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Investigation of semi-coherent metal/oxide interfaces with misfit dislocations using density functional theory
(DFT) is computationally intensive to the point of being prohibitive, as it involves several hundreds to many
thousands of atoms. In this study, we examined the solute segregation behavior at the Fe/Y,03 interface—a
model interface for cladding applications in nuclear fission reactors—using a combination of DFT calculations
and machine learning (ML) approaches. Both coherent and semi-coherent interfaces were considered. ML models
were trained on DFT-calculated segregation energies to identify the key chemical, geometric and strain energy
related features that govern solute segregation behavior at coherent Fe/Y,O3 interfaces. Furthermore, it was
found that ML models when trained on DFT calculated segregation energy of elements at a coherent interface,
comprising of about a hundred-atom supercell, can predict the segregation energy of elements at a semi-coherent
Fe/Y,03 interface (with multiple hundreds of atoms) at a fraction of computational cost (1/35th), with an ac-

curacy comparable to DFT calculations.

1. Introduction

Materials systems with metal/oxide interfaces are used in many
advanced applications ranging from nanoelectronics [1,2], catalysis
[3-5], aerospace [6] to nuclear reactors [7,8]. These applications
leverage the distinct atomic structure and chemistry at the interface;
both these factors depend on the coherency at the metal/oxide interface.
For the case in which oxide particles are embedded within a metallic
matrix, the metal/oxide interface may transition from coherent to semi-
coherent as the oxide particle grows [9]. While the atoms are in registry
across a coherent interface, semi-coherent interfaces comprise of regions
at the interface with atom-by-atom matching across the interface
(coherent regions) which are separated by a region of least coincidence
(misfit dislocations) [10].

Solutes are often added to the metallic matrix to improve various
properties, such as adhesion of the metal/oxide interface [11] and
corrosion resistance [12]. These solutes may segregate to metal/oxide
interfaces thus altering the atomic structure, chemistry and properties of
the interface. The presence of misfit dislocations is known to affect the
solute segregation behavior at semi-coherent metal/oxide hetero-
interfaces. For example, it was previously reported [13] that the local
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oxygen environment varies significantly between the misfit dislocations
and the coherent terraces at a semi-coherent metal/oxide interface. Such
non-uniform interfacial oxygen content governs the spatially varying
segregation tendency of solutes to a metal/oxide interface. Similarly, the
combination of the in-plane variation of the strain field and the variable
chemistry surrounding a misfit dislocation can lead to drastically
different (up to 50 times) concentration of solutes between the terrace
and the misfit region in a metal/ceramic interface [14]. Hence, an ability
to predict solute segregation tendencies to metal/oxide interfaces is
critical in designing novel metal/oxide interface with optimum
properties.

Traditional computational tools such as molecular dynamics (MD)
have widely been used for investigating solute segregation tendency to
other interfaces [15]. However, the application of MD to investigate
solute segregation behavior to a metal/oxide interface is limited due to
the lack of suitable interatomic potentials. Another widely used method,
density functional theory (DFT), an ab initio approach grounded in
quantum mechanics, is limited by system size due to the scaling of the
computational expenses with the cube of the number of electrons in the
system. Except for a few studies, semi-coherent interfaces have not been
extensively considered in DFT calculations, as they require hundreds to
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thousands of atoms to describe misfit dislocation structures [10,13,16].

Recent reports have demonstrated that modern machine learning
(ML) tools in combination with DFT calculations can be used to inves-
tigate structure-chemistry-property linkage in a wide range of hetero-
interfaces including metal/oxide interface. For example, metal/oxide
heterojunction artificial synapses for visual sensory were studied
through experiments and artificial neural networks (ANNs) [17]. In our
previous published work [18], we have shown that ML model trained on
DFT calculated segregation energy for one semi-coherent interface (with
345 atoms) with one orientation relationship (OR) could accurately
predict the solute segregation energy on a larger interface (with 578
atoms) with a different OR, at a computational cost 1/45 of similar DFT
calculations with an accuracy comparable to DFT calculations. Howev-
er, it was observed that to train a ML model with the DFT-calculated
segregation energy of 28 solutes at a single interfacial site on a metal/
oxide semi-coherent interface with 345 atoms required 241.66 (hrs) x
144 (cpus) = 3.48 x 10* cpu-hours, which is highly computationally
expensive, requiring high-performance computing facilities for data
generation. A question arises whether it is possible to train the ML model
at a considerably less computational cost such that the training data can
be generated using a workstation. In this regard a possible alternative
would be to generate data using smaller supercells such as a fully
coherent interface. In this work we have demonstrated that an ML model
can be trained with segregation data from a coherent metal/oxide
interface (~100 atoms) to predict the segregation energy of at a semi-
coherent interface with high fidelity at a fraction of the computational
cost. We have used solute segregation behavior within the Fe/Y20s
system, a surrogate metal/oxide interface observed in Nanostructured
Ferritic Alloys (NFAs). NFAs are promising cladding materials for fission
reactors due to their exceptional tolerance to harsh operating conditions

[71.
2. Methodology
2.1. Electronic structure calculation

2.1.1. Fe/Y30s3 interface supercells

The solute segregation behavior of different solutes was determined
using the electronic structure calculation. To perform the calculations,
one Fe/Y;03 semi-coherent interface supercell and two Fe/Y50s3
coherent interface with different strain conditions (coherent interface A
and B) were created. All the three interfaces share the same experi-
mentally observed OR: [001]ge||[100]y203 and (010)ge||(011)y203 [19].
The semi-coherent interface has a strain condition at the Y,Og3 slab:
—1.1 % in x-direction, and — 4.67 % in y-direction [13]. For coherent
interface A, the strain at the Y503 slab is in line with the semi-coherent
interface, while the Fe slab is strained to —8.50 % in the x-direction and
24.73 % in the y-direction to match with the oxide. To compare the ML
models trained by coherent interfaces with different strain conditions,
coherent interface B is similar to coherent interface A except the strain
condition differs: —9.50 % in the x-direction and 18.73 % in the y-di-
rection for the Fe slab; —2.18 % in the x-direction and — 9.25 % in the y-
direction for the Y503 slab.

The relaxed structures for the semi-coherent interface and coherent
interface A are presented in Fig. 1. For the semi-coherent interface
(Fig. 1(a)), the Fe slab has 165 atoms with 55 Fe atoms in each layer
while the Y03 slab contains 180 atoms, with each layer consisting of 24
Y atoms and 36 O atoms. At the semi-coherent interface, a misfit
dislocation is observed along the y-direction, as 6 columns of Fe atoms
correspond to 5 columns of O atoms. A misfit dislocation is also present
along the x-direction where 11 columns of Fe atoms align with 12 col-
umns of O atoms. In coherent interface A (Fig. 1(b)) and B (not shown),
the Fe slab is composed of 48 atoms, arranged in layers containing 16 Fe
atoms each. The Y03 slab includes 60 atoms, with each layer
comprising 8 Y atoms and 12 O atoms. Atomic position of the topmost Fe
layer and bottom most layer of yttria in all the interface structures were
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Fig. 1. Relaxed structures of Fe/Y,0j3 interfaces, both with the OR [001]g||
[100]y203 and (010)ge||(011)y203: (a) the semi-coherent interface; (b) coherent

interface A. In (a) and (b), the x-direction is perpendicular to the y- and
z- directions.
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fixed to mimic bulk-like conditions.

2.1.2. Computational details for DFT calculations

All the electronic structure calculations were performed by DFT as
implemented in the Vienna ab-initio Simulation Package (VASP) [13].
The projector augmented wave (PAW) method was utilized with a plane
wave cut-off of 450 eV [20,21]. The Perdew-Burke-Ernzerhof (PBE)
parameterization of the generalized gradient approximation (GGA) for
the exchange—correlation potential was applied to all calculations with
spin polarization [22,23]. Monkhorst-Pack scheme witha 1 x 1 x 1 k-
point mesh was used for the Brillouin-zone sampling. In all calculations,
structures were relaxed until the maximum force on each atom reached
0.05 eV/A or less.

2.1.3. Solute segregation details
The segregation behavior was evaluated by the solute segregation

energy (E5%) [13]:

B = (B — Buipououe) — (E:

‘with solute with solute

_ EBulk ) , (1)

‘without solute

nterface : . . pinterface .
where Elwith ot d€notes energy of interface with the solute; Elwithout “olute 1S

defined as the energy of interface without the solute; Eﬁ,‘l‘gf solute
of the bulk Fe with the solute; and EBuk ~ represents energy of bulk

Fe without solute. The bulk Fe is composed of 128 Fe atoms under stress

is energy

free condition. According to Eq. (1), a positive or negative E5 represent
the solute segregation tendency into bulk iron, and the tendency of the
solute to segregate to the interface, respectively.

Calculations of E5% were performed for 28 substitutional solutes at
atomic sites within the interfacial Fe layer: Ag, Al, Ba, Cd, Co, Cu, Hf, Ir,
K, Mg, Mo, Na, Nb, Ni, Os, Pd, Pt, Rb, Rh, Sc, Sr, Ta, Ti, V, W, Y, Zn, Zr.
10 solute segregation sites were selected randomly within the interfacial
Fe layer of the semi-coherent interface, where 5 sites were randomly
chosen each from the misfit and coherent region of the semi-coherent
interface. Hence a total of 280 (28 solutes x 10 sites) segregation en-
ergies were performed using DFT calculations. At coherent interface A
and B, the solute segregation was performed at all four chemically
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unique interfacial iron sites (see Supp. Fig. 1 in supplementary mate-
rial). It is notable that compared to fluorite structure yttria has structural
vacancies leading to more than one chemically unique interfacial iron
site. To create different interatomic distances that are present in the
semi-coherent interface for ML model training, the Fe slab in coherent
interfaces was translated along the x- and y-directions. During trans-
lation the strain on the iron and yttria layer remain unchanged. Details
of these translated structures are presented in the Supplementary In-
formation (see Supp. Fig. 2 and Supp. Tables 1-2 in supplementary
material). A total of six structures (five translated structures plus the
original untranslated structure) were chosen for each coherent interface
A and B. Then E%% for all 28 solutes were calculated for each of these
variants of the two coherent structures. A total of 672 (= 28 solutes x 4
sites x 6 displacements) segregation energies were generated each for
coherent interface A and B.

2.2. ML investigations

2.2.1. Input features

The parameters that affect the ES at the Fe/Y,Os3 interface, also
referred to features in ML, are summarized in Table 1. These 18 features
are organized into three categories based on literature and domain
knowledge: geometry, chemistry, and strain energy.

Geometrical features describe the local environment around the
segregation site, particularly the distances between the solute site (i)
(see a) in Table 1) and its neighboring atoms (see b)-d) in Table 1).
Previous studies have demonstrated that E5 at Fe/Y»Os3 interfaces is
strongly influenced by the local oxygen environment, particularly the
oxide forming tendency of the solute [10,13]. Consequently, the dis-
tance between the segregation site (i) and the nearest O atom (O),
referred to as i-O, is considered as a key geometrical descriptor. In
addition, competition may arise among the solute, the nearest Fe atom
(Fe), and the nearest Y atom (Y) for the nearest O atom. To capture these
effects, other geometrical features such as interatomic distances—i-Fe,
i-Y, Fe-Y, Fe-O, and Y-O-are also included in our ML-model as they
may affect ES,

Chemical features pertain to the chemical properties of the solutes, as
differences in chemistry between the solute and neighboring atoms can
impact the solute segregation behavior at the Fe/Y203 interface [10,13].
Strain energy features account for effects of atomic misfit strain (be-
tween the solute and Fe) on solute segregation, expressed in terms of
local strain energy [10,13]. The chemical and strain energy features are
defined with details in the supplemental information.

2.2.2. ML techniques
This section outlines the working principles of the ML tools used in

Table 1

Input features for ML. Values of the chemistry and strain energy features were
obtained from literature, while geometric features were measured from the
relaxed DFT structures.

Geometry Chemistry Strain Energy

i-Fe (R) Tonic radius (&) [13] Bulk modulus (GPa) [24]
-9 (A) Crystal structure [13]

i-09 () Valency [13]

Fe”-0” ()  Electronegativity [13]

Fe”-Y” (A)  Oxide forming tendency (eV/atom) [13]

Y- 0 (A) Bulk cohesive energy (eV/atom) [25]

Electron affinity (eV/atom) [26]

First Ionization potential (eV/atom) [27]
Dipole polarizability (a.u.) [28]
Electronic configuration [29]

Magnetic moment (BM) [30]

¥ segregation site;

 nearest Fe atom of segregation site;
9 nearest Y atom of segregation site;
9 nearest O atom of segregation site.
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this work.

2.2.2.1. Data scaling. The data obtained from the DFT calculations
include various units and ranges, which could hinder the ML model from
accurately learning the relationship between features and target i.e.
segregation energy. Thus, data scaling is applied to reduce the impact of
feature units and ranges on model training. Then the training set was
scaled using standardization in this study.

The formula of the standard scaler is expressed as [31]:

x —
Xnew = ”7 (2)
o

where Xy is the data after scaling; x denotes original data; u represents
mean value within the feature; and ¢ is defined as standard deviation
within the feature.

2.2.2.2. Random forest. In this study, random forest [32-34] is used as a
feature importance analysis tool on the dataset collected from coherent
interface A to investigate the relative importance of each feature in
determining ES®. Unlike other commonly used feature importance
analysis tools [35-37], random forest is more versatile in capturing
nonlinear relationships between features, analyzing them numerically,
and addressing the issue of overfitting.

Random forest consists of multiple decision trees, with each decision
tree being a non-parametric supervised learning method suitable for
both categorical and numerical targets. It is a tree-like model con-
structed by recursively splitting data based on decisions made under
various conditions. In this research, the optimal attribute for splitting
the data at the nodes of each decision tree is determined by mean
squared error (MSE) [32-34]:

n

MSE =3 (¥ =), ®

i=1

where n represents the total number of samples; y; is the ith predicted
target; and y; represents the ith true target. More details of random forest
are covered elsewhere [38].

In this study, the hyperparameters of the random forest model were
optimized with the following configuration setting: 600 trees, the max
depth of 60 for each tree, 4 features to apply at a root or decision node
for the best split, minimum 1 sample at a leaf node and minimum 2
samples to split a root or decision node.

2.2.2.3. Kernel ridge regression. To predict ES® at the Fe/Y203 coherent
and semi-coherent interfaces for a given solute and atomic site, kernel
ridge regression (KRR) is applied to model training in this study. By
combining Ridge regression with a kernel function, KRR explores the
nonlinear relationship between features and the numerical target in a
higher-dimensional space compared to the original space [39]. There
are several kernel functions available in KRR, including the polynomial
kernel, radial basis function (RBF) kernel, sigmoid kernel, and others.
Numerous engineering studies have employed KRR for numerical pre-
dictions, which demonstrates its effectiveness in training regression
models [39-41]. In addition to its popularity in the engineering field, the
closed-form solution and high computational efficiency of KRR make it
an ideal choice for this work. In KRR, the loss function to improve the
model is expressed as below:

n

Loss = > (¥i —yi)* + w'Kw (€]

i=1

where ; is the ith predicted target; y; represents the ith true target; 1 is a
hyperparameter that determines the regularization strength, w is the
model weight and K is the kernel function. The first term in Eq. (4) is to
evaluate the errors between the true target and the prediction from KRR,
while the second term calculates a penalty of large model weight values
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which may cause the overfitting issue. More details of KRR can be found
elsewhere [42]. Grid search was conducted to tune the hyperparameters
of the KRR models in this study, with the values presented in a)-d) from
Table 2.

2.2.2.4. Evaluation metrics. In this study, the performance of each
model was evaluated using the coefficient of determination (R?) [43],
mean absolute error (MAE), and root mean square error (RMSE) [44]. R?
is calculated by the difference between the true target and the predicted
target and the difference between the true target and the mean true
target, evaluating how well the data fits the model. MAE represents the
average of the absolute differences between the true target and the
predicted target, providing a measure of the average residuals. RMSE
quantifies the square root of the average squared differences between
the true target and the predicted target, capturing the variance of the
residuals.
R?, MAE and RMSE are calculated by the following equations:

> e v
RP=1-S—) (5)
; iy
1S .
MAE = ; 9= yil. 6)
— 1 - A, _ . 2
RMSE = /= > (71 =2, ™

i=1

where n is total number of samples; y; represents the mean value of the
target; y; is the predicted target; and y; represents the true target.

All the ML techniques utilized in this work were implemented in the
Scikit-learn library.

3. Results
3.1. Feature importance analysis

The segregation energy of solutes at a given site is governed by the
competition between the different features listed in Table 1. However,
it's difficult to systematically understand the relative role of a large
number of features on ES¢ using the traditional computational ap-
proaches (e.g., DFT and MD). In this work, random forest, a supervised
learning ML technique, is applied to extract the relationship between the
features and E°%. The relative importance for each feature on E5% of
coherent interface A is illustrated in Fig. 2. The horizontal-axis is the
feature importance value while the vertical-axis lists the features ac-
cording to the feature importance. Higher feature importance implies a
stronger co-relation between the feature and the ES®. From Fig. 2, bulk
modulus, electronegativity, dipole polarizability, ionic radius, first
ionization potential and bulk cohesive energy show much more pro-
found effects on ES% compared to the remaining 12 features. Bulk
modulus is the most important out of all the 18 features, which implies

Table 2

Hyperparameters used in the KRR models.
KRR Model Alpha” Gamma"’ Degree®’ Kernel”
Fig. 3(a) 0.3
Fig. 3(b) 0.8 )
Fig. 4(a) 0.4 0.1 3 polynomial
Fig. 4(b) 0.7

) regularization strength;

) coefficient of the polynomial kernel function;
9 degree of the polynomial kernel function;
9 mathematical functions used in KRR models.
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the strain energy arising from the atomic misfit between the solute and
iron atom has a far-reaching influence on the E5.

Among the features related to the chemistry of the solutes, electro-
negativity of the solute exhibits the strongest link to ES¢. This can be
explained based on Hume Rothey rules, which states that, when the
electronegativity difference between a solute and a solvent is close to
zero, the solute will have maximum solubility in bulk Fe. However, as
the difference in electronegativity increases between the solute and Fe,
the tendency of the solute to segregate to the interface is expected to
increase, as observed in our random forest analysis. It is notable that
solutes with less electronegativity (e.g.: Mg) than iron exhibits higher
oxide forming tendency compared to iron. It can be concluded that
tendency of a solute to form oxide with nearest O atom within the
interfacial yttria layer and its relative oxidation tendency compared to
neighboring Fe atom, plays a vital role in determining ES¢. This explains
feature i-Fe, O-Fe and i-O scores higher in feature importance (Fig. 2),
compared to other three geometrical features. It should be pointed out
the values of all the geometrical features are unique at all the four
coherent sites as presented in Supp. Fig. 1, leading to some variation in
ES*8 among the four sites. It is clear from Fig. 2 that the top 9 features are
all related to the local strain energy or chemistry of the solute. Hence, to
describe E% at coherent interface A, strain energy and chemistry of
solute occupy more crucial positions over the local atomic environment
surrounding the segregation site.

3.2. ML models for prediction of solute segregation behavior

3.2.1. Coherent interface A and coherent interface B

KRR was utilized to develop a quantitative model for the prediction
of E5%, A dataset comprising 672 samples from coherent interface A was
applied to train the KRR model. The dataset was randomly split between
training and test set in a ratio of 80:20. Model training was performed
using the training set, while the trained model was evaluated by the test
set. The model performance for coherent interface A is shown in Fig. 3
(a), where the horizontal and vertical axis are the DFT-calculated and
predicted ES®, respectively. In this scatter plot, all the samples lie close
to the diagonal parity line, where DFT calculated ES% equals the KRR
predicted ES®. The distribution of the samples suggests the potential of
the model to predict the ES% at coherent interface A.

In Fig. 3(a) solutes with highly negative segregation energy E5%¢ (—6
eV ~ —2 eV) exhibit higher errors compared to solutes with lower ES%
(—2 eV ~ 2 eV). An analysis of all the features demonstrates that solutes
with highly negative ES% possess much smaller electronegativity (K, Rb,
Ba, Na, Sr < 1) compared to Fe atoms (1.83). Hence, these solutes pre-
sent a strong tendency to segregate to the coherent interface A instead of
remaining in bulk Fe. The errors caused in these ML predicted ES% may
originate from distribution of data within the dataset. The dataset for
small electronegativity (<1) solutes corresponds to only 17.85 %
percent of the total dataset. Thus a lack of data points for solutes with
small electronegativity may lead to higher error in ML predictions.
However, the overall model performance can also be evaluated by R?
(0.9720), RMSE (0.2738 eV) and MAE (0.1879 eV). R? value close to
unity demonstrates strong model performance in predicting segregation
energy at the coherent interface A.

Solute segregation energy at a coherent metal/oxide interface de-
pends on the misfit strain between the metal and the oxide. To test the
ability of our ML tools to predict the solute segregation energy for a
range of interfacial strain conditions we created coherent interface B
between Fe and Y03 with the same OR at coherent interface A with
different strain conditions as presented earlier.

KRR model was trained on the segregation energy dataset of
coherent interface B and the model performance is presented in Fig. 3
(b). Similar to coherent interface A, the dataset was randomly split to the
training set (80 %) and test set (20 %). In coherent interface B, R? of
0.9718 describes strong model performance, similar to the model for
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Fig. 2. Feature importance analysis of using random forest (data source: coherent interface A).

1@ >

5 ¥

S 17 %

92, R2:0.9720

% 01 RMSE:0.2738 eV

T MAE:0.1879 eV

£t

2 °

g 5] [

o e

(= ® )

2 731 )

> °® e

o 4 2

g P ¢

o —51 @
},

6 -5 -4 -3 -2 -1 0 1 2
Segregation energy-DFT (eV)

24 54
b &o
i ® &<
R>:0.9718 °
041 RMSE:0.2400 eV
MAE:0.1670 eV Y

Segregation energy-KRR (eV)
|
N

—16 —15 —|4 —|3 —12 —11 (!) :] 2
Segregation energy-DFT (eV)

Fig. 3. KRR model performance; predicted ES vs. computational E5% for: (a)
coherent interface A; (b) coherent interface B.

coherent interface A, which verifies the potential of ML tool to predict
the ES®¢ of Fe/Y,03 coherent interfaces under different strain conditions.
For the data ranging from —6 eV to —2 eV, in contrast to coherent
interface A, the data points from coherent interface B are distributed
more closely along the parity line. Considering the strain conditions of
the two coherent interfaces, the largest strains were imposed in the y-
direction on the Fe side (24.74 % in coherent interface A compared to
18.73 % in coherent interface B). One possible reason is that the higher

strain in coherent interface A elevates the distortion of the local atomic
arrangement, which requires more geometric features for ML model
training. As a result, the model performance for coherent interface A
with higher strain presents higher errors than coherent interface B. A
possible way to improve the prediction for coherent interface A is to
include geometric features beyond the first nearest neighbor including
second or third nearest neighbors.

3.2.2. Semi-coherent interface

Calculation ofE5® at a semi-coherent metal/oxide interface is highly
computationally expensive due to the large number of atoms needed to
describe the misfit dislocation structure. To design a more efficient
method to investigate the solute segregation at semi-coherent Fe/Y203
interfaces, we utilized the ES¢¢ at coherent interface A or B to train ML
models. Later the trained models were used to predict E5%€ at the semi-
coherent interface. The predictions of ES for the semi-coherent inter-
face using KRR model trained on ES¢ data for coherent interface A is
presented in Fig. 4(a). Data points from misfit and coherent regions of
the semi-coherent interface are plotted in red and green colors, respec-
tively. It can be observed that the scattered symbols lie close to the
parity line indicating that the model trained on segregation energy data
obtained for coherent interface A can predict the segregation tendency
for the semi-coherent interface. Additionally, the model's R? value of
0.9577—a strong indicator of model fitting, with 1 representing a per-
fect fit—further supports our conclusion.

In contrast to the model performance (R? of 0.9720, RMSE of 0.2738
eV and MAE of 0.1879 eV) in Fig. 3(a), the scores for models in Fig. 4(a)
are slightly lower (R? of 0.9577, RMSE of 0.3276 eV and MAE of 0.2361
eV). The gap between the two model performances is linked to the
characteristics of the coherent and semi-coherent interfaces. Unlike
coherent interface A, the semi-coherent interface is composed of
coherent terraces separated by misfit dislocations. The atomic environ-
ment, especially the local Fe/O ratio at the misfit region (2 columns of Fe
sharing electrons with one column of oxygen), is different compared to
the coherent interfaces leading to additional ML-predicted error ofF5%
for the semi-coherent interface. Furthermore, in Fig. 4(a), the samples
from misfit region (red) deviate more from the parity line than the
samples from coherent region (green). Hence, the KRR model trained by
coherent interface A performs more accurately on predicting E5%¢ at
coherent region over the misfit region of the semi-coherent interface.

Next, we tested the ability of our ML models to predict the segre-
gation energy of the semi-coherent interface with a model trained on
segregation energy data from coherent interface B and the results are
presented in Fig. 4(b). Compared to Fig. 4(a), a more apparent deviation
of samples from the parity line and worse metrics (R? of 0.9075, RMSE of
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Fig. 4. KRR model performance of predicting E5 at the semi-coherent inter-
face; predicted ES* vs. computational ES% for: (a) coherent interface A as the
training set; (b) coherent interface B as the training set.

0.4848 eV and MAE of 0.3550 eV) is observed in Fig. 4(b) which can be
explained based on the strain conditions of the semi-coherent interface,
coherent interface A and B. Similar strain conditions were applied to
Y203(—1.1 % in x-axis, and - 4.67 % in y-axis) in both the semi-coherent
interface and coherent interface A, while in coherent interface B Y503 is
strained by —2.18 % in the x-direction, —9.25 % in the y-direction.
Therefore, the similar Y503 strain conditions between the semi-coherent
interface and coherent interface A help predict the ES® at semi-coherent
interface A. Furthermore, in Fig. 4(b), it is observed that the samples
with low E5% values (ranging from —6 eV to —2 eV) are shifted slightly
upward possibly because these solutes exhibit much larger ionic radii (e.
g., K, Rb, Ba, Na, Sr, with ionic radii >1.15 A) compared to Fe atoms
(0.75 A).

The accuracy in predicting E5® at the semi-coherent interface using a
model trained on ES® at coherent interface A (Fig. 4(a)) is further tested
by comparing the DFT and ML-predicted non-uniform distribution of
segregation energy at the semi-coherent interface. For a given solute in

Fig. 5(a), E5%. and Ef,flgn

segregation energy among the ten previously chosen interfacial iron
atomic sites at the semi-coherent interface, respectively. The bar chart

represent the maximum and the minimum

presents the energy difference (AES®) between maximum and minimum
ES¢8 (5% and E:ffl) obtained from DFT calculations and ML-predictions,
respectively. Thus, the blue bars (AES® from DFT) represent the range
(or in-plane variation) of segregation energy for a given solute obtained
from DFT calculations at the semi-coherent interface. AES® from ML
(red bars) when compared to AES% from DFT can serve as a metric to
evaluate the sensitivity of ML models to capture in-plane variation of the
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segregation tendency of solutes at the semi-coherent interface. That is,
this metric provides insight into how well the model trained only on data
from the coherent interface can capture variations in segregation energy
resulting from local variations in atomic structure induced by the
presence of the misfit dislocations in semi-coherent interface. The sol-
utes in Fig. 5(a) are arranged by decreasing electronegativity from left to
right. For most solutes the ML model predicted AES® compares well with
the DFT predicted AE%, implying that the ML model can effectively
capture the in-plane variation of segregation tendencies in the semi-
coherent interface even though the models were trained with segrega-
tion energy data from the smaller fully coherent interface A. However,
eight (Na, Hf, K, Ta, Y, Sr, Rb and Zr) out of 28 solutes display higher
discrepancies (>0.6 eV) between the AES¢ from DFT and ML models. All
eight of these solutes also have a low electronegativity and a strong
oxide forming tendency (ranging from —13.12 eV/atom to —6.94 eV/
atom) compared to Fe (—2.64 eV/atom). One potential reason for the
discrepancy in AES® between DFT and ML is due to the limitation of our
ML model. For a given solute segregation site at the interface, only the
distance to the first nearest neighboring O, Fe and Y atoms was
considered. For simplicity, in our model distances to other O atoms in
the neighborhood of the solute segregation site were ignored. This may
limit the ability of our model to capture the unique local geometrical
effects at the semi-coherent interface on ES%, which is particularly
important for solutes with lower electronegativity (or solute with higher
tendency to form oxide than iron).

Fig. 5(b) tests the ability of the ML model to accurately predict the
region (coherent vs. misfit) where the maximum or minimum segrega-
tion energies at the semi-coherent interface were obtained from DFT
calculations. This is also an alternative way to evaluate the ability of ML
model to predict non-uniform segregation tendency of a given solute
across the interface. Each quadrant shows the location of the maximum
and minimum segregation energy obtained from DFT calculations. For
example, Na is in the first quadrant, which implies that from DFT cal-

culations E,ii‘fl and E,S,ffx are both located at the coherent region of the

semi-coherent interface. Later, the color of the dots was used to indicate
if the ML model was able to predict the location of the E-% and Epes,
obtained from DFT calculations. For example, the green dots represent
solutes for which ML model accurately predicted the region for both E‘frﬁi

and E‘iffx obtained from DFT calculations. It should be pointed out that
for the solutes with green dots not only the ML-model correctly predicts
the region (coherent vs. misfit) of E;el‘fl and E,Sneﬁx, our ML-model also
accurately predicts the particular atomic site with each region for which
each of the extreme segregation energy was calculated from DFT. The
cyan and the red dots represent solutes for which ML model failed to

predict the region for E5%, and E>%

o Tespectively. It is clear from Fig. 5(b)
that the ML model accurately predicted the region for both E‘fnelfl and Ep,
for 23 out of 28 solutes. However, a mismatch is observed in the cases of
Ba (E;ei’fl), Co (E3%), Cu (%)), K (F>%.) and Na (E5%,). The absolute
difference in ML predicted ES at the misfit or coherent region for the
five cases are Ba (0.28 eV), Co (0.05 eV), Cu (0.25 eV), K (0.70 eV) and
Na (0.97 eV). Although Co exhibits a discrepancy, the ML predicted ES®
for the misfit and coherent regions show a small difference of 0.05 eV,
which might be caused by the limitation of the ML model. In the cases of
Ba, Cu, K, and Na, the discrepancy is found to originate from a single site
within the misfit region. Examination revealed that the distance of this
Fe interfacial site to the nearest Y atom (2.58 10\), which is feature i-Y in
Table 1, is beyond the range of i-Y distances in the training set of sites in
coherent interface A (2.82-3.6 A), which increases the uncertainty in
predicting the segregation energy for this site. Inclusion of other i-Y
geometric features beyond the first nearest neighbors may help improve
the prediction for the remaining four elements.

Although in Fig. 5(a) several solutes show large differences in AESe8
between DFT and the ML model, the percentage of cases in Fig. 5(b)
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Fig. 5. Analysis of computational and predicted ES at the semi-coherent interface: (a) energy difference between By, and Ef,ffl among the 10 sites for each solute;

(b) test of the regions (coherent vs. misfit) where E‘f,f}fx and E,sne,fl are located. The predicted E5 for semi-coherent interface was obtained by KRR model when trained

on ES¢ data obtained for coherent interface A.

where the location of Fe-sites with extreme (both max and min) ES¢¢ was
correctly identified by the ML model was greater than 91 % (51 out of 56
extreme sites (two extreme energies for each of the 28 solutes)). This
implies that the ML model trained on segregation energy data at
coherent interface A can predict the non-uniform segregation tendency
within the interfacial Fe-layer with complex dislocation configurations
within the semi-coherent interface. Combining the observations from
Figs. 4(a) and 5, we can see that the ML model trained on segregation
energy data at coherent interface A provides an excellent approach to
predict AES% at the semi-coherent interfaces with DFT level accuracy at
a significantly reduced computational cost compared to direct DFT
calculations of E5¢ at the semi-coherent interface. For example, the
average computational cost for DFT calculations of the segregation

energy of 28 solutes at one interfacial atomic site for the semi-coherent
interface (with 345 atoms) versus the coherent interface A (with 108
atoms) are 34,799 cpu-hours and 994.3 cpu-hours, respectively. This
implies that the computational cost of generating DFT-calculated solute
segregation energies at coherent interface A followed our ML models to
predict the segregation energy of solutes at the semi-coherent interface
is 1/35th of the computational cost to calculate the segregation energy
directly from DFT. Moreover, the DFT calculations of coherent interfaces
(with 108 atoms) can be performed using a workstation and do not
require high-end computational clusters, typically needed to perform
DFT calculations of semi-coherent interfaces with several hundred
atoms. This indicates that a combination of DFT calculations and ML
tools provides an excellent approach for investigating the properties of
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semi-coherent interfaces using traditional computational resources
where direct DFT calculations of semi-coherent interfaces are not
possible.

4. Conclusion

In this work we have investigated the segregation tendency of sub-
stitutional solutes to coherent and semi-coherent Fe/Y,O3 interfaces
using a hybrid method of DFT and ML. Feature importance analysis
showed that features related to elastic strain due to atomic misfit as well
as chemical features of the solutes play the most vital role in governing
the solute segregation energy (E%¥) at coherent Fe/YOs interface,
similar to semi-coherent interfaces [18]. Moreover, the DFT-calculated
solute segregation energy at coherent interfaces was used to train and
optimize the ML model to predict E¢ at a semi-coherent interface with
high fidelity, including non-uniform distribution of segregation energies
between the misfit and coherent region of the semi-coherent interface.

It is notable that as the size of oxide particles grows within a metallic
matrix the metal/oxide interface may transition from coherent to a semi-
coherent interface [9]. This work shows that using a combination of DFT
calculations and ML approaches it is possible to predict properties at a
metal/oxide interface for a wide range of particle sizes when the model
is trained using properties for a small surrogate coherent supercell.
Furthermore, it has been observed experimentally that, as an oxide
particle within a metallic matrix grows, spherical particle with coherent
metal/oxide interfaces transition to faceted structures characterized by
semi-coherent interfaces with each facet having a different OR with the
matrix [45]. Our previous published work revealed that it is not
necessary to calculate the ES% for each facet individually [18]. Instead,
once E5¢% is calculated for one semi-coherent interface with a given OR,
ML can be applied to predict ES* for the other facets with other ORs, thus
providing a significant reduction in computational cost to investigate
segregation tendency at particle-matrix interface. Combining these two
works, there is a considerable potential that DFT-calculated properties at
a single coherent metal/oxide interface in combination with ML would
provide accurate predictions of properties for a wide range of particle
size, coherency, misfit strain and OR, thus providing a comprehensive
understanding of properties at a range of metal/oxide interfaces at a
fraction of computational cost.

Finally, our ML-based approach exhibits the potential to quantita-
tively predict properties for a wider range of interfaces, including metal/
metal, oxide/oxide, and broader metal/ceramic interfaces, provided
appropriate features are included in the ML models. For example,
chemical features such as electronegativity play vital roles in governing
properties at metal/oxide interfaces as significant charge transfer often
occurs across the metal and oxide [46]. However, such chemical features
may play a smaller role in dictating properties at immiscible metal/
metal interfaces such as the Cu/V interface [47]. Overall, a hybrid DFT
and ML approach shows excellent promise for investigating properties at
a broader range of heterointerfaces which is otherwise computationally
expensive if not prohibitive using traditional DFT calculations.
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