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This study leveragethe highthroughput experiments and hitfiroughput calculations to study

the thermodynamic and kinetic behaviors, and mechanical properties of different alloy systems.
CALculation of PHAse Diagrams (CALPHAD) and machine learning (ML) are two
computational approaches to predict the pleagglibriaof alloys and were adopted to study the
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with the CALPHAD calculation§VEC =valence electron concentratioML trained models

can reach more than 90% accuracy in predicting BRCHEC/B2 + FCC, and FCC phases. An
autonomous materials search engine (AMASE) method was developed by collaborators to map
the phase diagram diethin-film Sn-Bi system in a closetbop method, which speeds up the
phase diagram mappir@nd thermodynamiassessmerrocesesover the traditional grid

mapping. In theNSF sponsoregroject the diffusioamultiple approach was employ&amap

thephase diagrasof theternary subsystems tife Cr-Fe-Ni-Nb system. Wavelengttispersive



spectroscopy (WDS) mapm was adopted to measure the compaositions in the-juption
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Chapter lintroduction

Humankind has benefited greatly from varioustenials from the early bronze age to the
current information agéViaterials properties or structures caw be predicted by
implementing theories intcomputemprogramming. The Materials Genome Initiative (MGI) is a
U.S.governmerfunded program launched in 2011 with the goal of accelerating the design and
development of new materialsshorertime andwith lower materialsdevelopmentost by
integrating the amputationatapabilities withexperimentatests [1]. MGI aims to bring
together researchers from industry, academia, and government to work collaboratively to speed
up the materialdevelopment process on new advanced materials. Its materials innovation
infrastructurancludescomputational tools, experimental tools, and digital dateed at
improvinghuman welfare, national security, clean energy, and next generation workforce, as
shown inFig. 1.1 High-throughput experiments along with the combinatorial analysisdaeie
time andcost compared with the traditional trial and error method that requires a lot afridne
labor [21 5]. Computational tools such as thermodynamic modeling, molecular dynamies, first
principle calculations, and machine learning #r&ideveloped on theory and/or validated by
experiments can optimize the experimental parameter settings foexhieration experiments,
and thusaccelerate the wholaaterialsdesignand maturatioprocesss [61 10]. By making the
digital data more open and accessible as a public resoeseercherd on 6t need t o rep
experimental or calculation process and could easily use the shared data for their a@skarch

development

The motivation of this dissertationts study the phase equilibria, and the composition

structureproperty relationshipin many binaryandmultinary systems by combining the high



throughput experimentsith computations. This dissertation includes six different studies that

have been done uting thedissetation workeither individually or through collaboratismwith

Materials Innovation
Infrastructure

Figure 1.1 The founding conceptual structure of M@].

otherresearctgroups The effects of solid solution hardening (SSH) were studied on eigiX Mg
(X =Al, Ca, Ce, Gd, Li, Sn, Y, Zn) binary systema nanoindentation scanning on the
composition gradients formed liquid-solid diffusion couples (LSDCsYhehardening
coefficientsfor different solutesvill be very usefufor the future design of Myased alloys.

While LSDCswork well for theMg-basel binary systems, it is hard to make diffusion couples of

refractory binary systems that requre@erylong time and high temperature to creatarge
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diffusion zone A novel method was designadd developedsing the electron beam welding
(EBW) techniague to prepare thmacroegradientsamples ovemillimeter-scaledistance, enabling
the highthroughput measurements of composkt@pendent materials propertidsive

refractorybinary systems.

Artificial intelligence (Al), a way tanimic the human intdigence that makes human
decisions in programmed machines, can be used to accelerate the experimental process. A real
time autonomous and closémbp experimenrtomputational interaction was constructed in
studying the phase diagram of tHilm Sn-Bi binary system by integrating than-the-fly

thermodynamic modeling amedpid experimentatharacterization.

In the project of improving the prediction ability of phase stability of topologically €lose
packed (TCP) phases in-dased superalloys, sponsored\stional Science Foundation (NSF),
isothermal sections aleverakernary systems at different temperatures were obtained using
diffusion multiples and wavelengtuispersive spectroscopy (WDS) mapping. These measured
dataalongwith other collected literare data were sent to our collaboratarPenn State
University for the thermodynamic modeling and reassessméiné @lertinent TCRontaining
ternary systems for future improvementlodé thermodynamidatabasgof Ni-based

superalloys.

In addition to studing the phase equilibrium of lovwrder systems, this dissertation used
thermodynamic calculations and machine learning (ML) models to predict the phase equilibria of
experimental high entropy alloys (HEAS) and provide useful phase saleakssfor the phase

classification of HEAs.

Thermodynamics and kinetics are both important in materials science. The kinetic
assessments were performediom diffusivity data of 25 binary systems wélsinglephase

3



BCC or singlephase FCC phasmdudng thenewly developed-Z-Z binarydiffusion model.
The fitted binary interaction parametevsre fedinto the ML models tamprovethe ML training
process and obtainmorereliableML model for future diffusivity predictions for unassessed

binary systens.

Many techniques including computatadools and experimental methods were employed in
this dissertation research. Thermodynamic modeling, kinetic modeling, and machine learning are
the three main computationgbproachessed in thistudy The expemental methods include
diffusion multiples, LSDCs, electrorbeam welded staekedge macraradient sample§SEM,

EPMA, TEM, XRD, and nanoindentatioBome of thestechniques will be described in the

following sections

1.1 Computational modeling

1.1.1 Thermodynamic modeling

1.1.1.1 Gibbs energy models

The generamodel for themolar Gibbs energyO for a phas€ dn)a multicomponent system

has three main parts:
O O ° O (1.2)

where O is a mechanicglinear) mixture of the constituent¥) is the contribution from
entropy ofidealmixing, and’'O is the excess term including the interaction between atoms,

magnetic effect and other factors that affect Gibbs energy of the phase.



The substitutioal regular solution model for the molar Gibbs energy of a ptjasea binary

system can be expressed[a4i 13]:
O w0 ®w 0 YYWwaaw waeaw w0 (1.2)
wherew andw arethe mole fraction of element A and B, R is the gas constaatis the
Gibbs energy of the pure element i (i = A or B) whose value can be written as a power series of

temperature T in the following general equation by selecting a reference statxdgnstable

element reference (SER) for ttie element at 298.15K:
O O O OYaEY O O 7Y AY Y Y (1.3)

0 describes the binary interaction between element A and B, and the expression built on

RedlichKister (RK) polynomial is[12]:
0 B & 0 B w» ® ® @Y (L4
where U is the polynomial order, ¢y and @ are two constants. It is temperatimdependent

when s zero for allb values. B pluggingEq. (1.4) into Eq. (1.2), the equation 610

becomes:
VO w0 ®w 0 YYWwaaw waeaw wwoB o o @ ©"Y(L5)
It becomes an ideal substitutional solution when no interaction of mixing constituents exists.

For a binary stoichiometric phase, no random mixing exists in the phase. The formula of

Gibbs energy model is:
O w0 w'Oo 30 (1.6)

wheres3-O is the Gibbs energy of formation, the excess term in Gibbs energy model.



Fororderedbinary solution phases, a more compdeklatticemodel integrating

substitutional and stoichiometric models is ugéd.4]:
O w0 wo
Y'Y 0d & oo ® 0o &w WO &

W0 W00 ww0O wwo

WwWwwo (1.7)
wherew , w , w , andw are thecompositios of element A and B othe sublattics 1 and 2
with the relationthato @ ww W, OO WO ©W,® O PO ® p.© and
 are the site fraction of the sublattices 1 and 2. The remaining terms excluding the first three
terms refers to the excess ternthe Gibbs energy model. Four coefficieii@ ,"O ,"O , and
‘O can be regardkas the Gibbs energies of the four-eneimber phases AA, AB, BA, and BB.

0 ,0 ,0 ,0 ,and0 are the interaction parameters between the atoms in the two

sublattices.



1.1.1.2 Calculation of phase diagram

With the Gibbs energy function, the chemical potentia), of a component n ir
be derived and used é&stablisithe equilibriumconditions in a multicomponent system. The

chemical potential of each phase obeys the following rule at equilibrium:
‘ ‘ E (1.8)

where i corresponds to thtl element in the system, meaning that the chemical potential of any

el ement i is the same in al/l phases (U, b, dé
of minimizing the total Gibbs energy of the system. An example of using Gibbs energy to
determine the twqphase equilibrium of the M@u system at 1123 K is shownhig. 1.2 The

common tangent line is drawn in red color for the Gibbs energy of the liquid and FCC phases.
Between the two points of tangency, the Gibbs energy of the mixedhasepis smaller than

that of each individual phase, stabilizing the q@ase region. To the left of the left purple

dashed line, the system is represented by the liquid phase whose Gibbs energy is lower than that
of the FCC phase. And vice versa on tigatrside of right purple dashed line. The equilibrium

of the system is then plotted in the temperatmesuscomposition diagram (phase diagram) as
indicated by the horizontal black line. By calculating all the phase equilibria at various

temperatureshe phase diagram of MQu can be constructed.

1.1.1.3 Optimization of thermodynamic parameters

As shown in the formula of Gibbs energy model for a binary system, interaction parameters
can be optimized to describe the system via comparing the 1paatBted values with
experimental data. Experimental data include chemical potential, activity of component,

enthalpy, the (T, X, phase) info of phase equilibrium, and so on. In magnetic systems, the Curie
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temperature and Bohr magneton number are two important parart@bptimize the model to

simulate the magnetic transition process.

The optimization can be performedth different software like Therm@alc, Pandat, and
ESPE] and ThermeCalc is mainly used in this dissertation. To perform optimization using
PARROT module in Therm&alc, the first step is creating a POP file containing all the relevant
experimental datd15,16] Then, a setup file containing the information of system definition,
model parameters, optimizing variables, and a series of PARROT commands that performs
optimization should be creategetting weightsfor datais importantoecause the quality of data
is notthesame from different measurement techniques and research groups. Some data could be
more reliable than others, and therefore they cagivema larger weight. Dropping optimized
variablesfrom the interaction parameters is feasible in the cateettsduated values for these
variables have large standard deviations. By going through changing weights and variables,
better agreement between calculations and experimental data could be achieved. The
optimization process for ternary systems and Hugler systems has similar stepsy. 1.3
shows the framework of CALPHAD usirilge Gibbs energy mode]7]. Assessed parameters in
the excess term of G of binary systeme used in the G of ternary systems directly without the
need tareassess them. Then, other interaction parameters in the ternary system are optimized by
fitting the experimentallata. Following this strategy, assessed parameters frAdro@mponent
systems will be added to the thermodynamic descriptionocoimponent system. This strategy
saves computational sources used in the optimization since it has fixed parameters originating
from lowerordersystems. In general, the database of fuglter (> 4 components) system
extrapolated form binary and ternaggsgems could predict the experimental data reasonably and

no correction or minor corrections need to be considered.
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Figure 1.3 The framework of CALPHAD method. The model of higtder systems relying on

the extrapolation adbw-order systemg7].

1.1.2 Kinetic modeling

Diffusion occurswhen mixing two or more materials together, and diffusion coefficients are
crucial in understanding these diffusion behaviors and are helpfuldt@rials desigrespecially
in the simulation of kinetic processes such as homogenizatiecipitation,and creep
deformation This partintroducediffusion models Compositiondependent diffusion
coefficiens can be extracted frocompositionversusdistance profile®btained froma

di ffusion couple according to Fickds second |

— — 06 — (1.9)
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where D ighediffusion coefficient, C i<ompositionx is distance, and t is the time. This
eguation can be solvesing theBoltzmanaMatano methodo obtained the interdiffusion

(chemical) diffusion coefficienfl17]:

06 —— s ® & Qb (1.10)

wherel is acompositionat a specific locatiot. @ is the position ofthe Matano plane, which

can be calculated by
0w 0 Qw 0 O0wQw (1.12)

0 ando are the twacompositiors at the far left and far right end of the diffusion couple. Other
extraction methodsclude theSauerFreise method18], Wagner method19], Hall

method [20], andforward-simulation analysis (FSA)21] which wasdeveloped and

implemented irbothMatlab and Python codes By. Qiaofu Zhang an®r. Zhangqgi Chemwhen
they were pursuing thetfoctomatesi n P r o fgroupZ-BAimeyrsates all the advantages of
previous methods and can be applied tcethi@ecomposition range to extract reliable
interdiffusion coefficierd andimpurity coefficiens with reduced errors caused éyperimental
data fluctuatior{scattering) The extracted interdiffusion coefficients using H&#mn aCo-Ni
diffusion coupleareshown inFig. 1.4 which are smooth and reliable over the full composition

space compared wittiffusion coefficients calculated using other meth¢a2].

11



(a) 1 \ f (b) 10™
0.8 Nil / Hirai et a
5 / v oY Hirai et al.
B 0.6 »
- | v
2 Matano PIane—H>< € 10 s — -
204 o Saueri{Freise MJthod /
e) . :
s \ Forward-Simylation
0.2 Co \
0 J \ 107
0 200 400 ~ 600 800 0 0.2 0.4 0.6 0.8 1
Diffusion Distance (micron) Ni Mole Fraction of Co Co

Figure 1.4 (a) Diffusion profiles of Ni and Co after annealing at 1100 € for 1000 hours. (b)

Comparison among extracted interdiffusion coefficients using different me{R@dls

Diffusion coefficients have different types, including sdiffusion, impurity diffusion, tracer

diffusion, intrinsic diffusion, and interdiffusion coefficients. The temperatieggendent
diffusion coefficient of element i in elemeniQ, , can be exgessed using the Arrhenius

eqguation:

0O 0Qon — (1.12)

whereO s the preexponential factor) is the activation energy, and T is the absolute

temperatureO is theimpurity diffusion coefficient of in j wheni | j and is sekdiffusion
coefficient ofi wheni =j. The interdiffusion coefficient is correlated with tracer diffusion and

intrinsic diffusionthroughDar kendés [28l[guat i ons
0O OrTh O OfF (1.13)

0O ®O0 ®O GO QO (1.14)
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whereO corresponds to intrinsic diffusion coefficient of elemiefit= A or B),’O° corresponds
to tracer diffusion coefficient cflement,[ corresponds to thtaermodynamic factoi®
corresponds to interdiffusion coefficient in a binanBAsystem. The interdiffusion coefficiefat
becomes impurity coefficief® when thecompositionof element A approaches|0.is related
to the second derivative tife nolar Gibbs energy functiowith respect t&¢omposition, and can

be calculated using thermodynamic databases or CALPHAD software:
rpP - —— — (1.15)

where is the activity coefficient, is the chemical potential of elementOis the molar Gibbs

energy.

A connection betweethe diffusion coefficient andhe atomic mobilityd is described

according to Einsteinds relation:

z z
D

b — —Qn— —Qol—— —Qof  (1.16)

whereO" and0 are the prdactor and activation energy of tracer diffusion coefficieht
Atomic mobility parametets , with a formulaz ~ 'Y"Y@?% 0 , can be expressed in an
eqguation considering the individual contribution of end members and the interaction among

atoms in a multicomponent systefh2,24}
B Bk BB oo B EM o o
BB B womwB frv ik (1.17)
wherew is the mole fraction of elemeptlz is the atomic mobility parameter to describe the

diffusion coefficientO (i in ) of end members. " is the binary mobility interaction
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parameter ait=j ori = k. And it is called crossinary mobility interaction parameteseni [ |
ori | k, which describes the impurity diffusion coefficient of a third element in the diffusion
matrix lattice of other two elements in a ternary solid solutigmthe polynomial order in the

second termu is prefactor coefficient befords "h termthat is the ternary interaction

parameter, with a relation to compositions, ®w p ® « o fo. General
assessments for diffusivity refer to assessment of mobility and then dertiéukmsn
coefficientsfrom the mobility parametrs It follows a similar strategthatcan beused in the
optimization or assessment of interaction parametargei@ibbs energy model. Reliable
assessmesbr extrapolation to higér-order systems rely on good assesssehiower-order

subsystems, especially binary and ternary subsystems.

1.1.3 Machine learning ML) models

1.1.3.1 Decision Tre€DT)

The DT model splits the data at each parent node into the left child node and the right child
node in a binary tre¢25,26] Assume we have a dataset denote@lwith n samples and the
data at nodendenoted byQmwith ¢ samplesw is the vector ofth featureandy is the label
vector. The data can be partitioned into two subsets, — attheleft child node and —
attheright child node for each candidate split @ that stands for featujeand threshold

0 :

|
&
@,

(1.18)

0 — 0 v — (1.19)
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Thed can bemedian or mean of a feature or other quantities. The information loss at each split

ofnodemcan be computed using Shannonds entropy:
00 B aém (1.20)

or Gini impurity:

~

00 B p A (1.21)

wherer)  stands for th@roportion of clas& in Qm. The DT algorithm minimizes the function

o0 —00 ——"0 0 (1.22)

whereg ande are the number of samples in the left child and the right child of mpde
respectively. This algorithm achieves most information gain or least information loss with the
best splif * for each nodenthat minimizeSO0 h—. By iterating the splitting atach node and

its child nodes, the decision tree is constructed. An example of classifying a dataset with two
features and two classes is presentdelgn 1.5 The DT model finds feature 1 < x1 as the best
splitting strategy in the first split for the whole dataset. Feature 2 > y1 and feature 2 < y2 are the
two best splitting strategies for the two subsets at left child node and right child node,
respectively. Fom this example, we can see that the depth of that@samples size at each

node are important hyperparameters that affect the prediction accuracy of the model.
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Figure 1.5 (a) The dataset plotted in dimensions of x1 and y1. (b) The splitting strategy using if
else conditions in a binaityee structure. The two classes are presentelddrgd and green

colors.

1.1.3.2 knearest neighborgKNN)

KNN utilizes a voting mechanism by k nearest neighbors to a query sg2)i8] In this
way, the query sample is assigned to the class with major votes among k nearest neighbors.
When the weight of voting for every neat neighbor is the same, then KNN uses a uniform
weight. However, the voting weight is often different for every voter since the voting power of
every voter is not same. The distance weights are proportional to the inverse of distance between
training sample and query sample and are used here because the contributions of nearer

neighbors are regarded as more important than farer neighbors, which is based on the calculation

of the standard Euclidean distanf29], Q nm B 1 1 ,wherenis atraining vector

andn is the query vector. By itating the process of assigning each sample to the class with
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major votes, the assigned class of each sample will converge and reach a stable status. Predicting
the class of a query sample using 5 nearest neighbors in a dataset with two classes and two
features is shown ifrig. 1.6 The query sample has 2 neighborth&red color and 3 neighbors

in thegreen color, therefore it is predicted to be in the same class of green data points.

The weight of a nearest neighbor and the number of nearest neighbors affects the prediction
results and can be used to optimize the KNN model. The value k cannot be too small, otherwise
it will cause a strong bias by not considering the effects of otheestaeeighbors. It degrades
the performance of the model severely if k is too large, because all the predicted results will be
very similar under a similar set of nearest neighbors. This is art@asylerstand model, which

has only a few hyperparametéostune in contrast witthe other ML models.
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Figure 1.6 The visualization of assigning the class to a query sample based on its 5 nearest

neighbors.

1.1.3.3 Support vector machin&VvVMm)

The goal of an SVM is to find the hyperplane in a hiljinensional space that maximally
separates the data points of different classes. The distance from the hyperplane to the nearest data
points is known as the margin. SVM aims to maximize the maogiive best generalization or
prediction to unlabeled data. In the case of a linear SVM, the hyperplane is a simple linear

decision boundary that separates the data into two classes. Hore@oly separable data, SVM
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Figure 1.7 Linear kernefor classifying a dataset with two classes marked in red and green

colors, with some important concepts.

can use the soalled "kernel trick" to map the data to a higdenensional space in which it

becomes linearly separable. Some common kernels used in SVMs include the linear kernel, the
polynomial kernel, sigmoid kernel, and the radial basis function {RBfael. The maximal

margin for classifying two classes using a linear kernel is showigirl.7. The optimal line to
separate two classes is called hyperplane and the data points on the hyperplane is called support

vectors.
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The SVM model implementsneversusone or oneversis-rest strategy for muktlass

classification [30]. The radical basis functicR oo 'Q is one ofthekernel
functions, wher@o andw are the features éh and’@ samples, and s the kernel coefficient

in thisstudy: r is also an indicator of the degree of effect of a training sample on other samples.

A sample vith largerr has lower influence on other samples. Another penalty paratheter
(Parameter C is not in the above equation and thus undégmet) is also critical to control

the tradeoff between the overfitting and simplicity of the decision surfatzegéd could

increase misclassification of samples in the training process and cause underfitting, while a small
0 could improve the training accuracy but may lead to overfitting for the training samples.

Hence the appropriate parameteando of the SVM model can be tuned to obtain optimal

training and test outcomes.

1.1.3.4 Artificial neural network(ANN)

ANN simulates the decisiemaking process of human mind by constructing artificial neurons
in the model[31,32] whose architecture is illustratedrig. 1.8 ANN usually contains an input
layer of the exploring features that are fed into separate neurons, hidden layers whose quantity
and number of neurons are affected by the complexity of data and number of eladaas,

output layer including the classified outcomes in each neuron. The input features propagate
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forward to each neuron in each hidden layer with fitted weights, thdittihg values are

Bias 1 Bias 2 Bias 3

C)N Classes

Feature 1 Class 1
SACXAAIAXT
G XL XL 3L
OROTROH
Feature m ; //\\ //\\ . //\\ Class n
Input Features Hidden Layer 1 Hidden Layer 3
Input Layer Hidden Layer 2 Output Layer

Figure 1.8 The architecture of neural network.

transformedy an activation function. Commbynused activation functions include rectified

linear unit (ReLU), sigmoid, tanh, and softmax. At each hidden layer, a bias is introduced and
propagatesogethemwith the transformed fitting values to the next layer. In the final output layer,
the softmax fuation is often used to calculate the probability of one sample that belongs to each
class at each neuron. Then the sample will be assigned to be the class with highest calculated

probability.

Compaedwith other ML models, the neural network can be a more complex model with
many parameters, such as large number of neurons at each layer and multiple hidden layers. The
learning rate is an important hyperparameter in the implemented batch gradient esearch

for the best parameter set of weights anddsfts the ANN model. Other hyperparameters such
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as dropout rate, batch size, epoch times, and activation function also impact the prediction

accuracy of the ANN model.
1.2. Experimental techniques

1.2.1 Diffusion multiple approach

Diffusion Multiple

EPMA
EBSD
Micro-machining &

Nano-indentation " -
micro-compression

,
<€

Binary
systems

A\ 4
\ N\ ! Other
\/ v\ \ properties
AN\ % =
Phase diagrams Diff. coefficients Thermal
l * conductivity
Thermodynamic Kinetic . pa ’ Ordering
~3 modeling modeling Solution / precipitation strengthening Substitution
Thermodynamic predictions
Multicomponent
alloy * v v
—) Accelerated Alloy Design Functional Materials

Figure 1.9 The applications of diffusion multipden alloy design and discovery of structural or

functional materialg33].

A diffusion multiple is an assembly of multiple metal pieces with close interfacial contact

between pieces, whidre subjected tdiffusion annealing & high temperature to form solid
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solutions and intermediaphaseg$2,5,34 37]. Hence multiple binary and ternary systems co
exist in one diffusion multiple, saving the raw matera@stand timecomparedo prepaation of
individual diffusion couples or diffusion triples. The extensive applications of diffusion mailtiple
are summarizeoh Fig 1.9 [2]. First, the diffusion multiple is very helpful to map phase
diagrans of ternary systemiin the triple junction aresand multiple phase diagrams at different
temperatures can lmbtained withagood design and preparation of the diffusion multiples. The
tie-line data of twephase or threphase equilibrium can be extracted from the composition
versus distance profiles measutsingEPMA technique under the assumption of local
equlibrium. In addition to phase equilibriunhata, diffusion coefficients of binary systems can
also beobtainedrom the diffusion profiles. All these dasasevaluable to the establishment of
thermodynamic and kinetic database assist the alloy design using théegrated

Computational Materials EngineeringME) approach[38,39] Properties can be measured at
different locationdocally for various compositions to construct the composistmcture

property relationship, such as compositional dependence of hardness, elastic rstréunlyit,
thermal conductivity using nanoindentation, micampression, and tirrgdomain
thermoreflectance (TDTRgchniquesOther properties like magnetic and electrical properties
can also be measured on diffusion mulsplEhehigh-throughputway of measuring properties

of the diffusiorannealing induced compositigmadiens ismuch more efficienthan the
traditional way that prepares multiple bulk allafsndividual compositiong terms of time and
raw materials cosThedesign process afew structural or functional materials can be
accelerated with the opeource data and improved computational modeling based on extracted

data from this approach.
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Figure 1.10 Examples ofesearch work conducted by prevéogroup members usitige
diffusion-multiple approacland a liquidsolid diffusion couple (LSDC) (a) Zhangqi Ch e
diffusion multiple for theTi-Mo-Nb-Ta-Zr system[40]. ( b ) S duatanneal@#sions

multiple for theNi-Cr-Nb-Ta-Fe system[41]. (¢ We i Z h-luased 83 [44]g

Prof. Zhaodés group has performed | arge amoun
and kinetic behavior of binary systems and ternary systems using the difiusityple
technique. Exampteof work frompreviousgroupmembers using diffusion multigeinder the
guidance of my advis@represented iffrig. 1.1Q Zhangqi Chen prepared the Mio-Nb-Ta-Zr
diffusion multiple to studyhe interdiffusion coefficients of Thased and Zbased binary
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systems using the forwagimulation analysis shown Fig. 1.10(a) [43]. Healsoinvestigated

the effect of steepompositiongradient on the extraction of interdiffusion coefficients caused by
the relatively large Xay interaction volume in the EPMA measurement and suggested the upper
limit of compositiongradient of 1 at.% pam for reliable extraction of diffusion coeffiams

from diffusion profileg44]. Siwei Cao prepared duaineal diffusion multiple (DADMs) that
underwentwo stages of annealing, as presenteéign 1.10(b) [45,46] The first annealing of

DADM is at a high temperature to form solid solutions and intermetallic compounds and the
second one is at an intermediate temperature to generate precipitattsefisupersaturated

solid solutions. Isothermal sections ofE&Mo and CrFe-Ni at 1200 €, 900 €, 800 €, and

700 € were mapped. Wei Zhong developed a novel liggotld diffusion couple (LSDC) to

study the diffusion coefficients above the eutectimpin Mg-based binary systemBig.

1.10(c) [47i51]. The metal block M igither apure elementr a master alloyand it is

surrounded by Mg metal cartridge and a Mg metal pigcee Fe has no solubility in Mthe

iron bock miminizesthe interdiffusion between Mg and the carbon steel screw. The carbon steel
screw is used to provide the initial intimate contact among the metal pieces and the Mg cartridge.
Using this approach, multiple interdiffusion coefficients of-baged binary systems were

obtained and a robust Mgased mobility database was establisfte?].
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Figure 1.11 The workflow of fabricating a diffusion multiple sample.

Pure metal pieces Ni Cartridge Ni Cap

Fig. 1.11shows the general steps of preparing CNNb-Ta-Fe diffusion multiple. Four
pieces of pure elements Cr, Nb, Tawerecut intobars with a square craesectionon the ends
The Ni cartridgehad a hollow interior whose width is twiddatof the widthof the pure metal
pieces, this allowedthe pure metal piecés fit into the Ni cartridge. Two Ni caps were aligned
at the top and bottom of Ni cartridge. All the components were ground using 1200 SiC grits
before assembly. The two Ni caps were welidetthe Ni cartridge along the outer circular edges
of the Ni cartridge. Then the hot isostgiressingHIP) was performed to squeeze the piece
from the outside to provide an intimate contact at each interface. After HIP, the diffusion
multiple was encapsuked into a quartz tube with an argon environngrdsome Ta foiwas
put inside the tube teerve as an oxygen getté@he diffusion multiple was then annealed at

1100 € for 1000 hours. Upon finishing the annealing, the quartz tube was taken out of the
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furnace and was broken intdacketof water for quenching. A slice parallel to the circular side
was cut usinglecto-discharge machiningEDM) and went through the mounting, grinding, and
polishing to a final step using 0.05 silica suspension. Then the prepared sample is ready for

characterization and measurement of properties.
1.2.2 Characterization techniquse

A scaniing electron microscope (SEM) is an instrument that uses senigtyy beam of
electrons to produce high resolution images of the surface of a sample. The electrons emitted
from a gun travel through two or more electromagnetic lenses in a column anot$drsthe
sample surface. When the electrons hit the surfaeesndary electrons are emitted by atoms
that interact with the electron beam. Ttagcollected using a secondary electron detector to
create an image of the surfaa®ethe electron beam ssaacross the sample surfaS&M could
have a high magnification up to 300,000x, presenting a large advantage over optical microscope
with a magnification ofisually up tal000x [53]. A lot of micro- or nanoscaléetails could be
detected on theample surface using SEM. SEM can also be applied to analyziecimgcal
composition of a sample usiaginstalled EDS. Backscattered electrons (BSE) are the electrons
reflected by the sample due to elastic scattering interactiodshey aréelpful in detecting the
brightness contrast of areas with different chemical compositions and crystal structures. The area
with heavy elements is brighter since heavy atoms reflect more electrons than light amms. Th
SEM BSE image is employdtkavilyin my studyto determine the phase boundaries for phase
diagram mapping using diffusion multigleTescan GAIA and XEIA FEG SEM in AIMLAB

insidethe Kim Engineering Buildingon campus were mostly used for the SEM images.

A transmission electron microscope (TEM) uses a beam of electrons emitted from an

electron gun and transmitted through a thin sample to form an image. The resulting image is
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formed by the interaction of the electrons with tiie foil sample. The thicknesof the sample

is usually less than 100 nm, enabling electrons passing through the sample to collect enough
signals.Carefulsample preparatiois requiredo get the thirfoil piece from aulk material

sample Preparation techniquésr metallic samplesiclude mechanical milling, chemical

etching, ion etching, and ion milling. The focused ion b@aiB) is usedor the ion milling. The
TEM foils in this work were prepared using FIB with the help of CAMCOR at University of

Oregon High-resolution images were taken using the JEM 21000 FEG TEM/STEM at UMD.

TEM has two imagenodesthe bright field mode anthedark fidd mode. In the bright field
mode, the transmitted electrons are selected, and the scattered electrons are blocked. The area
with heavy atoms or masses appearsetankthe image since it is harder for electrons to pass
through thesample areaith heavyatoms and most electrons are scattered back. This
phenomenon is inversed in the dark field mode with the selected scattered electrons and blocked
transmitted electrons. There is a diffraction mode to obsediffraction pattern of samples.
With careful aalysis @ differentdiffraction patterns taken at the same giaihdifferent
orientationsthe crystal structure could be determined. The TEM can also be used to measure the

compositions at highesolution mode with the assistance of EDS.

Electron probemicroanalysis (EPMA) is designed to determine the elemental composition of
materials at the microscopic leweding WDS instead of ED&EPMA system is a more dedicated
SEM with WDS detectors in addition to most SEM units that have EDS capabilities only. A
EPMA systenalso uses of a beam of highergy electrons with an accelerating energy usually
from 10 to 20 keV to probe the surface of a sample through interaction in assaealblume
and generate characteriskeray emissions that are specific talkalement existing in the

sample X-rays are then collectaging the WDS detectoesd analyzed to determine the

28



compositios of each element in the samfiieough wellestablished Xay florescence

correction methods developed decades BMA has a high spatial resolutioharound 1

micron, which gives precise measurement of¢bepositiors in a small area. WDS is also an
important technique to perforaomposition mappingf an area rather than point analysigi

in the case dEPMA scansWDS mapping is usually performed by reducing thea)X collection

time on both peak positions and background positions in order to form a composition image at a
rea®nable amount of time. In this study, WDS w&ed in mapping the composition distribution

in atriple junction area o diffusion multiple, which speeds up tbata collection and analysis

for theconstruction of phase diagrams. Cameca SX100 machinrfMCOR wasemployedo

perform the EPMA and WDS measurements.

X-ray powder diffraction (XRD) is a very powerful tool to analyze the crystal structure of
materials. ltusuallyuses the characteristicpdysof Cu Ky (= 1.5906 A) generatedy impinging
an electron beam on a pure Cu target. The €X-Kay beam strikes a sample and is reflected by
the crystallographiplanes of the sampl@&heintensity of the reflected -raysis recorded by a
detectoras thesample is rotated relatively to tde&ection of emitted Xrays in a range of angles
to record the intensity peaksflectedof different crystal planes. After collecting enough signals
or intensity from the detector, theintenstyd p | ot ¢ o ul mbvedltlee pepksmte r at ed t
differentangl es. Braggds | aw i s ofitiesample.dhexXRDal yze cr )

experimers of this dissertatiomvere performeatthe X-ray Crystallographic Centet UMD.

1.2.3 Nanoindentation

Nanoindentation is a useful tool to measure two important mechanical properties, hardness
and elastic modulus of materialS4,55] It involves two processes, loading and unloadirgg
typical behavior with a Berkovich triangular indenter is showign 1.12(a) The unloading
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curve is used fodataanalysisassuming that only elastic deformation is recovered imitial
unloading process. And the corresponding contact geometry during unloading is presented in
Fig. 1.12(b) In contrast, it is assumed that both elastic and plastic deformation docng
loading especially in the late part of loading

Contact stiffness, the slope of unloading curve at the initial stage of unloading can be

expressed inY —, whereP andh are the load and displacement relative to the initial surface

afterloadng. To calculatéY a power law function dfiis used in describing:

(@4 (b)

i /lndenter a _ initial surface

loading

Load, P

unloading unloaded

loaded

max

Y

Displacement, h

Figure 1.12 (a) Schematic illustration of typical loatisplacement curve with important

measured parameters. (b) Schematic illustration of the unloading with characterizing parameters

for the contact geometr{b5].

0 | Q0 (1.23)

30



where] anda are two fitting constants, ari@ is the permanent depth of penetration measured

at the end of unloading. The sirkamount (the area not touched by indenter) caused by

loading,’Q, is related to maximum load  and"Y
Q T — (1.24)

whereXis a constant affected blye geometry of indenter. The vertical displacement of the

contact peripheryQ, can be easily derived 5 subtracted frontQ
M Q Q Q T — (1.25)

The contact area,, describing the projected area of indenter at a dishbeek from its tip,
can be presented in a power law functiof{of

6 B 6 0 60 6 6 6QfF 6 E 6 (1.26)

whered are the fitting parameters calibrated ongtendard specimen. Then the hardness can

be calculated by:
0 — (1.27)

The elastic modulus, which is correlated to the elastic moduline eample andheindenter,

can be determined through the equation:

(1.28)

wherebandOar e t he Poi ssondés rati ob andiCdareYreungés mod

Poissonds ratio and Y oQ napréesponttaltibelefestiveclasticc he i n
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modulus determined b9 Lm_with I related taall physical processes. Thus, the elastic
modulus can be obtained once other quantities are knoka. ifl.28)

FromEg. (1.27) the hardness value depends on the maximum load and contact &Xa (or
l'tds important t o c onmatralsundethesante axpadimentals of di f
settings such as maximum load and indenter type. Other indenters with axisymmetric geometry
including conical or spherical indenters are also useful in measuring mechanical properties of
materials. The MTS Nanoindent¥P at the Ohio State Universityas employed to explore the
hardening effect in Mdpased binary alloys and the-300 Tribolndenteat UMD was used in

studying the compositional dependence of hardness in refractory binary alloys.
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Chapter 2High-Throughput Evaluation of Hardening Coefficisnt

Eight Alloying Elements in Magnesium

2.1 Introduction to solid solution hardening

Magnesium alloys anesed inautomobiles and biomaterials due to their low denstyd good
bio-compatbility [561 58]. Despite multiplepplications, thie disadvantages of low elastic
modulus, high chemical reactivity, limited strength, &owd creep resistance at elevated
temperaturebaveimpedael their widespreaditilities To enhance the mechanical behaviors of
Mg-based alloysstrainhardening, solid solution hardening (SSH), and precipitation hardening

are feasiblepproached59i 61].

The hardening mechanissirongly depends agrain orientatior{crystallographic orientation)
grain size, strain rate, temperature, dislocatioaracteristicsandcompositionof soid
solutes[62i 65]. Sahoo et al. revealed that the hardness of annealed pure magnesium decreases
in planes when the degree of deviation relative to basal orientation incfé2$eoth higher
indentationstrainrates and lower temperatures comcreasethe hardness of Mg alloys,
according to Somekavand Schué s  w@&B}. &SH is aemmon method to improve hardness
by introducing othesolutesinto alloys. Previous experiments performed by microindentation
testing have shown that adding solutes Al, Gd, Sn, Y, artd gare magnesium can improve
the hardness by an amount that is prtpnal toc) where®is thecompositionof solutes[66i
71]. Since the hardness was measured on bulk alloys with different compositions, only a few
experimental datpointswere olbained, mainly due to the time néeded tgrepae individual

alloys andsamplesEachdiffusion couple (DC) contains a diffusion zone wethmposition
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variations after sufficient diffusion time, from which multiple useful gaimtscan be obtained
by measuring along theompositiongradient. To reduce the effect of the short diffusion length
and increase accuracy of using measemdpositionat each indent, we employed
nanoindentation instead of microindentation to make small indents and fully usgmtieeof the

diffusion zone[72].

(@) (b)

Figure 2.1 Optical images oEPMA scarline in (a) and nanoindentation indents in (b) on the

surface ofaMg-Zn LSDC.

This studyinvestigated the effects of eight solutes, Al, Ca, Ce, Gd, Li, Sn, Y, and Zn, on
magnesium's hardness. The eight-KIgX = Al, Ca, Ce, Gd, Li, Sn, Y, Zn) liquidolid
diffusion couples (LSDCs) prepared for the extraction of diffusion coefficienDy byei
Zhong were utilized for hardness measuremg#® 51]. To evaluate SSH effects, the classical
Labusch model, Fleisher model, and lineedel werdested[73,74] The shear modulus,

elastic modulus, and atomic size difference affect the hardness in alloys, and these parameters
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were explored to understand hardening behavior. The yield strength of materials is closely
correlated with hardness, and the solid soluteffectcan lead to an increase in both yield stress
and hardnes$67,75] Different solutes exhibited various hardening coefficients (indicator for
hardening ability) in Mg alloys. These hardening coefficients were further compared with the
first-principles calculated data and expeemtal data o strengthening potency related to critical

resolved shear stress (CRSS) to understand the correlation between CRSS and [v@lness

2.2 Experimental methods

To obtain a wide range of solutempositionvariation for theseightMg-based binary
systems, the LSDCs with high solubilities of solutes were selected. The heat treatment
temperatures for LSDCs with Al, Ca, Ce, Gd, Li, Sn, Y, and Zn solutes were 500, 530, 605, 570,
550, 550, 590, and 500 €, resptively. The processto measure theompositionandperform
nanoindentatiomnthe Mg-Zn LSDCareillustrated inFig. 2.1 The diffusioncomposition
profile oftheMg-Zn LSDC was quantitatively measured following the blue lingign 2.1(a)
using EPMAwith a CAMECA SX100 electron microprobe operated at 15kV accelerating
voltage and a 40°takeff angle. The step size of the EPMA scan varied frqum ko 5pm
depending on the thickness of phases in the diffusion zone. The hardness test was performed
using the Nanolndenter XP system wilBerkovich indenter under a load of 5 mN, a loading
time of 15 s, a holding time of 5 s at peak load, @mwdom temperature. Fomanoindentation
scansvere made on the sample surfaseshownn Fig. 2.1(b) The inderd were enclosed by
the yellow daskdlines and was made following the direction of the yellow arrow from the Mg

solidified melt(liquid) interface to pure magnesium. This direction was tilted by a small angle
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relative to the perpendicular direction of Mglidified melt interface to make more indents
along thecompositiongradient, which is effective to gather more available hardo@sgosition

data. Based on the loalisplacement curve, ¢hhardnessQ canbe determined by the peak

load,0 , and contact ared, whereO —— according taliver-Pharr method55,72]

5.5 3.0
5.0 o 0.05at.%
o 0.23at.% 2.51
40{ ©° L179at% =
©
= 2.39 at.% 4 ?5 2.0
: o o
£30 = a
= \ 2 "
o s °
=207 joading —» &8 E 1.0 o\%
1.0- s / :fs g 0'5 2
0.0 2 unloading . 00
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(a) Displacement into surface (nm) (b) Displacement into surface (nm)

Figure 2.2 (a) Typical loaedisplacement curves measured at 0.05, 0.23, 1.79, and 2.39 at.% Zn

in theMg-Zn LSDC;and(b) The hardness versus displacement relationship.

2.3 Hardening coefficients of Mdased binary systems

During the nanoindentation test, tlmad-displacement profiles at different indatibn
locationsontheMg-Zn LSDC werecollectedto determine the hardness. As showfim
2.2(a) 'Q (the final displacement after unloading) reduces with increasing amount of Zn,
indicated bythe higher resistance to deformation caused by indenter. The serrationins pop
sea in loading curves could be caused by the nucleation and/or propagation of
dislocations[77,78] The indent with shallowe2 means higher hardness at the location of

thisindent, as illustrated iRig. 2.2(b) The hardnesandcompositiondata as a function of
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distance, extractealongthe blue line othe EPMA scan irFig. 2.1(a)are displayed iffrig.

2.3(a) With these two datasets, tbempositionfor each indent was calculated by interpolation,
and the corresponding hardnessnpositiondataarepresented ifrig. 2.3(b) As shown in the
plot, the higheconcentratiorof Zn increases thhardening effect ithe Mg-Zn alloys.

Following the describegroceduresbove all hardnessompositionprofiles ineightMg-based

LSDCs were extracted.
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Figure 2.3(a) The profiles oEompositionof Zn versus distance (red circles) and hardness

versus distance (green dots); (b) The extracted hardoegsositionprofile forthe Mg-Zn

LSDC.

The experimental data for Al, Gd, Y, and Zn solee=scompared with the measurements
performed under 5SmNoad by Kammeref59] in Fig. 2.4 The hardness increases appreciably in
our measurement for dilute M@l solid sdutions, while there exists a softening phenomenon in
the observation of Kammerer at lmompositiors of Al. The hardening rates from 1 to 6 at.% Al
obtained in our wor k IilstheMg@disystam,thétwo Kammer er 0 s
measurements are in good agreement. In therMglid solutions, the experimental hardness
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and the hardening rate are larger than that from the liter&tor#&lg-Zn system, the hardness of
thesolid solutions increases withhighercompositionof Zn, which agreewell with the

previous work.

The SSH mechanism can be described by the relationship between hardreess@osition

of solutes as:

~
e ¥

'O 'O Owh 0
where'Oand O are the hardness after and befatdiag other solutes in a pure metal, K is the
hardening coefficient or hardening rate, and b is an exponent that depends on models. This
eqguation was derived based on the Tabor factor and Taylor factor for conversion between normal
stress to indentation tdness, and conversion between shear stress and normal[ 8564
There are two classical models, Fleischer model and Labusch model,am élplhardening
mechanisms of solutes atoms. In the Fleischer mptigl 3'O( O "O) is proportional to
w” by taking the solute atoms as individual point defects. In contrast, Labusch [@dHel
considers the collective interamti of dissolved atoms with mobile dislocations and aded
w7* . The Labuschype weakpinning model developed the Labusch model, which is applicable
to arbitrary compositions and multiptemponent systemg4,80] These two models and a

linear model (b = 1) were employed to study the SSH with the hardoegzosition data.

The experimental data for ltaress versusompositionandthe corresponding fitting curves
based on the Labusch model are presenté@yin2.5 These data points were greocessed by

excluding the data measured in the solidified melt region. From these figures, the hardness of Mg
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Figure 2.4 The increase of hardnesemposition comparison between experiment and literature
data for (a) Al, (b) Gd, (c) Y, and (d) Zn. The data in red circles are from this study and data in

blue diamonds are from Kammerfs9].

alloy increases with a largeompositionof solutes, demonstrating that all these eight solutes
have positive effects on hardening Mg. The solute Al and 8aaaimilar hardening
coefficient, and the hardness of Mg alloys increasesviftsta small amount of Al, as shown in
Fig. 25(a). The hardening ability of Gd is very close to that ah¥Vg alloys, as presented in
Fig. 2.5(c) All these fitting curves are summarized and plottellign 2.5(f). Based on this
figure, the solubility of solutes presented in open circles andaitiehing coefficients in Mg are

guiteextensive. Though Mg can only dissolve about 0.13 at.% Ce, Ce is the most efficient in
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Figure 2.5Hardnessompositiondata is shown in this figure with’ as bottom axis, ¢ as
top x-axis, and increase of hardness @xig. The dashed lines are the fitting results based on

the Labusch model. (a) Al and Sn solutes; (b) Ca and Ce solutes; (c) Gd and Y solutes; (d) Li
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solute; (e) Zn solute; (f) Fitting cursare plotted and tr@mpositiors shown apen circles

are the solubility limits for solutes.

hardening Mg. In contrast, Li exhibits the weakest ability in hardening Mg despiteyilae
highest solubility limit among these eight solutes. The hardeabiigy of Ce, Ca, Y, Gd, Zn,

Al, Sn, and Li declines from Ce to Li in Mgased binary systems. The fitting results based on
three models are evaluated bysguared (B in each LSDC, as shown Trable 2.1 By
comparing Rvalues, the fitting result based on the Labusch model is better tharf that
Fleischer model and linear model at explaining the SSH mechanism due to-ther&esting

hardness at lowompositiors of solutes.

The SSH models are built on the interaction mechanism between solute atoms and
dislocations, which is correlated with atomic size misfit paramgter, A ZA ATA and shear
modulus misfit parametes, A TA Af' , where a is the lattice parameter and G isrshea
modulus [81]. Consequently, the effects of these two misfits are summarized in one misfit
parametek s | ] ' ,wherej is an adjustable number. The valuesafan be
calculated by formulg ¢ i ' if the relation between G and c is unclg8g].

In some studies, the effect of elastic modulus rather than shear modsfliiss considered in

X [83]. The misfit parameter becomgs X | 4 ,WhereX X7Tp < gic,

elastic modulus misfiy ~ 3%% , 3%is the elastic modulus difference between pure solvent
and solute, anélo is the elastic modulus of pure solvepand) are the same as described
above. To study the relationship between hardening coefficients and misfit parameters in Mg

alloys, all mentioned misfit parameters for Al, Zn, Gd, Y, Ce, Ca, Sn, and Li, and corresponding
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hardening coefficients are summarized able 2.2

Table 2.1 The fitting parameteré , K and R are listed at b = 1/2, 2/3, and 1. TherRarked in

red are the best fitting results obtained by a comparison among all three models for each solute.

b = 1/2 ( F|lb = 2/3 (La b = 1 (Lin

Sol u

A | 0.720.130.800. 75/0.090. 740.79]0.040. 6171

Ca 0.420.630.820. 460. 680.

[o¢]
)
o

.500. 86/0. 81

Ce 0.491.590.930.562.070.970.633.840. 871

Gd 0.430.510.950.500. 440.940.57]0. 340. 96

Sn 0.540.100.860.550.080.89.570. 050. 8272
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Table 2.2 Misfit parameters for Al, Ca, Ce, Gd, Li, Sn, Y, and Zn solutes in Mg. The hardening

coefficient K (GPa/ at.%) obtained by the Labusch model is useds 16 for and' =

s ol U d g g ! U K

A | -14% [0. 4190. 556[0. 4352. 2822. 2790. 090
Ca 23.10-0. 78940. 55¢0. 4343 . 7213. 7790. 687
Ce 13.700.23(00.2440. 2182 .2032.2042.070
Gd 11% 0.2470.2220.2001. 7711. 7770. 441
Li -3 % 1.2080.891+0.614¢. 7811. 3000. 022
Sn 1.259.0570. 111/0. 105/0. 226/0. 2080. 082
Y 11% 0.4040. 4220. 3491. 7941. 806[0. 485
Zn -17% [0. 8671. 4000. 8242 . 8422 . 8550. 230

Table 2.3 Hardening coefficients derived from linear model by nanoindentatiem(K

MPa/at.%) and Vickers tester@{n MPa/at.%) for solutes Y, Gd, Zn, Al, and Sn in Mg.

Atom Y Gd Zn Sn Al
Kn 380.13 | 342.68 | 202.83 | 51.53 | 45.47
KV5 129.44 | 137.28 | 88.25 |67.47 |32.36
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The rank of hardening ability of these solute atoms is + + + +
+ + + in both Labusch model and Fleischer model. The absolute value of size misfit
givesO O i o i i i 1 thatis quitedifferentfrom the hardening
coefficient rank, showing a deficiency of only using size misfit to explain SSH mechanism.
Kadambi et al. found that hardening coefficient K increases with largarNi binary face
centered cubic (FCC) alloys i0io, Ni-Fe, NiPt, NkMo, and NiTa, and in Co binary FCC
alloys CoNi, Co-Fe, CaPt, and CeMo, respectively[83]. However, the hardening coefint
is not totally dependent gn s, X, X , X for these eight solid solutions, which indicates that
other influential factors should be considered besides these misfit paraGarst al. pointed
out that the hybridization of valence electrons @laied by electron localized functions affects
SSH, and the bond strength between Mg and Y is stronger than thatAifand MgZn [84],
which leads to stronger hardenirggultby Y than Al and Zn. The order of chemical bonds
obtained by Chen et al. is that strong covalent bond > polarized covalent bond > ionic bond.
Polarizedcovalent bonds formed between rare earth elements (Gd, Ce) and Mg atoms are
stronger than ionic bonds formed in Mhap system, rendering stronger hardening effect with
addition of rare elements in Mg alloyghe SSH could be affected by other misfits, saslslip

misfit X correlated to stacking fault energy in the structine].

Besides the nanoscale hardness tests, there was hardness measured by the microindentation in
prior research[661 70]. These tests were carried out by a Vickers tester with a load of 500g
(about 4.9 N) and a holding time of 15s on-blgsed systems with the addition of Y, Gd, Zn, Al,
and Sn solutes, respectively. The hardening coefficients extracted by the linear oradel fr
nanoindentation, and the Vickers tester are listéithivie 2.3 There exists a difference in these

two groups of measured hardening coefficients for each solute, which could be attributed to the
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effects of indent geometry and indentation gj&6,86] The ranks of hardening coefficients
from these two tests are in gbagreement except that the hardening effect of Y is slightly

stronger than that of Gohsed on the datdbtained by nanoindentation, which is reversed in the

microindentation results

2.4 Relationship between hardenirapefficientsand strengthening potecy

700 e .~
— O  First-principles /26
T 600{ < Literature 0 Ca

) Q
1—'? Y ..
% 500 od
-
= e
5 400' Zn ,’:r’

’
[ O t’:’,’
% 300 e
2
O el
Pl
2200+
- — /’f
2 100- # QAl &SN
ke <L SN
+
s
0 . |

0O 10 20 30 40 50 60 70 80 90
Strengthening Potency/ (MPa/at. %'/?)
Figure 2.6 Solid solution hardening coefficient versus strengthening potency and the
corresponding fitting curves (dashed lines). The vafueaxis is the experimental hardening

coefficient, and the valuef x-axis is strengthening potency from two sources, otigeis

literaturefirst-principles calculations (red open circles and red line), another is the literature

experimental data (green open diamonds and green line).
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There exists a correlation between hardness and critical resolved shear stress (CRSS) as
decri bed in Tabor relation since both could st
deformation. Yasi et al. obtainedmpositiorindependent strengthening potency at @Kich is
the prefactor in describing the relationship between CRSScangositionby the Fleischer
model, via quanturmechanical firsprinciples calculations considering the size and chemical
misfits in Mg-based binary system§g6]. Strengthening potency from fiptinciples
calculations for solute Al, Ca, Li, Sn, Y, and Zn and from experimental data for Al, Li, Sn, and
Zn [87i 90] are collected. Theorrelation between strengthening potency efgblutes and the
hardening coefficients extracted by the Fleischer model are preseiftigd 206 The correlation
dataindicate that the hardening coefficient is positively correlated with strengthening potency.
Per Tabor relation, the linear fittingapplied to hardening coefficient versus calculated and
experimental strengthening potency, respectively. The equations for the two linear fits in red and
green are:

0 yBU C

0 x&o 0]
wherev is hardening coefficient, and is the strengthening potency. Based on these two
equations, the hardening coefficidras a strong linear relationship watrengthening potency

of solutes in Mgbased binary systems.

2.5 Conclusion

In conclusion, the hardening coefficientseajhtsolutes in Mg alloys are extracted and

analyzed from the experimental hardresmposition data. Theank ofhardening ability of
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these solutes are + + + + + + + in both Labusch and

Fleischer model. The misfit parameters related to atsimé shear modulus, and elastic

modulus cannot fully explain the SSH mechanism in Mg alloys, which requires introducing other
factors such as valency electrons and stacking fault energy. The rank of hardening coefficients
obtained by nanoindentation 1sgood agreement with that obtained by microindentatioly for

Gd, Zn, Al, and Sn solutes in Mg. The hardening coeffidigreases linearly witincreasing
strengthening potency, showing a strong correlation between hardness and critical resolved shear
stress. Therefor&knowing either one of the properties can give us a good picture of both

properties.
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Chapter 3Realttime autonomous experimeabmputational prediction

interaction for closedoop materials science

Note: This study was | ed by Prof. l chiro
the National Institute of Standards and Technology (NIST). My contribution to this study is
mainly on integrating the thermodynamic parameter optimization and giz@gam calculations

into the overall artificial intelligence (Al) algorithm and approaches.

3.1 Introduction
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Figure 3.1 Assessed SBi phase diagram with experimental dg€].
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Developing PHree solder alloys to replace the-Bh solder is important as excessive Pb
could contaminate the water. The-Based alloys is promising in solving this problem by
introducing other alloying elements such as Zn, Bi, Sb, and In into the atlogplace and
eliminate the Pb. The phase diagram of bulkBssystem has been well studied and assdsged

many researcherf1i 94]. However, the phase diagramtbé thin-film Sn-Bi systemhas

never been explored, which can serve as a guidance to the detignfiin devices

incorporating superconductor S#ix [95,96] The thin filns display significant departure in
thermodynamic behavior from their bulk counterparts because of the fast evaporation rate, stress
from the substrate, and their inherent #thmensional structe. Therefore, their phase diagram

could be different from the phase diagram of bulk systems.

One way tanap the phase diagramtbie SnBi systemis by makingdifferent thin film
samples with a composition spread and measure the crystal structuresamples at different
temperatures (grid mapping). This could take several days to accomplish the whole
measurement. Instead of conducting experiswr@nually, an autonomous materials search
engine (AMASE) methotvas developedogether withour collaborato s f r om Pr of . Tak
groupandDr. A. Gilad Kusne ofNIST. This method could be appligd detect the eutectic point
of the phase diagram through réiahe experimental observations and computational predictions.
In the phase diagram tiebulk system, the eutectic point of-8mis at around 138 € and both
melting points of Sn and Bi are bel®75 €. This is an ideally simple system with a low
eutectic point and no intermetallics to be expldeedemonstratthe AMASE methodThe
AMASE system performs threaded cyclical tasks of composition selection via active learning,
XRD measurement antsianalysis, thermal processing of sampdesl it isregularly

interspersed with Gaussian Process (GP) classification for phase boundary determination and

49



thermodynamic calculation¥he contribution our group banade in this method is the
thermodynamienodeling part to provide the predicted tfilm Sn-Bi phase diagraniThe
continuouslyupdating live computation of Gibbs energies combined with Bayesian autonomous
experiments helpus to map the complete phase diagram ofilim with measuring smalsize
sampled compositionsdm the whole composition space. This is a fully clekegh experiment

and takes just above five hours to complete th&hin-film phase diagram, which is around
30-fold faster than the exhaustive and tio@suming grid mappg, decreasing the

experimental time greatly.

3.2 Methodology

Variabletemperature XRD experiment is conducted on samples witHibmrcomposition
spread which covers most part of the phase diagram. The You Only Look Once (Y@l
modeldevel oped in Prof. Takeuchi 6s group is empl
structure on various locations of sample by identifying diffraction peaks and monitoring the
phase shifting in a series of diffraction patterns. This model is reliabledotiet the low
intensity peak signals with noiseducing technique. GP model hetpsearchor the
composition that is closest to the phase boundary between two phase regions from many
candidate compositions. The Ther@alc (TC), one of the CALPHAD shfarepackagesis
used to optimize the thermodynamic parameters in thdg#ifSn-Bi database and predict the
phase diagram. Befodescribinghow the whole experiment runs, the thermodynamic modeling

using TC (my major contribution) is described below
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Underagiven temperature, pressure, and composition, the alloy system reaches phase
equilibrium when the chemical potential € of
enables the system to stay in theestath minimal Gibbs energy. Thereforde process of
calculating the phase diagram can be regarded as solving multiple differential equations derived
from Gibbs energy functions since chemical potential is essentialyibies energy per mole of
substanceThe substitutional regular solutiomodel for the molar Gibbs energy of a phase a

binary system can be expressed u&qg(1.5) which is rewritten here fadhe Sn-Bi system:
O w 0O w 0O Y"'YWasww ® O &w
WO B o N Y (3.1)

wherew denotes the mole fraction of elemént "Ois themolarGibbs energy of the
elemeni. B » ® ®"Ys the RedlickKister (RK) polynomial expansion where
0 is the order of the pohomial, ¢and care two parameters that could be adjusted during
optimization.Parameters with 0,1,2 order in the Gibbs energy functions usually are sufficient to
generate accurate predictions for the binary syst@miy.the Qorder ( 1) andl1-order (
p) are used fothe binary interaction parameters of solid phaseassessing the liquid phase of
the SnBi bulk systempne more parameter tife2-order 0 () is used because liquidus
cannotbe predictedccuratelywithout using the rde parametewhenassessing the phase
diagram ofthe Sn-Bi bulk systemThe only experimental data available is the phase boundary
information.Sincethere is nexperimental datarootherthermodynamic properties, we can
simplify the number of parametersthe optimization by keeping just one adjustable constant

¢and removing the temperaturelated cterm.
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Due to the microstructure and melting point difference between the thin film and bulk alloys,
the Gibbs energy function of pure elements \&Aesingle constant parameter is added to the
Gi bbs energy function of the biSthetlpniilmdoem t o ad|
which can better explain the thermodynamic behavior in thefithrSn-Bi system. Therefore,
we havea total ofeight adjustable parameters to be optimiZ&ihbs energy expressions

containing these eight parameters in the setup file for optimization are:

ENTERPARAMETER G(bct,Sn) 298.1%5855.135+65.443315*15.961*T*LN(T)-
0.0188702*T**2+3.121167H*T**3 -61960*T**(-1) + V10; 505.07 Y; 2524.724+4.005269*T
8.2590486*T*LN(T)0.016814429*T**2+2.623131H6*T**3 -1081244*T**(-1)-

1.2307E25*T**(-9) + V10; 800 N

ENTERPARAMETER G(LIQUID,Sn,Bi;0) 2985 V1; 800 N
ENTERPARAMETER G(LIQUID,Sn,Bi;1) 298.15 V3; 800 N
ENTERPARAMETER G(LIQUID,Sn,Bi;2) 298.15 V20; 800 N
ENTERPARAMETER G(bct,Sn,Bi;0) 298.15 V5; 800 N
ENTERPARAMETER G(bct,Sn,Bi;1) 298.15 V7; 800 N
ENTERPARAMETER G(rho,Sn,Bi;0) 298.15 V908 N
ENTERPARAMETER G(rho,Sn,Bi;1) 298.15 V11; 800 N

The V10, V1, V3, V20, V5, V7, V9, and V11 are all parameters to be optimized. The-closed
loop cycle is shown in a block diagramAig. 3.2(a) Before starting the experiment, we used
CALPHAD as implenented in the Therm@alc (TC) software to calculate the phase diagram of
Sn-Bi with all initialized interaction parameters set to 0. In other words, we used the ideal phase

diagram of S¥Bi bulk alloy system to generate initial phase diagram and prowitak in
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compositions for the experiment to measure. We measured the phase for the initialized
compositions at an initial temperature in the spldse regionThe process at each temperature
took approximately 30 mins for performibgray diffraction test tautomatically selected few
locations on a thifilm composition spreadNVethen usd GP classification to identify the

solvus compositionThe converged composition is considered as the phase boundary at current
experimental temperature if its neighboring compositions show drastic changes in phase
composition. Otherwise, a new sample with a randomly selected composition is measured to
updatethe GP modeling and generate new predicted phase boundary compAgiéiowe gpt

the composition for solvus, the next temperatiresenwvas determined autonomously via active
learning. AMASE is aimed to utilize a composition spread focused on thietsregion (Sn

atomic %6595) to map the partial phase diagram, as shoviaging.2(b)

(a) (b) Liquidus line_] T,
Calculate the M
phase
diagram with
uncertainty 54
3
T
o
Repeat No -
closed-loop Switch to Does boundary g
cycle for * another phase exist at higher o
boundary boundary temperatures?
determination
Eutectic
== composition | | 300 K
65 % 95 %

Atomic percent Sn

Figure 3.2 AMASE (autonomous materials search engine). (a) The workflow showing the steps
in the closedoop cycles starting at room temperature. (b) d@positiorrange of Sn from 65

at.% to 95 at.% with some important annotations used to understand thirttentectic binary
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(SnBi) phase diagran”v and”V are the eutectic temperature and the melting point of Sn,

respectively.

Once the solvus composition is experimentally identified, we poplLtla¢eexperimental
dataset in POP file to run the thermodymaassessment.¢. optimizing the eight binary
interaction parameters) to update the thermodynamic database. At this moment, the binary
interaction parameters for two solid phaseseadjustableput we fixed allinteraction
parametersf the Gibbs enesgfunction of liquid to 0. The updated databasesthen used to
predict a new SiBi phase diagram which provides the phase boundary information for the
unexplored compositietemperature region in the experiment. The uncertainty of the new
prediction is gantified by sampling multiple phase boundaries from the randomized model
parameters generated by TC. Here, these randomized parameters were sampled using the
Gaussian distribution with the mean and standard deviation value from the linear optimizer. The

uncertainty of a phase boundary is defined as:

54 B z4 2z 4 (2)

Where5 4 is the uncertainty of the phase boundaag temperaturd, z 4 is theith
sampled T@oredicted composition of the phase boundsaytemperaturd. The uncertainty

describes the discrepancy amadng 10 sampled phase diagrams.

Once the phase boundary at current experimental temperature is experimentally determined,
thesystem temperature will be adjusted to explore phase boundaries at other temperatures. Since

raisingtemperature causes irreversible change to the sample, the system temperature cannot be
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decreased to measure the phase boundaries at temperature lowerrémtrexperimental
temperature. To decrease the uncertainty of predictions from the thermodynamic modeling, it
jumps to the temperature with highest uncertaintyl to perform the next round of
measurement. The subsequent composition of phase boundssyrettat this new selected

temperature is believed to reduce the uncertainty in the TC predictions using reassessed database.
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Figure 3.3 The left panel shows our TC uncertainty values at each temperature, and two
horizontal lines show the allowed search range. The top right panel shows our experimentally

measured data points. Red color represents the Sn + Bi phase. Purple color repeepans3n
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phase. And blue color is the finally determined phase boundary point. The middle panel shows
the Gaussian Process classification mean and uncertainty prediction in tixeblored region.

The XRD pattern and the fitted peak model are showherbottom panel.

An example of AMASE at work is shown kig. 3.3 In this example, the system searches for
theBi-b Sn sol vus at the current temperature (110
measurement and analysis of the Bi (012) peakvshn the bottom panel. The measured point,
shown as a highlighted red square, indicates the 012 peak or the Bi phase appears at this

composition (in the lower graph 6fg 3.3). The sharp transition of the GP mean curve suggests

that the phase boundampuld appear at arourd Y X PThe experimental observation

validated this prediction; thus, the phase boundary is determined at this temperature. At higher
temperatures, the solvus disappears and liquidus could show up. Once the liquidus is confirmed
in the experiment, the thermodynamic assessment process will take the 3 binary interaction
parameters in the Gibbs energy function of liquid phase into account and dHerm

optimization with previous interaction parameters together.
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3.3 Results and conakion

(58.3, 135.7) \
(76.4, 130.6) \

L
I
r' (52.8, 130.6)

Bi + BSn

Bi Atomic Percent Sn BSn

Figure 3.4 The comparison of bulk vs. thin film phase diagram. Green dots correspond to the
AMASE experimentally determined compositions at phase boundaries. THénth8n-Bi
phase diagram evaluated from the AMASE live run is shown in Bhl&line, while the bulk

SnBi phase diagram is shown in red dasheds|[88§].

The final predicted thifilm Sn-Bi phase diagram and the measured data points at phase
boundaries along with the wedksessed phase diagram of bulk system are shdwg.iB.4
The phase diagram of thifilm Sn-Bi was successfly mapped using the AMASE strategnd
is consistenwith the experimentally measured data. The-fitim phase diagram exhibits a shift
from Sn side towards Bi side compared with the phase diagram of bulk system. The final

predicted eutectic point is €§2.8 at.%, 130.6 €) whose Sn composition is 5.5 at.% lower and
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temperature is 5.1 € lower than the eutectic point (58.3 at.%, 135.7 €) of bulk system. The
phase diagram mapping of tHitm Sn-Bi binary system provides significant references for the
design of superconducting systems containing S

phase diagram.

This work firstly realized the completely autonomous experiments to map the phase diagram
(especially solvus and liquidus) of thittm Sn-Bi. This shows the possibility of using AMASE
for fast exploration of other binary and even ternary-ftim systemsThe AMASE approach
works by integrating different techniques such as active learning, XRD measurement and its
analysis, thermal processing of samples, Gaussian Process (GP) classification and
thermodynamic calculationé. holistic and robust database coblel constructed using Gibbs
energy functions with well assessed parameters based on future experimemtsatlates
multiple phase diagram data of other systems, which would definitely accelerate the

development and application of thin film in supercastdufield.
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Chapter 4Machine learning and thermodynamic calculationploase

equilibria of high entropy alloys

4.1 Introduction

High entropy alloys (HEAS) typically consist of five or more principal elements with
compositionbetween 5 and 35 at.497,98] HEAs open up vast composition spaces for
designing and discovering new alloys for ewareasing demands of new materials for energy,

environment, and daily webeing.

To accelerate the discovery of novel andaaxted materials, the CALculation of PHAse
Diagrams (CALPHAD) approach has often been employed to predict and investigate phase
formation of HEAs[7,99 106]. In addition toCALPHAD, phase selection rules were developed
by various research groups to help predict phases of HEAs via studying the existing experimental
data. Such empirat rules are built by presenting the formation of phases irdonensional
histograms or twalimensional plots whose axes are usually thermodynamic and physical
parameters. For instance, the HuR@&hery rules depict the effects of atomic size ratio and
electrochemical properties on solid solution (SS) formafib®7]. Guo et al. revealed that
singlephase FCC forms at a valence electron concentration (VEC) > 8 andsiegke BCC
forms at VEC < worka&ded somehconsteints hassachiog dllsys they
designed and showed that this formation rule applies under the condit®i¥s of> 12.47,

-7.27 <30 <4 kJ/mol, and < 4.27%, whera'Y ,30 , and) are the mixing entropy,
mixing enthalpy, and difference in atomic sizes, respectiyed8,109] Yang et al. recently

developed a new VEC selection rule for predicting SS phases based hrbigkhput
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CALPHAD calculations in the ACo-Cr-Fe-Ni system [110]. Other parameters such 22

O30 O 7 kJ/mol8, P,p03:d d p @& kJ/mol are found to be conditions for

the formation of S§111]. According to the evaluation of Senkov etadlover 130,000 alloys,

the increasing number of alloying elements in a system beyond 3 resalltsduced likelihood

of occurrence of S$112]. Inoue summarized the conditions to form bulk metallic glasses

(BMGs) in terms of the number of elements, atomic size ratios, and mixing heat of atomic

pairs [113]. BothmO 1. 10 athh.d6 % wer e s hzZhamgto ke yonditians fpr tre n d
formation of SS phases, and BMGs form in regi
HEAs, where q 1 s a3z3@®a,nprdmardeelting temperdtueeq)oft o t he
constituent elementfl14]. A single dimensionless thermodynamic parameteshich is

correlated withe'O ,3"Y Y, and excessive entropy was defined and HEAs were found to

be singlephase SS (SPSS)iat> 20 based on the analysis of nearly 50 sypeHEAs [115].

All these phase selection rules can be used to guide the future design of HEAs; however, most of
the rules were developed from small experimental datasets. Li and Tsai collected 100 selected
HEASs from the literature and assessed eight published formationthéggound that the

overall accuracy is only ~ 72% in predicting SPSSs and intermetallics[IMy)]. Therefore, it

is highly desirable to test and expand these rules using large, consistent datasets.

Machine learning (ML) holds great promise for future materials design and
discovery[117,118] Unlike CALPHAD that was built upon semmpirical physical models,
ML makes predictions using dadiaiven strategiewith unique algorithmgq119i 121]that learn
from training datasets with input patterns and an optimization target, and then extracts the
implicit insights hidden in the datasets. For phase prediction using ML, the propertiey®f allo

or constituent atoms will be taken as input features, and the crystal structures of the phases are
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the corresponding targets. Since ML can explore different features simultanéassip)e to
overcome the limitations of traditional strategies irdging phase selection rulg422i 124].

For example, phase selection rules were exploredupport vector machin&VvM) and

artificial neural network (ANN) on two separaeups of featurescompositions of HEAs and
physical parameters of HEAS, respectively, showing that the accuracies of learning obtained
from these two groups of input features are similar and high for HEAs when 4 or 5 physical
parameters were employdd25,126] The Gaussian process statistical gsialwas performed

on 322 alloys based on a combination of 9 physical parameters, which provided robust
predictions for the formation of SPS$K27]. Krishna et al. utilized six ML approaches with 5
inputfeatures to study the classification of SS and SS + Intermetallics (IM) with a dataset of 636
compositions, and they found that the trained ANN reached 80% prediction accuracy and can
correctly predict the crystal structures of newly designed al[@g8]. Zhao et al. recently

studied 3 categories (SS, IM, SS + IM) using five ML models and achieved 87% prediction
accuracy through ANN with 5 selected featuf@29]. Pei et al. put forward a new paramaéter
related to bulk modulus, melting temperature, volume, and configurational entropy enitélph

of performing ML and found that SPSS formg at p with 73% accuracy and it can increase to
81% with a constraint gf @ b They further applied their new formation rule to new
compositions that are SPSSs predicted by CALPHAD, and the consisteroyd@déo[130].

In addition to studying phase formation separately, a study applied the eXtreme Gradient
Boosting(XGBoost) model to explore > 300,000 equilibrium data of HEAs generated by
CALPHAD calculations and built more comprehensive and superior phase selection rules for
singlephase FCC and BCC based on the 58élected featurefl31]. Machaka applied 6 ML

models td896 SPSSs and 101 dyalase SSs and did feature selection using 36 dataset
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features[132]. The accuracy reaches 95% with thg-taost identified 13 features. Zhang et al.

used a model of SVM combined Kernel Principal Component Analysis to classify a dataset of

556 entries including SS, amorphous (AM), the mixture of SS and IM, and IM, and obtained

97% accuracy with 4 selected fegds [133]. Zhou et al. performed various experiments on the

(FeCrNixox(ZrCuk system to verify the ability of the trained ML models, and they achieved

good agreements for bulk alloys made by arc melting and ribbon samplgghtimaccuum melt

spinning. The thin films made via-@puttering presented a transition from a crystalline to an

amorphous structure as x in (FeCri(ZrCu) increases, which is consistent with their ML

predictions[134].

Table 4.1 Summary of experimental alloys classified by the ph4d$88§].

Phase Number
BCC 604

B2 158
FCC 553
BCC + FCC 441

B2 + FCC 5

BCC + Amorphous 71
FCC + Amorphous 145

BCC + FCC + Amorphc34

Amor phous

192

|l nter met al landtompuo233
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A lot of research has been done on predicting phase formation of HEAs using CALPHAD or
machine learning, proving the efficiency of these two methods in helping materials design with
targeting crystal structure. Therefore, these two methods will be usadliing the phase
formation of HEAs. Regarding the data source, experimental data of 2,436 quinary HEAS with
different mixtures of Al, Cr, Mn, Fe, Co, Ni, Cu from Kube et @I35] is employed in this study
to perform arextensive test of CALPHAD predictions and ML capabilities. The phase categories
and their corresponding numbers of alloys are listélchisie 4.1 CALPHAD is utilized to
calculate the phase equilibrium of 1,78&HEAs from a full dataset of 2,436 HEAs, and the
CALPHAD predictions are analyzed and compared with experimental data. Phase selection rules

based on different parameters are investigated using traditional methods and ML models as well.

4.2 Methods

4.2.1CALPHAD calculations

A program is written to predict the phase equilibrium of the 1,761 SS alloys ustRythGn,
a python languagbased software development kit (SDK) that allows The@uatr to perform
high throughput calculations. The computatiettings were: TCHEA4 database, only BCC and
FCC phases were entered (explained in the Results section), and 1100 € which is the

temperature at which all highroughput thin film libraries were made.
4.2.2 Parameters for phase selection

Nine parameterare selected for studying the phase selection rules among 2,436 diys: t
mixing entropy §°Y ), the mixing enthalpy3O ), melting temperature ¢, atomic size

difference{) [136], q t hat | inks mixing entropy, mixing
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temperature[114,137] valence electron concentration (VE{1)07,108] the FCCBCC-index
(FBI) [135], number of itinerant electrons (e/H)07,138], and the difference in Pauling

electronegativitys- ?[139,140] These parameters are defined as Vahgs.

3°Y YB 04 ®, (4.1)
3’0 B 1 m Q®, (4.2)
Y B 'Y |, (4.3)

1 pnmB wp (A, (4.4

m o (4.5)
w06 B OG04 (4.6)
"06 OB ©3 , (4.7)
TS B FH (4.8)
3? B w? ? , (4.9)
where®, Y ,i,0®, N ,..,if B i ,? B ®? arethe mole fraction,

melting temperature, atomic radius, valence electron concentration, number of itinerant
electrons, electronegativity of eleméfaverage atomic radius, average electronegativity of an
alloy. N is the number of elements in an glikystem, an® is the gas constant)

T3( is the regular solution interaction parameter between elerfiantsQ[141], and

3 is the mixing enthalpy of A binary liquid alloys whose values can be found in

Refs. [142,143] 3 is +1 for elemenfwith either the FCC or HCP ystal structure, ang is -

1 for elementXwith the BCC crystal structur@he crystal structure, atomic radius, melting
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temperature, VEC3, ATA and electronegativitgf Al, Cr, Mn, Fe, Co, Ni, Cu iTable 4.2are

used to calculate the nine parameters listed above for HEAS.

Table 4.2 Summary of crystal structure, atomic radiusw, YEC, , e/a,c of each element

involved in this study (Data from Ref140]).

El emerStructr(j) Tm(K) VEC e/l a 6

Al FCC 1.431933 3 1 3 1. ¢
Cr BCC 1.24921806 -1 1 1. ¢
Mn Cubic 1.3501519 7 NOo 2 1. !
Fe BCC 1.2411811 8 -1 2 1.4
Co HCP 1.2511768 9 1 2 1. ¢
Ni FCC 1.245172810 1 2 1. ¢
Cu FCC 1.278135811 1 1 1. ¢

4.2.3 Machine learning

With these nine parameters as input features, four supervised ML algorithms, decision tree
(DT), k-nearest neighbor (KNN), support vector machi®€éN1), and artificial neural network
(ANN), were employed to predict the phase formation of the HEB®5144 147]. These four
algorithms are implemented using the sei&drn package, a machine learning library in
Python [148]. Each algorithm has different hyperparameters that are used to adjust the training
model. Fivefold crossvalidation (CV) was employed to evaluate the performance of

predictions, which can reduce overfitting and underfitting issues in ML. The datagslt is s
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randomly into five disjoint subsets of nearly the same size. The models were trained with 4
subsets and tested 5 times with the remaining subset.-fithé GV accuracy is the average of

the 5 test accuracies and is referred as the CV accuracy faicgiyn

Each machine learning model has unique hyperparameters to tune in order to get higher
training accuracy during the model training process. However, it can easily lead to overfitting or
underfitting (test accuracy is low) if training accuragyado high or too low. Therefore, it is
necessary to control the hyperparameters to obtain the best prediction results. The DT model
employs the best splitting strategies at each child node in a binary tree. Minimum number of
samples at a node and maxirdapth of a tree are tuned to regularize the size of constructed
trees. KNN utilizes a voting mechanism by k nearest neighbors. Thus, number of nearest
neighbors is the hyperparameter to be adjusted for KNN model in the training process. SVM
aims to find maningful hyperplanes to classify the data, and the hyperplanes can be controlled
by the regularization parameter 0, amakingpenal t
process of the human mind by constructing artificial neurons in the model,eandrtiber of

neurons in each hidden layer are used to adjust the model performance.

Since the effects of the initial eight input features on phase prediction are likely very different,
it is valuable to perform a systematic screening of the features ahithdise that are more
critical phase selection criteria. The forward selection is applied with asteperocedure for
each model[118,149 151]. The first step is training these features separately and creating an
initial empty feature pool. The feature with the highest CV accuracy is added to the initial pool
of features. The second step is finding the next fedbataricreases the CV accuracy most from
the remaining features. And then adding this feature to the previous feature pool until all the

features are sorted by their feature importance and stored in the feature pool. Therefore, a pool of
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features is rankelly their importance to ML models in datasets. The last step is selecting a
cutoff point from the ordered optimal pool for each ML model, where the increase in the CV
accuracy by adding a new feature to the pool becomes smaller than the standard détfetion o

CV accuracy.

4.3 Calculation results andliscussion

4.3.1 CALPHAD results

4.3.1.1 Comparison between experimental data and CALPHAD predictions

phases
1.0 B2
B2 + FCC
@ B2+ FCC + LIQUID
B2 + FCC + LIQUID + SIGMA
B2 + FCC + SIGMA
B2 + LIQUID
@ B2+ LIQUID + SIGMA
B2 + SIGMA
e BCC
® BCC+B2
BCC + B2 + FCC
® BCC + B2 + FCC + LIQUID
BCC + B2 + LIQUID
@ BCC + B2 + LIQUID + SIGMA
BCC + B2 + SIGMA
® BCC + FCC
BCC + FCC + LIQUID
BCC + FCC + LIQUID + SIGMA
e BCC + LIQUID
BCC + LIQUID + SIGMA
e FCC
FCC + LIQUID
FCC + LIQUID + SIGMA
-0.8 . ; y ' . ® FCC + SIGMA
0 1 2 3 4 5 6 7 e LIQUID
5 LIQUID + SIGMA

0.8

0.6

0.4

0.2

FBI

0.0

-0.2

-0.4

-0.6

Figure 4.1 The CALPHAD calculations of 2436 alloys undarconstrained conditions.

We first performed unconstrained hitfiroughput thermodynamic calculations of the

equilibrium phases at the experimental temperature (1100 €) for the 2,436 HEAS using the
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ThermaCalc software and its associated TCHEA4 theaymamic database, and the

calculations are presentédy. 4.1 and 4.2 The results are very different from the experimental
observations reported by Kube et al., including the formation of IMs in far more alloys than
experimental observations as well s formation of liquid in a large number of alloys. Since

the liquid phase was not observed during the experimentsuitering process of the
combinatorial films, it is thus excluded in subsequent thermodynamic calculations in this study.
The experimerad IM consists of Sigma and other possible unidentified phases, making it hard to
compare with thermodynamic calculations. We performed constrained calculations for the 233
alloys with the IM phase from experiments after excluding the liquid phase; 146

Sigma + SS alloys were predicted, which deviates significantly from the experimental
observations, as shownkig. 4.3(a)and4.3(b). The prediction of the IM formation is also

beyond the capabilities of the current TCHEA4 database, similar sittia¢ion in Nibased
superalloys[152]. Thus, IMs are also excluded in further calculations, and we focused on

calculating and analyzing the phase formation of the SS alloys.
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Figure 4.2 The CALPHAD calculations of 2436 alloys under unconstrained conditions, the
phases are divided into two categories, one is SOLIDs (1294 alloys, solid phases without liquid),

and another is LIQUID + SOLIDs (1142 alloys).
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Figure 4.3 The CALPHAD calculations of 233 alloys under constrained conditions (excluding
liquid) are presented in (a) and (b). The phases are divided into two categories, one is SS (solid

solutions) (146 alloys) in (a), and d@her is SIGMA+SS (87 alloys) in (b).

Calculations using the TCHEA4 database predicted far more alloys with the B2 phase and B2
associated twphase cases (B2+FCC and BCC+B2) as well as the BCC+B2+FCptiase
cases than the experimental obations, as shown iRig. 4.4(a) Far few singlgphase BCC
alloys were predicted at the expense of forming the B2 phase for most of the experimental
compositions. The TCHEA4 database calculations predicted the number offgiagee FCC
alloys close to experimental observations, bubtrerall consistency with experimental
observations (including all the matched predictions of BCC, B2, BCC+FCC, and B2+FCC
phases) is only 28.2%. When the siaglase B2 and singighase BCC phases are regarded as
one BCCbased single phase (BCC/B2), tlggeement between the Therr@alc results and
experimental observations is much better and reaches 6Hig%,4(b) showing less single

phase BCC/B2 and singfghase FCC, and more BCC/B2 + FCC {pltase cases. It is very
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likely that the ThermeCalc databse TCHEA4 does not have accurate enough thermodynamic
parameters for the B2 phase whose Gibbs free energy is very close to the disordered BCC phase

and thus hard to be modeled accurately, especially for multicomponent HEASs.
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Figure 4.4 Bar graphs showing the total number of HEAs with different phases: (a) B2 and BCC
are treated as separate phases in CALPHAD calculations, and (b) B2 and BCC are treated as the
same BC@based phase (BCC/B2). The experimental data and CALPHAdcpons are

presented in blue and red bars, respectively.

Since the CALPHAD thermodynamic databases are built from the thermodynamic parameters
of the binary and ternary systems (and usually without quaternary assessments), it is necessary to
go through all the pertinent binary systems to see how good the tharamoid parameters of
the B2 phase can reproduce the experimental binary phase diagrams and other measured
guantities such as specific heat capacity if availableag®essments will be necessary if
substantial discrepancies are observed between the cahgnaexperimental results. If no

thermodynamic parameters for the B2 phase are available in the literature for some binary
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systems involving the BCC/B2 transition, it is necessary to perform assessments to obtain the
thermodynamic parameters. Completidralb or most of the pertinent binary systems will
substantially improve the overall database performance. It is very likely that experimental

ternary phase diagrams are incomplete or not measured for some pertinent ternary systems.
Completion of thermodyamic assessments of the ternary systems whose experimental data are
available will be an important next step in improving the overall thermodynamic databases of
multicomponent HEAs. Effective employment of figginciples data, if available, as well as ML
results are also recommended, especially for the binary and ternary systems whose experimental

data are still missing or incomplete.

The major factor leading to the disparity between the CALPHAD predictions (representing the
phases of bulk alloys) artde experimental data from the sputtered (thick) film compositions is
very likely the poorly assessed thermodynamic parameters for the B2 phase in the TCHEA4
database, as explained above. Someetuilibrium nature of the sputtering process may also
contibute to this disparity. One can see fréig. 4.4(a)that far more B2 cases were predicted
from CALPHAD than experimental observations, suggesting the possibility of a sluggish BCC
A B2 transition to reach thermodynamic equilibrium. A theskimeetic model with kinetic
coefficients appropriate for the sputtering process would need to be established to evaluate the
BCCA B2 transformation kinetics. Such a model may be a topic of aefstudy and is beyond

the scope of the current study.

Fig. 4.5compares the experimental observations in the left column (a) with the CALPHAD
results in the middle column (b) by plotting the number of alloys in each category against VEC,
showing agaira higher number of the computed BCC/B2 + FCC-pliase alloys than

experimental observations. The difference is also comparéd.id.5(c) the right column,
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where one can see that quite a number of the spigise BCC/B2 alloys observed in
experimentshow up as the BCC/B2 + FCC typbase alloy$ the red part of the bottom panel
of Fig. 4.5(c) The red part of the top panellafy. 4.5(c)represents alloys that were observed as
singlephase FCC experimentally but showed up aspghase BCC/B2 + FCC i@6ALPHAD
calculations. As represented by the blue part of the middle paRaj.of.5(c)of the
experimentally observedfhase (BCC/B2 + FCC) alloys, only a few alloys were computed as
singlephase BCC/B2. Similarly, the green part of the middle parfeign4.5(c)represents the
experimentally observedhase (BCC/B2 + FCC) alloys which were predicted to be single

phase FCC.

Fig. 4.5also shows a clear trend that alloys with higher VEC prefer FCC over BCC/B2 in both
experimental observations and CAHAD predictions. A previous study has found that the FCC
and BCC phases tend to be stable at higher VEC (> 8) and lower VEC (< 6.87),
respectively[108]. The rule of VEC < 6.87 for singlghase BCC/B2 formation holds well with
respect to the 1,768SHEAs, as shown ifrig. 4.5 The VEC > 8 rule also holdgell for the
formation of singlephase FCC, but at 8 < VEC < 9.16, there are also substantial number of
alloys with BCC/B2 + FCC twqphase structure. Only when VEC > 9.16, the sipylase FCC
is formed with only a few exceptions in the CALPHAD predictiohsVEC < 6.87 and VEC >
9.16, the predicted phase formation is in good agreement with experimental observations, which
illustrates the excellent ability of CALPHAD in calculating phase equilibrium of HEAS,
especially foisinglephase solid solutioBPSS. Yang et al. found that more than 90% of the
compositions have singkhase BCC structures at 5.7 O VEC

at VEC > 8.4 in AICo-Cr-Fe-Ni system by higkthroughput calculations using
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CALPHAD [110]. The new rules revealed from this study and that of Kube ¢13%] should

be more reliable due to the large number of experimental HEAs nguanre elements.

BCC <6.87 FCC=>8.0 FCC=>9.16 BCC <6.87 FCC>8.0 FCC=9.16 BCC <6.87 FCC>8.0 FCC=>9.16

50 ; 50 . T
1 | i Expt. i Cale. i Cale.
O2s| 553 i i ; 25| 488 J2s! 346+ 207 L
2 { i Y g
o5 [3 7 0 6 3 8 9 10 ° 6 3 ) 9 10
<so Yso - - . Yso : T : ,
g Z | ; : 7 W ecom2 i 101 + 263+ 82
. 448 *o| 726 § g ! + o W BCCB2+ FCC | i i
025 g i | @< mFce i
g 8.0 | S |
@ T 10 @ 6 7 8 9 10 @ 6 10
50 50 ) , . 50 . ]
~ ~ 547 § i i w | 41+ 256 + 465
@ w { 1 1 w 1
g5 U325 H H g2 9
o ] H H |¥]
@ o 1 .ml | . | @
05 10 05 6 7 8 5 10 0 6 7 8 9 10
(a) (b) VEC (c) VEC

Figure 4.5 VEC histograms based on experimental data in (a) and CALPHAD results in (b). (c)
is plotted to show how alloys with different phases vary from experimental observations to the

CALPHAD predictions

4.3.1.2. FBl, 995 = »and# selection rules for SS alloys

Two alloy examples of how to calculez™ |, Tm, 30, andmare presented here.

Alloy 1: Al 18.1Fe23.7C012.1Ni16.3CU29.8

Y YB @ & UWPE T YPA T Yp TR OXA &M@ OX T P
AP CPp T QO TP Q0 TR WP & wP p @wp

T YPWOoOo T OXP YPPTR CPP X QUTH @OP X G YT wyp o L Y

PT @y ¢
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Alloy 2: Al 19.6Cr20.6C011.3Ni14.5CU34
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Representative 2D plots are showrFig. 4.6in which the lefthand side and rightand side
columns plot the experimental results and@#d.PHAD results, respectively, for comparison.
One can see frofig. 4.6(a) and(b) that atj < 5 based on the experimental data prd4 based
on the computed data, the FCC phase forms at higher FBI values, which is the direct
consequence of the definition of FBg. (4.7) For experimental data gt> 6, the FBI effect
breaks down, and almoall alloys form singlephase BCC irrespective of the FBI values,
showing the overwhelming effect pfin dictating the formation of BCC whgnvalue is high.
This phenomenon is also verified and is more evident i€&kePHAD calculations. Formation
of BCC/B2 over FCC with increasing size differenceas attributable to the lower packing
density of BCC/B2 and higher ability to accommodate atoms with different sizes than FCC

structure [135].

Guo and Liu[111] found thaz"O  andy for the formation of SS should satisfg 2 O
30 O 7 kJAh®@oB, PP #Wn d p @& simultaneously. Our study, covering far
more alloy composities than Guo and Liu, shows that #8® range for the formation of
FCC is similar to that of Guo and Liu, but it can be exparficed i 33.6kJ/mole to 17.5 kJ/mol
for forming singlephase BCC/B2Fig. 4.6(c) and(d). Singlephase BCC can form at a raiye
30O and largen values, which agrees with the work of Raghaven efl&3] and Agarwal

and Rao[126]. Our results also agree with the observation of Agarwal and Rao that BCC can
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coexist with FCC at a leery and FCC preferentially forms at a negatsv® while BCC

prefers to form at a positiva8O . TheCALPHAD results show similar trend but more
pronounced separations of the phase formation redtoms4.6(d). These phase selection rules
are useful for predicting alloy crystal structures and compositions, but more effective rules are

still highly desired; thus, we will subsequently explore the capabilities of ML in improving the

phase predictions.
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o m
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o

Figure 4.6 FBI and3( versus) plot based on experimental data in (a) and (c); as well as

CALPHAD predictions in (b) and (d).
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Figure 4.7 Comparison of phase formation between experimental anguational
(CALPHAD) results in the pseudernary F& Cos1.4Nisgs1 Al427Crs7.3System shown in (a)

and (b) as well as the pseutbsnary Cu' Cosa.dNiss 21 AlsgaCrs1.7System in (c) and (d).

4.3.1.3 Examples of phase formation in specisigstems

Different HEA libraries cover different regions of the multicomponent HEA composition
space. The agreements between experimental and computational results can be very different.
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Two examples are shown ig. 4.7to illustrate the degree of agreaemmfor both the ACr-Co-
Ni-Fe and AICr-Co-Ni-Cu systemskig. 4.7(a)and(b) show that for the compositions covered

by a pseuddernary F& Cos1.4Nisgsi Als27Crs7.3system, the agreement is good except for a
smaller singlgphase FCC region and slifjhlarger BCC/B2 + FCC twaphase region from
CALPHAD. A morepronounced difference was observedig. 4.7(c)and(d) for the

compositions covered by the psettdmary Cu Coss.dNiss 21T Alsag LCrs1.7System. Such
comparisons may also help identify the specific systems where CALPHAD assessments need

improvement.
4.3.2 Machine learning results

Two groups of datasets are analyzed using ML, and one is the SS only dataset with 1,761
HEASs, the other ishe full dataset witl2,436 HEAs. Similar to the analysis using CALPHAD,
the SS is divided into three categories, BCC/B2, BCC/B2 + FCC, FCC, which are the targets of
the ML models. The predictions from ML in the SS dataset are further compared with the
experimental observations. The full dataset is classified into four classes, SS, AM, SS + AM, and
IM as the output of the ML models. It is noted that IM is used here to refer to alloys with an
intermetallic compound ( mo st dspmetallogs cantaip has e)
additional phases in addition to IM. The ML models are optimized by adjusting their parameters
first. Then the best feature sets are screened by their contributions towards improving the CV
accuracy of predictions for each ML modehioh provides information for the relative

importance among these input features.
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4.3.2.1 ML for classifying BCC/B2, BCC/B2 + FCC, FCC phases

VEC

A""mix
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A-‘-;rnix
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VEC 6 ODHmx FBI ASnxy Q Ay ela

Figure 4.8 The heatmap of the correlation matrix between any paifeattures. The value at

each cell is the calculated coefficient.

Before training the ML model and making predictions, it is essential to look into the
correlation among these features because adding collinear features will not provide more
valuableinformation and will increase the time of training and could even degrade the
performance of the models. The Pearson correlation coefficient is used for the quantitative
assessment of the correlation between any pair of features, and it is calculatee Yatlowing

formula,
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wherew ware the two variables/featurem, andw are thewandwvalues ofith samplegfandw
are the mean values afandwy and¢ is the sample size of botbandw [154]. Using this
formula, the correlation between any pair of features is shoWwigirt.8 indicating that all
input features can be kept and further used in the MLets@®ince there is no high correlation

coefficient between any two features.

The ML models can be modified by tuning parameters and then judged by the CV accuracy.
Here, the grid search method was employed to adjust parameters for each modethethiad
features, and the optimized results are shovwkign4.9 The max_depth parameter is identified
as the main factor in determining the quality of the DT model, and the min_samples_leaf
parameter has negligible effeEig. 4.9(a) The CV accuracgf the DT model reaches the
highest when max_depth is 9 and stays stable after 9; thus min_samples_leaf = 3 and max_depth
= 9 were selected for the final DT model. The parameter n_neighbors = 3 is best for the KNN
model inFig. 4.9(b) For SVM, a parameteet off p mmand® ¢ is created, where @

n TAT@A 1 p mBothy andd affect the accuracy of the SVM model, and both cannot be

too large or too small; otherwise, they would lead to inefficiency. The pairdf andd = 32

(1 =0, =5) achieved a high CV accuracy from the parameterSgts4.9(c) The neural

netwak was built with three hidden layers that containe , € neurons in each hidden layer,

and the corresponding CV result is showikig. 4.9(d) For each third hidden layer with

neurons changing from 5 to 50 (interval 5), the combination of thyeela s 6 neur ons wi t
highest CV accuracy is marked as the black dot, so there are 10 highest CV accuracies shown in

10 black dots. Finally, the combinatien=45,¢ =25,& = 20 is chosen from these 10 CV

accuracies.
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Figure 4.9 The grid search method for tuning input hyperparameters to obtain the high CV

accuracy in each ML model: (a) DT, (b) KNN, (c) SVM, (d) ANN, respectively.

The results of feature selections for the four ML models aremsiofig. 4.1Q The CV
accuracy increases first rapidly, then stays stable or decreases when more input features are
employed for the ML model$;ig. 4.10(a) indicating that more features are not always helpful
in ML because they could lead to overfittimgthe training process and decreasing CV accuracy.
The order of precedence of the features in each ML model are sh&wgn t10(b) and the

best feature sets for different ML models are colored for easier visualization. The $f&C,,
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ela, FBI}set is the best feature combination for DT, KNN, and ANN, achieving a CV accuracy
of 90.4%, 94.1%, and 89.7%, respectively. For the SVM model, the prediction accuracy reaches
93.8% with the best feature set of {VEEQ , e/a, FBI,3 }. In all four feature sets, the VEC
feature has the highest order of precedence, thus is the most influential among these nine features
in determining SS formation. It is noted that the CV accuracy obtained by using only the VEC
feature is comparable to or eviegtter than the prediction accuracy from CALPHAD; and the

CV accuracy is higher than 85% after training with the first three best features in each ML
model, showing advantages of phase predictions over the current state of thermodynamic
calculations. Thether features that are helpful for enhancing the prediction accuracies are

30 ,€ela, and FBI. In the DT, KNN, and ANN models, the two features that could degrade the
performance of predictions arelY ,3 ], { 3 P8°Y }, and {Tm, 1}, respectively. Li and Guo

also found that VEC is the most important feature in classifying BCC, FCC, and NSP (not
forming SPSS) with the SVM model, and the CV accuracy reaches 90.7% under the input of
{VEC,1, Tm, 30O ,3°Y }feature set[149]. A study by Zeng et al. explored >300,000 phase
equilibriagenerated b€ ALPHAD calculationsn 3 classes (singlphase FCC, singlphase

BCC, and other phases) using XGBo§s81]. They achieved > 99% accuracy on both the

training set and the test set and predicted 155 experimental phases with 81% accuracy through
the selection of 5 most important feees {equilibrium temperature, average atomic radius, VEC
difference, VEC3 }. A feature set of 13 topanked features waxreenedhn classifying BCC,

FCC, and BCC + FCC bylach&a, andvVEC was found to have the highest relative
importance[132]. His models can reach 97.5%, 95.8%, 94.35%, and 94.0% using random forest
(RF), SVM, KNN, and ANN, which is slightly higher than the current study, possibly due to the

larger set of features used in his studlyang et al. utilized a genetic algorithm kvANN and
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also found that the VEC criterion is important in classifying BCC, FCC, angpthazle

HEAs [151]. Their classification accuracy achieved 91.3% with a feature set containing VEC,
the core electron distance,? the mismatch in compression modulus. Their CV accuracy is
comparable to ours in ANN learning. Overall, the accuracy could reghbr than 89% for

these four models, making the application of ML in phase prediction significant.

0.95 DT KNN SVM ANN
VEC VEC VEC
0.90
AI-'Imm AHrmx AHmix
3 0-85 1
G e/a e/a e/a
|
5 080 FBI FBI FBI
® 0.75 T 5 Ax Q
>
O o7l ¢ 5 Tm ASpix Ax
0.65 1 Q Q T AS i
0.60 AS s Ax Q m
1 2 3 4 5 6 7 8 9 AX AS. . 5 5
(a) number of features (b) =

Figure 4.10 (a) Feature selection process to increase the CV accuracy in each ML model for
classifying the BCC/B2, BCC/B2 FCC, FCC phases of the seBdlution only compositions.

(b) Corresponding features based on the order of precedence from top to bottom after each
selection step. The colored features are the best sets that achieve the performance of the ML

models.

Since ML has found both VEC arfO  as the two most significant features to predict the
SS phases, VE@s-3'0O  plots are made based on experimental resufggind.11(a)and
SVM ML predictions inFig. 4.11(b) All alloys with BCC/B2 + FCC two phases are located in

the middle region shaded in redrig. 4.11(a) Towards the left side of this region is single
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phase BCC/B2 and singfghase FCC is on the right side. By counting the correct phases
predicted by ttg division strategy, the accuracy is 67.1%iig. 4.11(a) which is much more
efficient than relying on the VEC only (VEC < 6.87 for BCC/B2 and VEC > 9.16 for FCC). The

colored areas ifig. 4.11(b)are the predicted phases by SVM, and the boundaries for

I BCC/B2

M Fcc
M BCC/B2 + FCC

® BCC/B2
101 ® FCC
® BCC/B2+FCC

101 ® FCC

Figure 4.11 VEC vs3y( plots for the SS data in (a) and (b), and the SPSS data in (c) and (d),
respectively. The experimental data are plotted in circle points and predictions by SVM are
plottedascolored aresin (b) and (d), where the blue, red, and green area manifesistgded
BCC/B2, BCC/B2 + FCC, and FCC phases, respectively. The p value refers to the prediction

accuracy in (a) and (c), and the CV accuracy in (b) and (d).
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classification are curves rather than straight lines. When experimental data points are in the area
with the same color, then the predictions for phases agree with experiments (Note some of the
red color points are outside the red region). The CV accuracy achieves 81.9% by SVM based on
VEC and3*O , exhibiting the advantages of ML in predicting tieerect phases over

traditional strategies. We also used the ML models to study the classification for BCC, B2, FCC,
BCC + FCC, and B2 + FCC phases (having B2 and BCC separately) and found that VEC is still

the most important feature in every ML modekhswn inFig. 4.12

DT KNN SVM ANN
0. VEC VEC VEC
FBI Tm DH i
o
© 0.6 1 T FBI e/a
g Q e/a Tm
g 0.7 e/a Ay Ay
o JAY'¢ Q FBI AS i
0.61 AS i AH ik Q Ay
AH i 5 6
(a) b :umger oSf feaﬁture; P (b) ° S B °

Figure 4.12 Feature selection process measured by the CV accuracy in each ML model for

predictingBCC, B2, FCC, BCC+FCC, and B2+FCC

The VEGvs-3*O  plots are far more accurate in predicting the sipyjlase BCC/B2 and
singlephase FCC solid solutions without considering the BCC/B2 + FCéphase alloys, as
shown inFig. 4.11(c)and(d). Even a simple plot of experimental data only, a simple straight
line of 3O ¢ w w006 ¢ T gan achieve 96.2% accuracy, which is simply remarkable,
Fig. 4.11(c) The CV accuracy of 96.4%, 97.0%, 97.4%, and 96.5% achieved for DT, KNN,

SVM, and ANN, respectivelys not significantly better than the predicted resdietermined by
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the straight line, anBlig. 4.11(d)shows the SVM results only. Even though the sapjibt of
experimental datd;ig. 4.11(c) achieves excellent abilities to predict the sifgiase formation,

it is ML that helps identify these two critical parameters (VECa&f ) for the plot.

With these weltrained models, we applied them to predict the selected alloy systems
(containng 13 elements) that were tested in the study of Zeng € 2l]. Compositions,
experimentally determined phases, ddiedicted phases, and CALPHAedicted phases are
shown inTable 4.3 ANN beats other ML models with the highest overall prediction accuracy
80.3%, demonstrating the feasibility of using trained ANN with thin film data to predict the
phase formation of bulk alloys. The CALPHAD prediction accuracy is 78.8% without a
constrained limit and 86.4% with constrained input of only BCC and FCC phédmeprddiction
accuracy of ANN lies in between the two CALPHAD predictions, exhibiting a comparable
prediction ability of ANN with CALPHAD. There exists an apparent advantage of using ANN
over CALPHAD in predicting the phase equilibria of bulk alloys wheleenents are not

available in the TCHEA4 or other HEA CALPHAD database.

Table 4.3 The compositions and experimentally determined phases with single BCC/B2 or
BCC/B2 + FCC or single FCC phasgg31]. The predictions &fim four ML models are also

listed. CALPHADL1 is the CALPHAD calculations under unconstrained conditions and
CALPHAD?Z is the CALPHAD calculations under constrained input of only BCC, FCC phases.
The number 1, 2 and 3 stands for BCC/B2, BCC/B2 + FCC, FCfrctigely. The number 0 in

CALPHAD1 column indicates that there are other phases beyond SS in the predictions.

Alloys Phases| DT | KNN | SVM | ANN | CALPHAD1 | CALPHAD2
Alo2sCoCrFeNi 2 3 1 2 2 2 2
Alo.374C0CrFeNi 3 3 1 2 2 3 3
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4.3.2.2 ML for classification of SS, AM, SS + AM, and IM phases

Figure 4.13 The grid search method for tuning input parameters to obtain the high CV accuracy
in each ML model: (a) DT, (b) KNN, (c) SVM, (d) ANKgspectively. The targets of these

models are SS, AM, SS+AM, and IM.

In addition to analyzing the classification of SS into BCC/B2, BCC/B2 + FCC, and FCC, ML
was applied to distinguish SS from other phases, such as AM, SS + AM, and IM. Such
information isvery beneficial for the design of new materials, especially when it is necessary to

avoid the additional phases. The process of tuning parameters for SS, AM, SS + AM, IM phases
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