in AS and SBF 

for 56 days ((i) and (ii) denote AS56 and SBF56 in Figure 4-13), which was also observed 

in (TiZrNbTa)90Mo10 immersed in Ringer’s solution [276]. In the XPS spectra of Ca, a 

peak corresponding to the Zr4+ 3p1/2 orbital was also detected [277]. Based on Ca 2p 

spectra of the HEA-Ti23 (Figure 4-13a(ii)) and HEA-Ti28 (Figure 4-13c(ii)) immersed 

in SBF, Ca 2p doublet was observed, which is associated with the Ca bond characteristics 

of hydroxyapatite (Ca10(PO4)6(OH)2) and Ca bonded to some carbon species, such as 

carbonate [278]. The presence of hydroxyapatite on the surface favors the 

osteointegration of the implant, especially in orthopedic applications [244]; thus, it is a 
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good in vitro indication of the biocompatibility of HEA-Ti23 and HEA-Ti28. On the other 

hand, based on Ca 2p spectra of HEA-Ti23 (Figure 4-13a(i)) and HEA-Ti28 (Figure 4-

13c(i)) immersed in AS, Ca 2p peaks associated with the Ca bonded to OH- was not 

observed as expected since AS is highly acidic (i.e., the effect of pH)  [262]. In this case, 

the Ca 2p peaks can be attributed to Ca bonded to oxygen atoms of adsorbed water and 

some carbon species. The P 2p spectra, as shown in Figure 4-13b and Figure 4-13d can 

be attributed to the phosphate (PO4)3- species existing on the surface and the metallic P 

on the surface of the alloys [278]. 

 

 
Figure 4-13: High-resolution XPS spectra of HEA-Ti23 for (a) Ca and (b) P, and HEA-

Ti28 for (c) Ca and (d) P after immersed in (i) AS and (ii) SBF for 56 days. 
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4.3.3 Potentiodynamic polarization behavior in AS and SBF 

The potentiodynamic polarization curves of HEA-Ti23 and HEA-Ti28 (Note that the 

dendritic part of the samples was considered during experiments), in comparison with 

CoCrMo (27 wt% Cr, 6 wt% Mo and balance Co [279]) as the reference material, in AS 

and SBF are presented in Figure 4-14a and Figure 4-14b, respectively. Figure 4-14a 

shows that an active-to-passive transition (Eap) occurred for both the HEAs and the 

reference material CoCrMo. This active-to-passive transition region is where the passive 

film forms and grows [243]. The active-to-passive transition was more unstable for the 

CoCrMo alloy compared to the HEAs. In the region between -0.25 V and 0.8 V in Figure 

4-14a, current fluctuations indicating the formation and re-passivation of metastable pits 

were observed for HEA-Ti28. Although the occurrence and rapid annihilation of the 

metastable pits indicate a substantial film-repairing capability, the current density 

increases successively up to Ep, where a more stable passive oxide layer is formed for 

HEA-Ti28. The severe current fluctuations in the region between Eap and Ep for HEA-

Ti28 can be attributed to the higher percentage of sub-oxides it contains (Figure 4-12) as 

opposed to the sub-oxide portion present in the passive layer on HEA-Ti23 (Figure 4-11). 

It was reported that NbO2, TaO2, and especially Ti2O3 induce metastable pitting [264]. 

On the other hand, a stable passive oxide layer formed on HEA-Ti23 in AS medium. The 

current density increases very slowly for the HEA-Ti23 as the anodic potential rises, 

indicating that the passive layer is more stable in this case (Figure 4-14a). It should be 

noted that no apparent breakdown of the passive oxide film occurred on both HEA-Ti23 

and HEA-Ti28, while the passive oxide layer of CoCrMo broke down at a potential of 

about 0.8 V. 
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Figure 4-14: Potentiodynamic curves of HEA-Ti23, HEA-Ti28, and CoCrMo in (a) AS and 

(b) SBF at 37 °C. 

Figure 4-14b shows that an active-to-passive transition, i.e., Eap, was also observed 

for the HEAs and the reference material CoCrMo in the SBF medium. However, the 

passive oxide layer formed on the conventional CoCrMo implant broke down very early, 

corresponding to an anodic potential value of about 0.25 V. This behavior and breakdown 

potential are also consistent with the potentiodynamic experiments previously performed 

on CoCrMo in SBF [280]. By contrast, for HEA-Ti28, the surface revealed a continuous 

passive plateau without any pitting and breakdown. Thus, it can be concluded that the 

passive oxide layer forming on HEA-Ti28 in SBF is more stable than the one forming in 

AS with a very low pH. On the other hand, the corrosion behavior of HEA-Ti23 in SBF 

(Figure 4-14b) was different than the one observed in AS (Figure 4-14a). First, pitting 

occurred at point Eb (Figure 4-14b), but the passive film recovered, and the sample re-

passivated quickly. This behavior might be due to the higher Zr content of HEA-Ti23, as 

shown in Table 4-2, making it more susceptible to pitting in mediums containing 

excessive amounts of chloride ions, such as SBF [264]. Until point Ea, the surface showed 

a continuous passive plateau. The drop in current density observed in the Ea to Ec region 

for HEA-Ti23 might be attributed to a phase change in the passivating oxide film 

[274,281]. In particular, the sub-oxide formed at the point Eb might have transformed into 

a more stable oxide in the Ea to Ec region. 

The corrosion parameters acquired from the potentiodynamic polarization curves 

utilizing the Tafel extrapolation method are summarized in Table 4-8. The corrosion 

potential (Ecorr) and corrosion current density (icorr) are used to assess the corrosion 
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resistance of the materials. The current density reflects the corrosion rate of the materials. 

Both HEA-Ti23 and HEA-Ti28 revealed lower icorr values in both AS and SBF 

compared to CoCrMo, indicating that the corrosion resistance of HEAs is superior. The 

Ecorr values of the HEAs were higher, as shown in Table 4-8, implying that they are more 

prone to be corroded in an acidic environment, such as AS. On the other hand, they 

revealed lower Ecorr values reflecting that they are less likely to be corroded in SBF 

medium. Additionally, polarization resistance (Rp) was estimated from the Tafel plots 

utilizing the Stern-Geary [282] equation: 

 

 
𝑅F =

𝛽G𝛽H
2.303𝑖HI>>(𝛽G + 𝛽H)

 
(4.1) 

 

where 𝛽G	the anodic Tafel slope, and 𝛽H	is the cathodic Tafel slope. The Rp demonstrates 

the resistance of a material to general corrosion, and the higher value reflects a better 

corrosion resistance [230]. The Rp values of both HEAs are greater than that of the 

CoCrMo, indicating a superior corrosion resistance for HEAs in both AS and SBF media. 

The SEM micrographs of HEA-Ti23, HEA-Ti28, and CoCrMo acquired from their 

surface after electrochemical experiments in SBF are presented in Figure 4-15. As shown 

in Figure 4-15a and Figure 4-15b, both HEAs showed localized corrosion zones with 

small pits on the surface. On the hand, on the CoCrMo surface (Figure 4-15c), larger pits 

distributed on the whole surface were observed. 

 

 
Figure 4-15: Backscattered SEM images of (a) HEA-Ti23, (b) HEA-Ti28, and (c) CoCrMo 

after electrochemical polarization tests in SBF at 37 °C. 
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Table 4-8: Electrochemical parameters of HEA-Ti23, HEA-Ti28, and CoCrMo in AS and 

SBF at 37 °C. 

Electrolyte Alloys Ecorr 

(mV) 

icorr 

(µA/cm2) 

βa (mV) βc (mV) Rp (kΩ 

cm2) 

AS HEA-Ti23 -433 0.19 35.2 28.2 35 

HEA-Ti28 -335 0.21 68.9 71.3 73 

CoCrMo -299 0.25 31.9 29.9 27 

SBF HEA-Ti23 -463 0.13 65.1 55.6 98 

HEA-Ti28 -459 0.17 45 52.1 61 

CoCrMo -487 0.27 33.4 25.7 23 

 

4.4 Conclusion 

The microstructural features, ion release, and corrosion behavior of two novel 

biomedical HEAs, namely Hf27Nb12Ta10Ti23Zr28 (HEA-Ti23) and Hf30Nb14Ta10Ti28Zr18 

(HEA-Ti23), were investigated. The following are the primary outcomes: 

(1) Both HEAs possess a dendritic structure, with Ta being mostly segregated into 

dendrite arms during the solidification due to its higher melting point than other 

elements in bulk. The elemental segregation also depends on the cooling conditions 

posed by the arc-melting.  

(2) While the cumulative Ti ion release increased until the 28th day and decreased 

afterward in SBF, a successive decrease in the cumulative Ti ion release was detected 

in AS. This was attributed to the formation of a new hydrated phosphate ion 

incorporated Ti oxide and possible precipitation of Ti phosphate species during the 

immersion experiments.  

(3) The fraction of ZrO2 in the oxide layer that formed on the surface of the alloys was 

found to be lower in the SBF medium, which is attributed to the development of a 

layer more resistant to chloride attacks, consisting of increased concentration of Nb, 

Ta, and Ti oxides.  

(4) For two reasons, Ta was mainly present in the passive oxide layer in the form of its 

sub-oxides: the bulk alloys are deficient in Ta content, and severe segregation of Ta 

in dendrite arms.  
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(5) Potentiodynamic experiments performed in AS pointed out that HEA-Ti28 had a 

relatively high passive dissolution which may be associated with the higher 

concentration of sub-oxides it contains as opposed to HEA-Ti23, especially Ti2O3 

which is regarded as an inducer for metastable pits. 

(6) The corrosion resistance of both HEAs was found to be superior compared to that of 

the CoCrMo in both AS and SBF.  

(7) Overall, the preliminary findings of this work demonstrate that the novel 

Hf27Nb12Ta10Ti23Zr28 and Hf30Nb14Ta10Ti28Zr18 HEAs exhibit high potential for 

utility as orthopedic implant materials, which is yet to be confirmed by in vivo 

experiments focusing on their biocompatibilities. 
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Chapter 5: 

MACHINE LEARNING-INFORMED DEVELOPMENT OF HIGH 

ENTROPY ALLOYS WITH ENHANCED CORROSION 

RESISTANCE 

5.1 Introduction 

Corrosion jeopardizes the longevity and safety of engineering materials, making it a 

major concern for automotive, maritime, and aerospace industries, as well as for power 

plants and biomedical applications. Therefore, new materials with superior corrosion 

resistance are needed in various industries due to technological advancements pushing 

the limits of conventional materials currently in use [283]. An emerging class of materials, 

namely, high entropy alloys (HEAs), consisting of multi-principal elements with 

elemental concentrations ranging from 5 to 35 at%, have become popular due to their 

excellent mechanical and other chemical and physical properties, which are attributed to 

the four core effects that HEAs inherit: high entropy, lattice distortion, sluggish diffusion, 

and cocktail effects [225]. Shi et al. [240] and Scully et al. [284] further elaborated on 

HEAs being a potential candidate specifically for applications requiring high corrosion-

resistant materials and highlighted that a detailed rationalization of the corrosion 

mechanism of HEAs is needed. However, investigating and clarifying the underlying 

mechanisms behind the corrosion behavior of HEAs is a rather complicated endeavor due 

to the complex interactions among the constituent elements resulting in different 

microstructural features and surface properties [240]. 

Composition is a crucial factor affecting the microstructure (i.e., elemental 

distribution, grain and grain boundaries, precipitation) of HEAs, and comprehending the 

correlation among the composition, microstructure, and corrosion resistance of HEAs can 

help researchers find out more about the mechanisms governing the properties of HEAs 

[58]. Although processing techniques are as critical for the corrosion resistance as the 

alloy composition, the following discussion will be restricted to the effect of composition 

on the corrosion behavior of HEAs. For instance, Wang et al. developed TiZrHfNbFex (x 

= 0, 0.25, 0.5, 0.75, 1, 1.5, 2, at%) refractory HEAs for biomedical applications and 
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concluded that an increasing Fe content first improved and then deteriorated the corrosion 

resistance of the alloys. More specifically, the deterioration was attributed to the 

formation of the Laves phase, resulting in galvanic corrosion due to the dual-phase 

microstructure upon adding the element Fe [54]. In another work, it was shown that 

increasing Al content degraded the localized corrosion resistance of the AlxCoCrFeNi (x 

= 0.3, 0.5, 0.7, at.%) system in 3.5 wt.% NaCl solution. With Al content increasing, 

ordered and disordered AlNi-rich body-centered cubic (BCC) phases started to form 

along with the CrFe-rich face-centered cubic (FCC) matrix. As a result, the formation of 

the Cr-depleted BCC phase was favored, making the surface more sensitive to chloride 

ions [57]. 

Since multiple elements altogether dictate the final properties of the HEAs (i.e., 

cocktail effect) as opposed to conventional alloys, it is very challenging to decipher the 

influence of every element separately [58]. This complicates the informed-design process 

of HEAs due to a high degree of freedom because of multi-principal elements in the bulk. 

Considering the design of such alloys with multi-principal elements, even the final 

properties of the HEAs within the same system might be very different from each other 

due to numerous possible combinations of constituent elements, which makes the 

discovery and design process cumbersome by just using conventional trial-and-error 

methods [59]. As a remedy for this problem, computational tools such as density 

functional theory (DFT), molecular dynamics (MD) simulations, and machine learning 

(ML) applications can be helpful. Within these methods, designing alloys using DFT 

requires a vast amount of computational power, and the lack of inter-atomic potential 

functions representing different compositional spaces for HEAs restricts the efficient use 

of MD simulations. On the other hand, ML is an efficient tool to establish the relationship 

and unearth the implicit connections between the features and target property, making the 

design process much faster than DFT and MD methods [64,65].  

From a corrosion engineering perspective, the earliest works regarding ML 

applications in corrosion science were mostly on developing corrosion-resistant steels for 

marine applications in the last decade [119,285]. Though few, ML methods were also 

recently implemented for developing corrosion-resistant HEAs. Being one of the first, 

Yuan et al. utilized the extreme gradient-boosting regression algorithm to predict a new 

HEA composition in the U-Mo-Nb-Ti-Zr system with a high corrosion-resistant lifetime 

in 343 ºC boiling water, using a dataset consisting of 50 experimental observations [286]. 
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In another work, Sasidhar et al. reported that transition metal HEAs containing large 

amounts of carbon and nitrogen interstitials indicated improved pitting corrosion 

resistance, while chloride ion concentration was determined to be the most detrimental 

environmental parameter for all alloy systems in their datasets [287]. In addition to 

compositional information and environmental parameters, using additional features (i.e., 

descriptors representing the chemical and physical properties of the alloys) was also 

proven to be a practical approach for enhancing the accuracy of the predictions in the 

materials science [90]. For instance, the pH of the medium, halide molarity, difference in 

lattice parameters, average reduction potential, and the composition of the element with 

minimum reduction potential were selected out of 30 features to train a gradient-boosting 

regression (GBR) algorithm and predict the corrosion rate of medium entropy alloys 

[288]. 

In the current study, an ML-based HEA prediction framework (Figure 5-1) consisting 

of five major steps was developed. These included dataset preparation, feature 

engineering, model evaluation and feature selection, inverse composition design, and 

experimental validation showcasing the design of HEAs with desired corrosion 

properties. After the dataset was constructed from the literature and the calculated features 

were added, feature selection and model evaluations were performed. The Random Forest 

(RF) algorithm was selected as the final model to screen the whole compositional space 

in the HfNbTaTiZr system and find an optimum composition. The dataset consisted of 

experimental works on as-cast samples produced by arc melting. Thus, the optimized 

composition was also manufactured with arc melting. The optimized composition was 

then synthesized, and predictions were validated with potentiodynamic polarization 

experiments. Additionally, X-ray photoelectron spectroscopy (XPS) analysis was 

performed to investigate the oxide layer composition on the surface of the new HEA. 
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Figure 5-1: Schematic of the machine learning-informed alloy design strategy for 

predicting the HEA composition with the desired corrosion potential. 

The experimental findings detailed herein demonstrated that the optimized 

composition Hf12Nb16Ta35Ti29Zr8 (HEA-Center), predicted utilizing the RF algorithm, 

possessed a dendritic microstructure in the center of the ingot. The EDX line scans 

performed on the HEA-Center sample indicated the formation of Ta-rich dendrites with 

severe segregation during manufacturing. The corrosion potential (Ecorr) predicted for 

HEA-Center was -409 ± 35 mV, which was very close to the predicted value of -404 mV, 

demonstrating that the ML model can make accurate predictions for the Ecorr. XPS 

investigations showed that Ti oxide formation was favored in the potentiodynamic 

polarization experiments carried out in simulated body fluid (SBF) at 37 ± 1 ºC compared 
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to the air-formed oxide layer. Although the discussion was mainly restricted to the 

specimens extracted from the center of the ingot (referred to as HEA-Center) with 

dendritic microstructure, it was found that some other parts (referred to as HEA-Top) of 

the ingot had more homogeneous microstructure due to the different solidification 

conditions experienced during the arc melting process. Polarization experiments 

performed on the HEA-Top sample with the same elemental composition as that of the 

HEA-Center revealed superior corrosion properties. These findings indicate that once the 

composition and microstructure are tuned, HEAs can have superior corrosion resistance, 

warranting further research to understand the factors governing the corrosion behavior of 

these alloys. 

 

5.2 Methods 

5.2.1 Computational 

In the first step, a dataset was constructed gathering binary, ternary, quaternary, 

quinary, and senary alloys from the literature, having different compositions with diverse 

combinations containing Ti, Ta, Hf, Nb, Zr, Mo, and Sn elements. In addition to the alloy 

compositions (designated in at% in the dataset), the corresponding corrosion potential 

(Ecorr) and the other experimental details, such as electrolyte type, pH, and temperature at 

which the polarization experiments were performed, were collected from the 

corresponding references. To eliminate the effect of processing or heat-treatment 

conditions on the target property, i.e., Ecorr, only alloys synthesized by vacuum arc-

melting (VAM) and tested in as-cast form were included in the dataset.  The final dataset 

contained 46 alloys, as listed in the Supplementary Information of [289]. The dataset used 

in this study is limited in the amount of data it contains for three reasons. First, 

manufacturing materials with varying compositions and obtaining corresponding target 

variables are experimentally laborious and costly, especially for HEAs. Furthermore, only 

some of the published literature possesses the relevant experimental data conducted in the 

same experimental conditions. The ability of ML algorithms to make accurate predictions 

depends on the credibility of the experimental data collected since the volume of it is 

already very limited. Hence, the accuracy and quality of the data added to the datasets are 

crucial for reducing error during training, resulting in robust ML models with better 
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generalization capabilities [65]. Additionally, it should be noted that Ecorr was used in this 

study to show the applicability of ML in corrosion science with small data sets. However, 

Ecorr is a parameter that does not directly reflect the corrosion rate. The reason for not 

using current density (icorr) is that it is measured from Tafel plots manually by the users. 

The accuracy of the reported results in the literature depends on the Tafel slope drawn, 

which is often hard to determine accurately. Considering the small dataset gathered from 

the literature, using a target variable whose accuracy depends on the different users’ 

experiences would not be feasible. 

Modeling the underlying trend between the target variable and the constituents’ 

atomic percentages might not be enough when the compositional input fails to explain 

the patterns hidden in the target variable [71,90]. Therefore, a feature extraction step from 

the element’s chemical and physical properties is necessary to discover new features 

correlated to the target variable [90]. In the present study, there were 22 calculated 

features in the final dataset original feature pool in addition to 12 experimental features 

(the atomic percentage of the Ti, Ta, Hf, Nb, Zr, Mo, and Sn elements and experimental 

parameters, such as electrolyte type, pH, and temperature). The final dataset contained 46 

alloys, as listed in the Supplementary Information of [289]. The calculated features 

include the valence electron concentration (VEC), the atomic size difference (δr), the 

difference in electronegativity (Δχ), the mixing enthalpy (∆H), the configurational 

entropy (∆S) [126], the ∧ parameter designed by Singh et al. [128], the γ parameter 

suggested by Wang et al. [129], the number of itinerant electrons (e/a) [130], and other 

features calculated from shear modulus (G), melting temperature (T), electron affinity 

(EA), first ionization energy (FIE), cohesive energy (COH), and work function (WF) of 

the elements. The feature set with definitions and formulas is given in the Appendix B. 

The problem with having a high number of input variables is that the high correlation 

between some features might cause multicollinearity, resulting in deteriorated model 

performance and high standard error in the predictions [290]. In other words, ML 

algorithms recognize these highly correlated features as duplicate information, thus 

decreasing the model’s robustness and leading to inaccurate predictions. Therefore, after 

completing the feature creation, a correlation screening [76] among all features was 

performed to identify the highly correlated features. To accomplish this, the Pearson 

correlation coefficient (PCC) with a 0.95 threshold to remove one of the two highly 

correlated features was used. If the PCC between two features is higher than 0.95, the one 
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with the higher importance is preserved in the dataset [77]. The importance of two 

correlated features was computed utilizing an RF regressor. 

The third component of the design framework consists of ML model comparison, 

forward feature selection (FFS), and final model selection. To construct the predictive 

model based on the composition and calculated features, k-nearest neighbor (KNN), 

GBR, RF, support vector regression with a polynomial kernel (SVR-P), and support 

vector regression with a radial basis kernel (SVR-R) models were utilized. Since deep 

learning algorithms and neural networks require abundant data for training [291], such 

algorithms were not employed in the present study. It should be noted that a standard 

normalization method, which alleviates the skewness problem in the sample points in the 

data, was applied to the dataset to scale and normalize the data around zero mean with a 

standard deviation equal to one. During the model evaluation, 5-fold cross-validation 

(CV) and bootstrapping with replacement were used to evaluate the models’ 

performances. Bootstrapping is highly effective when assessing the performance and 

generalization ability of the ML algorithms against the variability of the data in the 

training dataset [292]. The model evaluations and feature selection were made 

considering two error metrics: coefficient of determination (R2) and root mean squared 

error (RMSE) metrics. 

Feature elimination is one of the most important parts of designing a predictive ML 

algorithm. The more feature is retained in the dataset, the more ML models will be prone 

to overfitting due to high degrees of freedom, leading to a deterioration in the 

generalization ability of the ML models. Thus, selecting the best feature set is significant 

to avoid overfitting and have a simple model with good interpretability and better 

accuracy. In the present study, after performing PCC combined with RF as the first feature 

elimination step, FFS was used to select the best subset of features describing the target 

variable (Ecorr) more efficiently. FFS is a process that first chooses one feature, 

maximizing a CV score when the model is trained on every feature. Then, it adds the 

remaining features sequentially one by one, retaining the one maximizing the CV score 

in each step [293]. 

In the fourth component, i.e., inverse composition design, a virtual space was first 

created containing more than 500000 different compositions, where Ti, Ta, Hf, Nb, and 

Zr contents were varied between 5 and 35 at% with a one at% step size, complying with 

the official HEA definition. Subsequently, the compositions in the virtual space were fed 
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into the best-performed ML model to make Ecorr predictions. Then, the predictions were 

sorted from the largest to smallest Ecorr values. The approach maximizing the expected 

improvement (EI) utilized by Wen et al. [90] and Xue et al. [294] was followed to select 

the best candidate in the virtual space out of the best predictions obtained. The EI is 

defined as 𝐸𝐼 = 𝐸[𝑚𝑎𝑥(𝑦 − 𝜇∗, 0)] = 	∫ (𝑦 − 𝜇∗)𝑃(𝑦|𝑥′)𝑑𝑦 = 𝜎[𝜑(𝑧) + 	𝑧𝜙(𝑧)]J
K∗ , 

where 𝜑(𝑧) is the standard normal density function, 𝜙(𝑧) is the cumulative distribution 

function, (𝑦 − 𝜇∗) is the possible improvement for the predicted values, 𝑃(𝑦|𝑥′) is the 

distribution of the predicted y values (predicted y values, i.e., Ecorr, are assumed to have a 

normal distribution), and 𝑧 = (𝜇 − 𝜇∗) ∕ 𝜎, where 𝜇∗ is the maximum value of Ecorr in the 

training data, 𝜇 and 𝜎 are the mean predicted value and standard deviation. Specifically, 

𝜇 and 𝜎 were calculated from 100 training performed on 100 bootstrap training datasets 

to obtain 100 predictions for each alloy in the virtual space. In other words, 𝜇 and 𝜎 were 

estimated from 100 bootstrap predictions to acquire EI for each alloy in the virtual space. 

Once the alloys were sorted with respect to the EI values, the best candidate was chosen 

considering ∆𝑆 and 𝜎 of 100 bootstrap predictions of the alloys in the final candidate list.  

5.2.2 Experimental validation 

The final and fifth component of the design framework, as illustrated in Figure 5-1, 

is experimental validation, where the optimized composition was produced, and 

polarization experiments were performed to validate the accuracy of the ML model. The 

alloy selected from the candidate pool with the optimum composition, i.e., 

Hf12Nb16Ta35Ti29Zr8 (HEA-Center), was synthesized by vacuum arc-melting on a water-

cooled copper crucible under a Ti-gettered argon atmosphere. The Ti, Ta, Hf, and Nb 

elements had a purity of 99.9%, and Zr had a purity of 99.2%. The ingots were flipped 

five times between each melting to assert compositional homogeneity. The as-cast ingots 

were then cut by wire electro-discharge machining (EDM) to extract specimens with 10 

mm diameter and 2 mm thickness. The surfaces of the samples were ground with SiC 

paper and polished with 0.3 µm alumina slurry. The phases formed in the samples were 

characterized by X-ray diffraction (XRD) analysis utilizing a Bruker D8 Discovery X-ray 

diffractometer equipped with a 2D detector and a Cu-Kα radiation source. A Zeiss 

SUPRA 55VP scanning electron microscope (SEM) was used to investigate the 

microstructures of the as-cast specimens. Chemical composition and the elemental 
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mapping of the samples were acquired utilizing an energy-dispersive X-ray spectroscopy 

(EDS) detector (Bruker AXS GmbH). An acceleration voltage of 20 kV was applied 

during the EDS measurements. The predicted (i.e., the nominal) and the actual 

compositions of the HEA-Center are tabulated in Table 5-1. 

 
Table 5-1: Nominal and actual chemical compositions (at%) of HEA-Center analyzed 

utilizing EDS. 

Element Nominal (predicted)  Actual  

Hf 12 14.6 ± 0.6 

Nb 16 16.2 ± 0.5 

Ta 35 34.4 ± 1.3 

Ti 29 27.3 ± 0.3 

Zr 8 7.3 ± 0.2 

 

The corrosion resistance of HEA-Center alloy was evaluated in SBF (pH = 7.4 ± 

0.05). The preparation methodology of SBF electrolytes described elsewhere, along with 

the chemical composition [140], was followed. Before the polarization experiments, the 

EDM cut samples were covered with epoxy, leaving only a 1 cm2 surface area, followed 

by polishing with 0.3 µm alumina slurry. The electrochemical polarization experiments 

were performed in a three-electrode cell with a platinum spiral wire as a counter electrode 

and a saturated calomel electrode (SCE) as a reference electrode at a constant temperature 

of 37 ± 1 ºC by using an electronically controlled thermostatic bath. The electrochemical 

measurements were conducted using a potentiostat (Biologic Science Instruments, VSP) 

controlled by a computer equipped with the EC Lab software. All potentials were referred 

to the SCE reference electrode. Before each experiment, the working electrode was 

immersed in the solution for 30 minutes to stabilize the open circuit potential (EOCP). 

Potentiodynamic polarization curves were recorded from an initial potential of -1 V up to 

the final potential of 1.2 V with respect to EOCP at a scan rate of 1 mV s-1. The corrosion 

potential (Ecorr) and corrosion current density (icorr) were acquired by extrapolating the 

Tafel slope. 

The oxide films were investigated by XPS (Thermo Scientific K-Alpha), employing 

a monochromatic Al-Kα X-ray source (1486.6 eV), to find the oxidation states of the 



 
Machine learning-informed development of high entropy alloys with enhanced 
corrosion resistance  104 

104 
 

species. The relative sensitivity factors of the pure elements were considered while 

calculating the apparent surface composition of each oxide species, using integrated 

intensities (peak area) of deconvoluted peaks. The XPS analyses were conducted using a 

pass energy of 50 eV. 

5.3 Results 

5.3.1 Computational 

Initial screening with the PCC method was implemented to remove the features with 

high correlation. The right-top corner of Figure 5-2 illustrates the PCC values between 

feature pairs, where a PCC higher than 0.95 indicates a high correlation between the two 

corresponding features. Based on Figure 5-2, it can be concluded that 𝛿𝑟 and ∆𝑊𝐹, 𝛿𝐺 

and ∆𝐺, and 𝛿𝑇 and ∆𝑇 are highly correlated feature subsets. After identifying highly 

correlated features, each feature was evaluated based on its importance using the RF 

algorithm. A 5-fold CV was used to estimate the importance of each feature, and the 

results are shown in the left-bottom corner of Figure 5-2, where the same color code 

represents three different highly correlated feature subsets. Accordingly, ∆𝑊𝐹, ∆𝐺, and 

𝛿𝑇 were eliminated from the dataset as they were determined to be redundant features. 
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Figure 5-2: Pearson correlation map of the initial twenty-two calculated features, where a 

circle filled with deeper color indicates a higher level of correlation; in the left-bottom inset, the 

same-colored features represent the highly correlated features, among which the one with the 

highest importance was preserved. 

Once the redundant features were removed, KNN, GBR, RF, SVR-P, and SVR-R 

models were used  evaluated to construct preliminary predictive models with acceptable 

accuracy and good generalization ability to predict Ecorr using elemental compositions, 

experimental details (compiled from the literature) and calculated feature space. The 

performance of the models was evaluated based on the R2 metric estimated by 5-fold CV 

(Figure 5-3a) and bootstrapping 100 times with replacement (Figure 5-3b). Since the 

dataset utilized herein contained a limited number of instances due to the aforementioned 

reasons, using only the CV method to evaluate model performances might give 

misleading results depending on how the dataset was split. To elaborate with an example, 

the KNN model provided the best average R2 value solely based on Figure 5-3a; however, 

once the model was trained with 100 bootstrapped training datasets, it resulted in a low 

average R2 score with a skewed distribution along with the highest number of outliers. 
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This result indicates that bootstrapping is a powerful method to assess the models’ 

robustness and stability against the uneven data distribution in the training dataset. Based 

on Figure 5-3, GBR and SVR-P models had a low R2 score with a wide distribution 

around the mean. The broader distribution of values around the mean, such as in the case 

of SVR-P, as shown in Figure 5-3b, demonstrates that the model’s generalization 

capability against variation of data distribution in a dataset is inconsistent. Among all the 

models trained at this step, the RF algorithm revealed a narrower distribution for the R2 

score around the mean, as demonstrated in Figure 5-3, confirming its robustness. 

Although the SVR-R model resulted in more variability around the mean for the R2 score 

because it had a closer R2 score to the RF model, it was also selected in addition to the 

RF model to continue for further evaluation. The reason for choosing the SVR-R model 

for further evaluation was that SVR-R might perform better and give better accuracy once 

the feature space is reduced into a smaller one, thus reducing the uncertainty in the 

predictions.  

 

 
Figure 5-3: Machine learning models and their R2 values estimated utilizing (a) 5-fold CV 

and (b) bootstrapping 100 times with replacement: The lower and upper limits of the box plots 

demonstrate the 25th and 75th percentiles, with red and dashed blue lines representing the mean 

and median of the distribution, respectively; the whiskers extend to the data points within 1.5 

times the interquartile range (the points outside the whiskers’ caps are outliers); a closer mean 

and median lines show a distribution with a better bell-like shape around the mean. 

 

Following the evaluation of the models, the FFS process was implemented separately 

for both RF and SVR-R models. Before starting the feature elimination, the SBF, AS, BF, 
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pH, and Temp input variables were fixed as a group to be included in the final feature 

space at the beginning, and the FFS process was carried out by adding every other feature 

on top of these. In other words, since the current study aimed at making the best Ecorr 

predictions considering different electrolyte types, pH, and temperature effects, these 

features were pre-included in the final feature space to be constructed after forward 

feature selection. The average RMSE of both models was around 125 mV when the 

models were trained only with a pre-selected feature set, i.e., SBF, AS, BF, pH, and Temp, 

indicated by green arrows in Figure 5-4a1 and Figure 5-4a2 for RF and SVR-R, 

respectively. The decreasing trend followed by an increase in the RMSE was observed 

for both RF (Figure 5-4a1) and SVR-R (Figure 5-4a2) with an increasing number of 

features. In other words, as more features are included as input into the models, the error 

either increases or levels off. The best feature subsets obtained with FFS for RF and SVR-

R models are tabulated in Table 5-2 (the yellow triangles in Figure 5-4a1 and Figure 5-

4a2). It should be noted that the best feature subsets were selected greedily based on the 

lowest RMSE. After choosing the best subset of features, a grid search strategy was 

implemented to optimize the models’ hyperparameters.  

 
Table 5-2: The best subset of features selected using the FFS method for RF and SVR-R 

algorithms. 

Algorithm Best-subset of features 

RF 

 

Ti, Ta, Hf, 𝛿r, ∆X, ea, G, 𝛿G, T, COH, SBF, AS, BF, pH, Temperature 

 

SVR-R Ta, Hf, Zr, Mo, Sn, 𝛿r, ∆H, ∆S, 𝛾, ∆X, G, 𝛿G, ∆T, FIE, ∆FIE, ∆COH, WF, 

SBF, AS, BF, pH, Temperature 

 



 
Machine learning-informed development of high entropy alloys with enhanced 
corrosion resistance  108 

108 
 

 
Figure 5-4: The process of FFS for (a1) RF and (a2) SVR-R models (yellow triangles 

represent the feature subset resulting in the lowest RMSE for both models); the R2 metric, 

calculated by (b1) 5-fold CV and (b2) bootstrapping, was obtained when the best feature subset 

was utilized in the training process of RF and SVR-R models. 

The distribution of R2 values, estimated utilizing 5-fold CV and bootstrapping as 

shown in Figure 5-4b1 and Figure 5-4b2, showcase the performance of the RF and SVR-

R models trained with the best subset of features. Although both models performed 

similarly, the values are more distributed for the SVR-R model, showing its vulnerability 

to the variations in the dataset due to different splits implemented during CV and 

bootstrapping. To elaborate, R2 and RMSE metrics for both RF and SVR-R models are 

listed in Table 5-3.  
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Table 5-3: The R2 and RMSE scores of the final RF and SVR-R algorithms estimated using 

5-fold CV and bootstrapping 100 times with replacement. 

Method Algorithms R2 RMSE 

Training Testing Training Testing 

CV 

 

 

RF 0.96 ± 0.01 0.81 ± 0.07 25.0 ± 1.3 55.2 ± 10.2 

SVR-R 0.98 ± 0.01 0.83 ± 0.10 21.5 ± 2.9 50.5 ± 10.9 

Bootstrap RF 0.97 ± 0.01 0.75 ± 0.09 20.5 ± 3.1 63.9 ± 13.8 

SVR-R 0.98 ± 0.02 0.73 ± 0.12 16.1 ± 7.5 65.9 ± 15.0 

 

Considering the CV results for both R2 and RMSE, it can be concluded that the SVR-

R performed better on the testing dataset, though with a higher deviation than RF around 

the mean values. Additionally, when bootstrapping was implemented, RF demonstrated 

better performance on the testing data with a lower variation than SVR-R around the mean 

values, suggesting that RF was more resistant and influenced less by the scatter in the 

data during each split of bootstrapping. Thus, the RF algorithm was chosen among all the 

models used in this study as the final model. It should be noted that the slightly high 

RMSE values can be attributed to the limited dataset and the possibility of having 

experimental data with high deviation in the dataset since the data were collected from 

various sources in the literature [295]. Furthermore, to demonstrate the prediction 

performance of the RF model, the parity plots are presented in Figure 5-5. In Figure 5-5a, 

where the dataset was split into two with a training-to-testing ratio of 80:20, and the 

experimental vs. predicted Ecorr values are shown. The comparison of the experimental 

and predicted Ecorr values for the testing set during CV splits is demonstrated in Figure 5-

5b. The prediction results are almost the same, showing similar performances for the 

testing sets of random split and 5-fold CV. 
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Figure 5-5: The parity plots for (a) randomly split training and testing sets (80:20) and (b) 

5-fold CV utilizing the RF model. 

5.3.2 Experimental 

In Figure 5-6, two specimens, namely, HEA-Top and HEA-Center, were cut from 

the button-shaped as-cast ingot. The experimental part of this study focuses on the HEA- 

Center specimen since the dataset employed to predict a new composition consists of 

alloys produced by VAM, leading to an inhomogeneous microstructure. The middle part 

of the button-shaped ingot revealed a dendritic microstructure, as shown in Figure 5-6b. 

However, the microstructure changed from a dendritic to a more homogeneous 

microstructure from the middle to outer regions of the samples (Figure 5-6b and Figure 

5-6d). Furthermore, a thin layer of dendritic structure is observed in the circumference of 

the as-cast ingot with a thickness of about 0.7 mm, as demonstrated in Figure 5-6c. This 

variation of the microstructure stems from the nature of the arc-melting process. The 

ingots are exposed to different solidification rates during the solidification process, 

affecting the segregation of some species in the dendritic or inter-dendritic arms, thus 

altering the resulting microstructure.  
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Figure 5-6: Schematic showing how the as-cast ingot was cut by EDM: The red and orange 

colors represent the specimen cut from (a) the top (HEA-Top) and (b) the center (HEA-Center) 

parts of the as-cast ingot the change in the microstructure in the disk, from which the HEA-

Center sample was cut with EDM, can be seen in the SEM micrographs taken from (b) center, 

(c) circumference, and (d) a region halfway between the center and circumference. Specifically, 

the highly dendritic microstructure in the core of the as-cast ingot (b) turns into a more 

homogenous microstructure closer to the circumference (d), followed by a thin dendritic layer in 

the circumference (c). 

In Figure 5-7a, an elemental map illustrating the severity of the elemental segregation 

is shown for the sample cut out from the middle, i.e., HEA-Center, of the ingot. Based on 

the elemental map and the line scans, as illustrated in Figure 5-7a and Figure 5-7b, 

respectively, Hf, Zr, and Ti segregated into the inter-dendritic regions, whereas Ta 

segregated into the dendrite arms. However, Nb was more homogeneously distributed 

throughout the microstructure than the other elements, as demonstrated in the line scan in 

Figure 5-7b. The formation of dendritic microstructure was also reported in numerous 

studies related to other refractory HEAs, attributed to the tendencies of the higher melting 

point elements to solidify first in the dendrite arm, thus affecting diffusion and 

solidification kinetics [296]. Figure 5-7c demonstrates the XRD pattern acquired from the 

HEA-Center sample. The crystal structure of the HEA-Center was determined as BCC. 

Figure 5-7d shows a closer inspection of the (200) peak with BCC1 (brighter Ta-rich 

dendrites) and BCC2 (darker HfTiZr-rich inter-dendrites) phases coexisting in the 

microstructure. Additionally, an elemental map for the HEA-Top specimen compared 

with that of the HEA-Center (Figure 5-7a) is shown in Appendix C. 
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Figure 5-7: (a) High magnification SEM image of HEA-Center with the corresponding 

elemental maps, (b) EDS line scan of the elements (the black arrow in the middle of the image 

shows the line that the EDS line scan was performed along), (c) XRD patterns of as-cast HEA-

Center sample, and (d) the (200) peak indicating the presence of the BCC1 and BCC2 phases. 

To analyze the composition of the oxide film formed on the surface of HEA-Center 

exposed to air (Figure 5-8a) and during the polarization experiments in SBF at 37 ± 1 ºC 

(Figure 5-8b), XPS analysis was carried out. Mainly, the XPS spectra of Hf 4f, Nb 3d, Ta 

4f, Ti 2p, and Zr 3d were investigated to acquire information related to the oxidation states 

in the oxide layers. The oxide layer formed upon exposure to air revealed metallic Hf, 

Nb, Ta, and Zr peaks in their corresponding spectrums, except for Ti, as illustrated in 

Figure 5-8a. On the contrary, no metallic states were observed after polarization 
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experiments in SBF based on Figure 5-8b. The deconvoluted spectrum in the Hf 4f region 

indicated different oxidation states: Hf4+ and a low-valance state Hfx+ [262]. Similarly, 

the Zr 3d spectrum displayed different oxidation states: Zr4+ and low-valance Zrx+ [263]. 

Ta was detected in the high-valance oxide state Ta5+ and low-valance states such as Ta4+, 

Ta3+, and Ta1+ [265]. No Ta3+ oxidation state was detected in the oxide layer formed 

during the polarization experiments in SBF, as shown in Figure 5-8b. The Nb element 

also revealed peaks corresponding to the high-valance oxide state Nb5+ and low-valance 

states such as Nb4+ and Nb2+ [296]. The deconvoluted spectrum in the Ti 2p region 

indicated oxidation states of Ti4+ and a low-valance state of Ti3+ [266]. Figure 5-8c 

demonstrates the oxide concentrations (at%) for each element in the passive film of the 

alloy exposed to air and polarization experiments in SBF at 37 ± 1 ºC. While the high-

valance oxidation state Ta5+ increased in SBF by about 4.5 at%, the total amount of Ta 

oxide formed in SBF decreased almost by three at%. Although the concentrations of Hf, 

Nb, and Zr oxides were in the same range, the total Ti oxide formed in SBF increased by 

around three at%, compensating for the decrease in the Ta oxide concentration. The 

increased Ti oxide concentration in the passive film formed in SBF might be associated 

with Ti being highly resistant to chloride ions [297]. Binding energies associated with Hf, 

Nb, Ta, Ti, and Zr peaks are listed Appendix D. 
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Figure 5-8: High-resolution XPS spectra of the HEA-Center specimen’s surface after 

exposure to (a) air and (b) polarization experiments in SBF at 37 ± 1 ºC; (c) radar plot 

showcasing oxide concentrations (at%) for each element in the passive film of the alloy exposed 

to air and polarization experiments in SBF; (d) potentiodynamic curves of HEA-Center, HEA-

Top, and CoCrMo (the data were recompiled from [296] for CoCrMo); the SEM images show 

the microstructure of (e) HEA-Top and (f) HEA-Center following electrochemical polarization 

tests in SBF. 

 

The potentiodynamic polarization curves of HEA-Top, HEA-Center, and CoCrMo 

(27 wt% Cr, 6 wt% Mo, and balance Co) as the reference material in SBF are presented 

in Figure 5-8(d). CoCrMo has been selected as a reference material since it is one of the 
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most used biomedical alloys for orthopedic applications, in addition to 316L and Ti6Al4V 

alloys [85,298]. The initial purpose of this study was to investigate the as-cast corrosion 

properties of the predicted HEA composition, which has a dendritic microstructure. Since 

it was discovered that a more homogeneous microstructure was also present in the ingot 

(namely, HEA-Top, as demonstrated in Figure 5-8a), its corrosion behavior was also 

examined. Based on Figure 5-8d, the passive layer of CoCrMo broke down very early at 

a potential of about 0.25 V [296]. The HEA-Center specimen showed no sign of 

metastable pitting or breakdown of the oxide layer, suggesting that the passive oxide layer 

forming on it was stable and resistant against chloride attacks. The passive oxide layer 

breakdown around 0.5 V anodic potential and trans-passive dissolution commenced 

afterward for the HEA-Top specimen. 

As for the surface morphology after polarization experiments, HEA-Top exhibited 

noticeable pits with smaller-sized pits around them, as demonstrated in Figure 5-8e. These 

large pits might explain the trans-passive dissolution observed in Figure 5-8d for HEA-

Top, where the oxide layer could not be completely re-passivated, making it a source for 

releasing metallic ions. On the contrary, the HEA-Center sample had tiny pits distributed 

more homogeneously. However, some pits are concentrated severely in the inter-dendritic 

zones, indicated by yellow arrows in Figure 5-8f. 

5.4 Discussion 

Table 5-4 illustrates the electrochemical parameters obtained utilizing the Tafel 

extrapolation method. Ecorr and icorr values are used to assess the corrosion resistance of 

the materials. In addition to Ecorr and icorr, polarization resistance (Rp) was calculated using 

the Stern-Geary [282] equation: 

 

 
𝑅F =

𝛽G𝛽H
2.303𝑖HI>>(𝛽G + 𝛽H)

 
(5.1) 

 

where 𝛽G	is the anodic Tafel slope, and 𝛽H	is the cathodic Tafel slope. Rp indicates the 

resistance of a material to general corrosion, and higher values reflect a superior corrosion 

resistance [230]. The results for the designed composition (referred to as HEA-Center 

(nominal) in Table 5-4) and the actual composition (HEA-Center (actual) in Table 5-4) 

manufactured using VAM are shown in Table 5-4 in addition to the data for HEA-Top 
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and CoCrMo samples. The nominal and actual compositions are given in Table 5-1. For 

the designed composition (HEA-Center (nominal)), an Ecorr value of -352 ± 55 mV was 

predicted, as shown in Table 5-4. Because the designed (nominal) and manufactured 

(actual) compositions are slightly different, especially for Hf, as seen in Table 5-1, the 

prediction that results for the actual composition is also given. As a result, the Ecorr 

predicted for HEA-Center (actual) is -409 ± 35 mV, as shown in Table 5-4. The 

experimental Ecorr obtained from the polarization experiments was -404 mV, which is 

very close to the predicted value for this composition. This indicates that the model can 

make accurate predictions for the target property. Furthermore, although the final model 

has a moderate deviation around the mean predicted value, it has good generalization 

ability since the experimental and predicted results for the HEA-Center (actual) alloy are 

very close. 

 
Table 5-4: Electrochemical parameters of HEA-Center, HEA-Top, and CoCrMo in SBF at 

37 °C ± 1 ºC. 

Alloy/Sample Predicted 

Ecorr 

(mV) 

Experimental 

Ecorr (mV) 

icorr 

(µA/cm2) 

βa 

(mV) 

βc 

(mV) 

Rp (kΩ 

cm2) 

HEA-Center 

(nominal) 

-352 ± 55 - - - - - 

HEA-Center 

(actual) 

-409 ± 38 -404 1.03 32.4 57.9 9 

HEA-Top - -133 0.27x103 68.1 153.2 75x103 

CoCrMo  -487 0.27 33.4 25.7 23 

 

Based on Table 5-4, although HEA-Center (actual) has higher Ecorr than the 

conventional implant material CoCrMo, its icorr and Rp values are lower than for CoCrMo, 

reflecting a relatively lower general corrosion resistance in SBF. However, its passive 

oxide layer is more resistant to pitting in a chloride environment without any passive film 

breakdown, as demonstrated in Figure 5-8d. Interestingly, the HEA-Top specimen, 

having a more homogenous microstructure in the as-cast form, exhibited noticeably good 

Ecorr, icorr, and Rp values warranting further study of this composition with homogenous 
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microstructure, which was initially beyond the scope of this study. These results verify 

that HEAs can exhibit good corrosion properties once the appropriate heat treatment is 

implemented to obtain a homogenous microstructure. Since the predictions were made 

using the experimental findings of as-cast microstructures in the literature, the discussion 

is restricted to the HEA-Center specimen with the dendritic microstructure.  

The current results show the importance of microstructure on the corrosion properties 

of the materials, which should be included in the design process of new HEAs using ML. 

For instance, a novel approach was implemented by Ji et al. where they calculated work 

function and chloride adsorption energies of the secondary phases present in Al alloys 

using ab initio calculations to integrate the phase information into the corrosion rate 

predictions, which resulted in improved prediction accuracy of 17.3% [299]. However, 

constructing an experimental dataset for corrosion of HEAs, including production 

methods, heat treatment, and detailed phase information, is financially and timewise very 

expensive. Moreover, most of the new literature on the effect of heat treatment on HEAs 

focuses on mechanical properties [229]. Therefore, more work should be done on heat-

treated HEAs reporting their corrosion properties to have adequate data to construct a 

dataset that will aid the prediction of optimized HEA compositions along with process 

conditions leading to the best corrosion resistance [300]. 

One of the primary obstacles encountered in the design of HEAs is the need to 

understand the parameters governing these multi-component systems' mechanical and 

chemical behavior. While ML has been utilized in HEA design, it does not explain the 

complex prediction mechanism as the ML algorithm constitutes a black-box model, 

constraining the understanding of underlying relationships between the inputs and the 

target. Lundberg and Lee introduced Shapley additive explanations (SHAP) for 

interpreting model predictions [301] to further elucidate the relationships between the 

inputs and the target. SHAP is based on the idea of cooperative game theory, which aims 

to clarify the impact of each feature in each sample on its predicted target. The 

interpretability of the models is essential for the scientific community to comprehend and 

decipher some hidden mechanisms behind the factors affecting the properties of HEAs.  

The features determined using SHAP analysis are shown in Figure 5-9a, suggesting 

that Ti and Δ𝜒 are the essential features, with Δ𝜒 being on top. It can be seen that 

composition and calculated features played a more crucial role in predicting Ecorr than 

electrolyte type, pH, and temperature. The electrolyte types might have also been more 
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critical if their contents were included as input variables in the dataset; however, this 

would have increased the degrees of freedom drastically, considering the small volume 

of corrosion data available. In Figure 5-9b, the distribution of SHAP values of the five 

most important features is demonstrated. 

 

 
Figure 5-9: (a) Results of the SHAP analysis conducted to determine relative feature 

importance: since SHAP can be negative, absolute values were utilized to estimate the average 

feature importance; (b) the five most important features identified with the SHAP analysis; each 

data point denotes individual alloy data points in the dataset, where the colors were assigned 

according to the magnitude (high or low) of the feature under question; a positive SHAP value 

signifies that Ecorr is increased based on the feature value. 

 

To begin with, higher Δ𝜒 values posed a negative influence on Ecorr. Forming a single 

solid solution requires small values of Δ𝜒, whereas higher values promote compound 

formation [59], deteriorating the corrosion properties of the alloys. Thus, it can be inferred 

that Δ𝜒 might implicitly comprise the model's phase information. Conversely, the greater 

the Ti content is, the higher the Ecorr is. However, this effect should be constrained to this 

system and dataset as it might differ in another family of alloys. For example, Zhao et al. 

reported that increasing the Ti content resulted in a multi-phase microstructure, leading 

to lower corrosion resistance in the Al(2-x)CoCrFeNiTix system. However, Ti-containing 

alloys exhibit higher pitting potentials and wider passive regions [302]. For the COH and 

ea feature, the higher the value is, the lower the Ecorr is. However, COH and ea features 
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were calculated using a simple weighted average of COH and ea values of each element 

in the alloys. Therefore, a proper conclusion should not be drawn from the effects of those 

features on Ecorr. The 𝛿𝑟 effect on Ecorr is more complicated: the intermediate values of 

𝛿𝑟 improve Ecorr. In contrast, higher values negatively affect it, as demonstrated in Figure 

5-9b. This complicated effect was also reported in the literature before; larger 𝛿𝑟 results 

in larger strain in the lattice, hindering the diffusion of chloride ions or oxygen atoms into 

the lattice, thus increasing corrosion resistance. However, higher 𝛿𝑟 might also promote 

secondary phase formation, affecting corrosion properties negatively [288].  

Overall, the present findings show that in addition to modifying the composition, 

fine-tuning the microstructure of the HEAs may result in exceptional properties, opening 

a venue for their utilization in various applications demanding high corrosion resistance 

and exceptional mechanical properties. 

5.5 Conclusion 

This study introduced a machine learning (ML) - based computational framework 

to predict corrosion potential (Ecorr) of HEAs in the HfNbTaTiZr alloy family for 

biomedical applications, followed by experimental validation. The results have shown 

that Ecorr, an electrochemical parameter, can be successfully modeled with 

computational methods. The use and the limitation of the ML method as a potential tool 

to explore a vast compositional space of HEAs for improved corrosion properties were 

discussed. The following conclusions can be drawn based on the findings presented 

herein: 

(1) The experimental results matched the predicted values of Ecorr, demonstrating the 

success of the RF model trained with a small volume of corrosion data. 

(2) Among all the ML models used initially, RF performed the best after the FFS method 

was implemented to retain the most essential features in the dataset. 

(3) Severe element segregation was observed in the microstructure of the as-cast alloy 

with Ta-rich dendrites. 

(4) Though the passive oxide layer consisted mainly of Ta oxides in air an SBF, the total 

Ti oxide concentration increased in the passive oxide formed in SBF. 
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(5) The sample cut from the top part of the arc-melted ingot with homogenous 

microstructure revealed excellent corrosion properties, considering its 

electrochemical parameters compared to the sample with the dendritic microstructure. 
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Chapter 6: 

CONCLUSION AND FUTURE WORK 

The results of the thesis presented herein demonstrate the capability of machine 

learning (ML) methods trained with a limited amount of experimental data to predict 

novel biomedical high entropy alloy (HEA) compositions with desired  properties. In this 

thesis, three new biomedical HEAs, namely, Hf27Nb12Ta10Ti23Zr28, Hf30Nb14Ta10Ti28Zr18, 

and Hf12Nb16Ta35Ti29Zr8 were designed and developed. The first two HEA were 

developed with an aim to find the lowest possible elastic modulus in the HfNbTaTiZr 

family of HEAs while the last one (Hf12Nb16Ta35Ti29Zr8) was specifically designed to 

achieve a better corrosion resistance in simulated body fluid (SBF). The predicted 

compositions of HEAs were produced using vacuum arc-melting (VAM) technique and 

analysed with various methods, such as X-ray diffraction (XRD), X-ray photon 

spectroscopy (XPS), field emission scanning electron microscopy (FESEM), and 

inductively coupled plasma-mass spectrometer (IC-PMS). Moreover, a chapter, in which 

the effect of PVD process parameters on mechanical properties and ion release behavior 

of Ag coatings was investigated, was dedicated to Ag coatings sputtered on 

Hf27Nb12Ta10Ti23Zr28 and Hf30Nb14Ta10Ti28Zr18 HEAs in order to enhance their 

antibacterial properties. 

In the first chapter, two novel biomedical HEA compositions were predicted, namely 

Ti23Ta10Hf27Nb12Zr28 and Ti28Ta10Hf30Nb14Zr18, with elastic moduli of 83.5 ± 2.9 GPa 

and 87.4 ± 2.2 GPa, respectively. The predicted elastic moduli of the new alloys were 

validated by nano-indentation experiments. The samples were then subjected to 

immersion experiments in simulated body fluid (SBF) for 28 days to assess their 

biocompatibility and ion release behavior. The predicted alloys were also annealed in 

1000 °C for 12 hours to examine the changes in microstructure, and corresponding elastic 

moduli and ion release behavior. As a result, it was shown that heat treatment brought 

about formation of additional phases in the microstructure which showed that these alloys 

with a single BCC phase in the as-cast state can be used without heat treatment.  

In the second chapter, the evolution of microstructural, mechanical, and ion release 

behavior of Ag coatings sputtered on biomedical high entropy alloys (HEAs) was studied. 

The deposition time was shown to affect the texture, roughness of the coatings, number, 

and size of agglomerates, and the critical thickness, where the surface energy to strain 
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energy minimization transformation took place. Specifically, above a critical thickness, 

the evolution of two different strain energy mechanisms was observed for films sputtered 

on Ti23Ta10Hf27Nb12Zr28 and Ti28Ta10Hf30Nb14Zr18 HEAs: grain growth and formation of 

(220) oriented grains, respectively. Furthermore, the Ar flow rate was shown to have an 

impact on NP size, increasing the amount of ion release drastically due to the increase in 

the surface-to-volume ratio of these particles. It was affirmed that the ion release rate 

depends not only on the NP size but also on the texture of the coating, which can be 

modified by changing the deposition time and the Ar flow rate.  

In the third chapter, the microstructural features, ion release, and corrosion behavior 

of two novel biomedical HEAs developed in the first chapter were investigated. It was 

found out that both HEAs possess a dendritic structure, with Ta being mostly segregated 

into dendrite arms during the solidification due to its higher melting point than other 

elements in bulk. While the cumulative Ti ion release increased until the 28th day and 

decreased afterward in SBF, a successive decrease in the cumulative Ti ion release was 

detected in AS. For two reasons, Ta was mainly present in the passive oxide layer in the 

form of its sub-oxides: the bulk alloys are deficient in Ta content, and severe segregation 

of Ta in dendrite arms. Potentiodynamic experiments performed in AS pointed out that 

Ti28Ta10Hf30Nb14Zr18 had a relatively high passive dissolution which may be associated 

with the higher concentration of sub-oxides it contains as opposed to 

Ti23Ta10Hf27Nb12Zr28, especially Ti2O3 which is regarded as an inducer for metastable 

pits. Furthermore, the corrosion resistance of both HEAs was found to be superior 

compared to that of the CoCrMo in both AS and SBF.  

In the last chapter, a new HEA composition with the best corrosion resistance in the 

HfNbTaTiZr alloy family for biomedical applications was predicted, followed by 

experimental validation. The results have shown that Ecorr, an electrochemical parameter, 

can be successfully modeled with computational methods. The experimental results 

matched the predicted values of Ecorr, demonstrating the success of the random forest (RF) 

model trained with a small volume of corrosion data. Severe element segregation was 

observed in the microstructure of the as-cast alloy with Ta-rich dendrites. The sample cut 

from the top part of the arc-melted ingot with homogenous microstructure revealed 

excellent corrosion properties, considering its electrochemical parameters compared to 

the sample with the dendritic microstructure. 
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As discussed in this thesis, the biomedical HEAs that were investigated herein 

comprise of refractory elements which make them also attractive alternative materials in 

other applications, especially high temperature applications. Therefore, these materials 

should be tested at elevated temperatures in order to measure their strength and ductility 

at high temperature. Besides high temperature, room temperature and cryogenic tests 

should also be conducted in order to have an understanding of mechanical behavior of the 

HEAs in a broad temperature range. They can be used in applications such as gas turbines, 

rockets, and nuclear industries. Additionally, the HEAs can be tested in other electrolytes 

to reveal their corrosion behavior in harsher environments compared to AS and SBF. The 

HEAs discussed in this thesis were manufactured with arc-melting technique. However, 

other methods, such as additive manufacturing, powder metallurgy or ball milling, might 

result in different microstructure affecting the final properties. Therefore, these HEAs 

might be manufactured with these manufacturing techniques in order to understand the 

effect of manufacturing technique on final properties of the alloys. 

The alloys investigated in the study were as-cast. Hence, additional heat-treatment 

and pre-deformation can be applied to the alloys, in order to understand their properties 

with the corresponding microstructure as a result of the changing production 

methodology. Once the microstructure and phases formed through heat-treatment are 

understood, final properties can be tuned through controlling microstructure. Especially, 

manufacturing HEAs with additive manufacturing have drawn increasing attention lately 

because of easiness of ability to produce complex shapes and materials savings. 

Additionally, when HEAs are produced with magnetron sputtering, amorphous phases 

can be obtained which results in different mechanical response, corrosion behavior and 

wear resistance as opposed to their bulk counterparts. Therefore, the HEAs investigated 

herein can be used in other applications other than biomedical. The phases formed and 

their volumes, and precipitates can be controlled with a well-designed heat-treatment 

recipe. Molecular dynamics can be a helpful tool in order to investigate the corresponding 

temperature ranges, where some phases forms and stays stable. 
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Appendix B: Definition of and explanation for the input features. 

Feature Name Abbreviations Calculation formula / Description 
 Elements in the compositions  

Titanium concentration Ti - 
Tantalum concentration Ta - 
Hafnium concentration Hf - 
Niobium concentration Nb - 

Zirconium concentration Zr - 
Molybdenum concentration Mo - 

Tin concentration Sn - 
Weighted average of some properties*) 

Valence electron concentration 𝑉𝐸𝐶 

𝑘 =&𝑐! ∗ 𝑘!

"

!#$

 

Melting temperature 𝑇 
Number of itinerant electrons 𝑒/𝑎 

Shear modulus 𝐺 
Electron affinity 𝐸𝐴 
Cohesive energy 𝐶𝑂𝐻 

First ionization energy 𝐹𝐼𝐸 
Work function 𝑊𝐹 

Thermodynamic parameters 

Mixing entropy 𝛥𝑆 𝛥𝑆 = −8.314&𝑐! ∗ ln	(𝑐!)
"

!#$

 

Mixing enthalpy 𝛥𝐻 𝛥𝐻 = 4 & 𝑐!𝑐%𝐻!&%'!(
"

!#$,			%+!

 

Analogues to difference in atomic radii calculation formula 
Difference in shear modulus 𝛿𝐺 

𝛿𝑘 = B&𝑐! ∗ (1 −
𝑘!
𝑘 )

,
"

!#$

 Difference in melting 
temperature 𝛿𝑇 

Atomic radius related parameters 

Difference in atomic radii 𝛿𝑟 𝛿𝑟 = B&𝑐! ∗ (1 −
𝑟!
𝑟)

,
"

!#$

 

𝛾 parameter 𝛾 𝛾 =

1 −E(𝑟 + 𝑟'!")
, − 𝑟,

(𝑟 + 𝑟'!"),

1 − E(𝑟 + 𝑟'-()
, − 𝑟,

(𝑟 + 𝑟'-(),

 

Electronegativity parameter 

Difference in electronegativity 𝛥𝜒 𝛥𝜒 = B&𝑐! ∗ (𝜒 − 𝜒!),
"

!#$

 

Analogues to difference in atomic radii calculation formula 
Shear modulus 𝛥𝐺 

𝛥𝑘 = B&𝑐! ∗ (𝑘 − 𝑘!),
"

!#$

 

Electron affinity 𝛥𝐸𝐴 
Cohesive energy 𝛥𝐶𝑂𝐻 

First ionization energy 𝛥𝐹𝐼𝐸 
Work function 𝛥𝑊𝐹 

Melting temperature 𝛥T 
Other parameters 

𝛬 parameter 𝛬 𝛬 =
𝛥𝑆
𝛿𝑟  

Experimental parameters 
Simulated body fluid SBF 1=yes, 0=no 

Artificial saliva AS 1=yes, 0=no 



Appendix B: Definition of and explanation for the input features.
  148 

148 
 

Bodily fluids BF 1=yes, 0=no 
pH pH - 

Temperature Temp 1=37 ºC, 0=25 ºC 
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Appendix D: Metallic and oxide binding energies of the alloying elements present in 

air-formed and passive oxide layer formed in SBF at 37 ± 1 ºC after polarization 

experiments. 

 Oxidation/Chemical 

State 

Photo electron lines Binding Energy (eV)  

  Air SBF 

Hf4+ 4f7/2: 4f5/2 17.21: 18.91 17.22: 18.92 

Hfx+  15.23: 16.93 15.71: 17.31 

Hf0  13.64: 15.30 - 

Nb5+ (Nb2O5) 3d5/2: 3d3/2 207.43: 210.23 207.36: 210.18 

Nb4+ (NbO2)  205.51: 208.22 205.92: 208.62 

Nb2+ (NbO)  203.11: 206.08 203.00: 205.81 

Nb0  201.92: 204.62 - 

Ta5+ (Ta2O5) 4f7/2: 4f5/2 26.36: 28.26 26.36: 28.25 

Ta4+ (TaO2)  25.07: 26.90 25.45: 27.09 

Ta3+ (TaO)  23.76: 25.56 - 

Ta1+ (Ta2O)  21.90: 23.66 22.47: 24.29 

Ta0   21.35: 23.20 21.49: 25.50 

Ti4+ (TiO2) 2p3/2: 2p1/2 458.96: 464.77 458.92: 464.79 

Ti3+ (Ti2O3)  457.51: 463.03 457.86: 463.36 

Zr4+ (ZrO2) 3d5/2: 3d3/2 182.62: 185.00 182.63: 184.99 

Zrx+  180.22: 182.78 181.36: 183.73 

Zr0  178.25: 180.85 - 


