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ABSTRACT ARTICLE HISTORY
To advance the development of materials through data-driven scientific methods, appropriate Received 13 February 2024
methods for building machine learning (ML)-ready feature tables from measured and com- Revised 16 July 2024

puted data must be established. In materials development, X-ray diffraction (XRD) is an  Accepted 18 July 2024
effective technique for analysing crystal structures and other microstructural features that KEYWORDS

have information that can explain material properties. Therefore, the fully automated extrac- Materials informatics;

tion of peak features from XRD data without the bias of an analyst is a significant challenge. spectral decomposition;
This study aimed to establish an efficient and robust approach for constructing peak feature Bayesian estimation; feature
tables that follow ML standards (ML-ready) from XRD data. We challenge peak feature extrac- selection; al-ready

tion in the situation where only the peak function profile is known a priori, without knowledge
of the measurement material or crystal structure factor. We utilized Bayesian estimation to
extract peak features from XRD data and subsequently performed Bayesian regression analysis
with feature selection to predict the material property. The proposed method focused only on
the tops of peaks within localized regions of interest (ROIs) and extracted peak features quickly
and accurately. This process facilitated the rapid extracting of major peak features from the
XRD data and the construction of an ML-ready feature table. We then applied Bayesian linear
regression to the maximum energy product (BH),,,,, using the extracted peak features as the
explanatory variable. The outcomes yielded reasonable and robust regression results. Thus, the
findings of this study indicated that 004 peak height and area were important features for
predicting (BH)
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Our method performs peak feature extraction from XRD data and consistently predicts physical
property from peak features within the framework of Bayesian estimation, without requiring
any crystal phase information.
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1. Introduction

In an effort to accelerate material development via
data-driven science, the construction of a machine
learning (ML)-ready feature table from measurement
or computation data is essential. This necessitates
appropriate analysis tools that extract the interpretable
low-dimensional features from high-dimensional data
such as spectra and images. In materials development,
X-ray diffraction (XRD) is an effective technique for
analysing crystal structures and other microstructural
features that have information that can explain mate-
rial properties. The crystal structure of a material can
be understood by analyzing the diffraction peaks in
the XRD data. However, XRD data often has numer-
ous peaks and observation points, making it difficult
to fully automatically extract the peak features from
XRD data without the bias of an analyst.

The peak search method employing differential
operation is often used in XRD analysis [1-3]. Peak
search can find the primary peaks; however, it is
unable to find sub-peaks, i.e. the peak of a hem.
Consequently, the analyst has to manually assign sub-
peaks to ensure that an ML-ready peak feature table is
not constructed rather rapidly. The measurement data
can be used as a feature table; however, it requires
strong constraints, such as the need to used identical
measurement equipment and measurement condi-
tions. To share the feature table across a variety of
material development processes, we believe that the
features of the peak that are robust with respect to the
measurement equipment and conditions are required.
Thus, there is a need for a fully automated peak
separation method in case of XRD data.

In recent years, XRD data analysis methods have been
proposed for the automatic extraction of material infor-
mation [4-7]. These methods are remarkably effective
for XRD analysis of well-known materials and experi-
mental systems. However, they require an organized
database or a large dataset. In addition, they strongly
reduce the XRD data to the lattice parameters. This
reduction is stronger than the peak extraction. As
a result, the peak parameters containing rich material
information cannot be stored in the material database or
utilized appropriately. Studies are actively attempting to
extract information from large datasets in XRD data
using multivariate analysis based on large-scale or non-
parametric models [8-12]. It is desirable to have a large
dataset with the same measurement conditions: slit size,
scan step, X-ray resolution, etc. However, such
a methodology may not be suitable for efficient sharing
of data and features from multiple locations/institutions.

This study aimed to develop a method for auto-
matically extracting high-intensity peak features. We
challenge peak feature extraction in the situation
where only the peak function profile is known
a priori, without knowledge of the measurement
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material or crystal structure factor. This study
demonstrated the effectiveness of the proposed fra-
mework in predicting the maximum energy product,
(BH),,,,» an important magnetic property in perma-
nent magnets such as neodymium. Our framework
first extracted the region of interest (ROI) for pre-
dicting the material property using partial least
squares (PLS) regression [13,14]. The PLS method
can perform multivariate analysis for predicting the
objective variables and hence can visualize the
important regions of the spectrum. PLS regression
generates latent variables based basis components by
linear projection of the input variables y,, and seeks
to minimize the error between the objective variable
tm and the output of a linear model with the latent
variable as input; PLS regression can provide us with
basis components and its coefficients in a linear
model. Then the proposed method extracted the
peak features in the ROIs. The proposed peak
separation method extracted peak features using
information from the peak tops only. This facilitated
the removal of the bias in peaks with a small base.
The framework rapidly provided the peak feature
from the XRD data by focusing on the peak top in
an ROI. Furthermore, this method was used to cal-
culate the accuracy of peak feature extraction using
Bayesian estimation [15-18].

In this study, (BH),,,, Was regressed using the peak
features based on the Bayesian linear regression model
with the feature selection [19]. This regression model
can estimate the probability of a feature being used in
the regression by pseudo-exploring all combinations
using the replica exchange Monte Carlo method
[15,20, 21-24]. Consequently, the proposed framework
indicated that the peak area and peak height of the 004
plane peak were important to predict the (BH),,,..
Therefore, our framework can provide highly interpre-
table analysis results by using peak features.

2. Data

2.1. X-ray diffraction data of neodymium
magnets by hot extrusion

We measured the XRD and magnetic properties, such
as the maximum energy product (BH),,. of
Neodymium magnets fabricated by hot extrusion. In

the dataset denoted as { (Dy, t,y) Y|, M is the number

m=1>

of data samples. In this paper, an XRD datapoint is
denoted as D = {(x,y)} = {(xn,yn)}g:1 where N is
the number of data points, and a data point (x,, y,)
indicates the observation angle 20 [degree] and inten-
sity [counts], respectively. Figure B2 shows a part of the
measured XRD data. The symbol t = (t;,t,,...,ty)"
denotes the magnetic properties, for example, the max-
imum energy product (BH)

max*
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In this measurement data, the number of XRD data
was 176, and one XRD dataset had 9000 data points.
The range of the observation angle 26 was 10.0-100.0
[degree], and the observation step was 0.01 [degree].
The intensity unit of XRD datapoints was the counting
unit [counts].

3. Concept

Concept of our method is that the peak feature extrac-
tion from the measurement XRD data and the predic-
tion of properties from the peak feature extraction are
consistently performed by Bayesian estimation frame-
work without any crystal phase information at all.
Figure B1 shows a schematic diagram of our analysis
procedure. As shown in the Figure B1, it is important
to perform the step of projecting the measurement
data into the peak feature space. It allows for a highly
interpretable and robust analysis. In particular, we
focused on the peak features to achieve high interpret-
ability. To realize the construction of feature tables,
the proposed method extracted peak features for ROIs
with large peak intensities. This method estimated the
posterior distribution of the peak features by extract-
ing the peaks through Bayesian estimation using the
replica exchange Monte Carlo method. This facilitated
discussions on the estimation accuracy of the
extracted peak features. Furthermore, the method pro-
vided analyst-independent global solutions so that the
extracted peak features were less analyst-dependent.
In addition, we regressed a material property on the
peak features using Bayesian linear regression with
feature selection. Thus, the proposed method provides
peak extraction and regression analysis based on a full
Bayesian framework.

4. Result and discussion

In this study, we constructed an ML-ready peak feature
table from XRD data following three steps. Figure B3
shows the schematic of the three steps: (Step 1) Peak
regions of interest (ROI) extraction, (Step 2) XRD peak
decomposition using Bayesian estimation, (Step 3)
Bayesian linear regression with feature selection. This
section discusses the results of Step 2 and 3. We
described the results of Step 1 in Appendix B.1 since
Step 1 is a subordinate claim of this paper.

4.1. Peak feature extraction using peak-top
fitting

Extracting peak features is crucial for the understand-
ing of humans. This sub-section presents the results of
XRD peak fitting. The peak decomposition model is
described in Appendix A.1. describes the setting of the
prior distributions in the Bayesian estimation of the
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peak features. In the defined model, we set the inten-
sity spread oy, the position spread o., width mode y,
and width spread o, as the hyper-parameters of the
prior distribution. We set the hyper-parameters of the
prior distribution to o, =2.0, 0. =1.0, y, = 0.1,
0, = 0.2. Our method extracted peak features focus-
ing on the four ROIs. We performed peak fitting by
assuming the existence of one dominant main peak in
the ROI for improved interpretability and high calcu-
lation throughput. Thus, the fine structure of the peak
hem was not considered in this study.

However, if the minor peaks cannot be assigned,
a bias is observed in the estimation of the major peaks.
Therefore, in this study, a method was developed to
automatically extract the major peak features. In this
case, the bias of the minor peaks was removed by using
information related only to the peak tops.

Figure B4 presents an example of the peak fitting
result of our method. In this study, we performed peak
fitting using 30 points around the peak top. In this
figure, the gray scatter plot indicates all data points,
and the blue, orange, green, and red peaks are the
fitted peaks. We indexed the peaks in order from the
low-angle side. As shown in Figure B4, the extracted
four peaks well represented the characteristic of high-
intensity diffraction peaks. We describe the posterior
distribution of this fitting in the Appendix B.3. Our
method transformed 9000 observation data points
into 12 parameters © = {hy, cx, o[k = 1,..., K = 4}
by peak fitting. We extracted the peak features exhi-
biting a Bayesian posterior distribution from 176 XRD
datapoints in approximately 180 minutes, despite the
sequential analysis of XRD data. Therefore, our
method facilitated obtaining peak features with con-
fidence intervals in approximately 1 minute. We
shows the heatmap of the peak feature table in the
Appendix B.4.

Peak features are robust to measurement perturba-
tions and statistical noise. Multivariate analysis, which
is often used, provides us with a mixture of spectral
changes originating from the measurement environ-
ment and those linked to the material properties.
Therefore, it is not always the case that all of the
basis spectral shapes are linked to the properties. Our
proposed framework projects spectra into semantic
space (position, height and width) by introducing
a simple Bayesian peak separation. We then use
Bayesian linear regression to perform feature selection
in the property prediction task exactly. Our method
allows us to isolate each peak and its shape parameter
and discuss its correlation with the properties. In
addition, when we know the resolution of the instru-
ment, the peak features are easy to correct. In contrast,
features in spectral space are more difficult to correct
than peak feature. Moreover, our method allows us to
normalize each peak feature separately by converting
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it to a table of peak features. This allows us to treat
large and small changes in the peaks equally.
Normalizing the measured data by 26 would overem-
phasize the observed noise in the lower intensity areas.

If we consider 28 space (measurement data) as
is the feature without considering z, its dimension
is 9000. We can reduce the dimension of features
from 9000 to dozens (16 dimensions in this case)
by Bayesian peak separation in a simple model. By
converting to a table of peak features, the charac-
teristics of each peak can be normalized sepa-
rately. This allows for treating changes in large
and small peaks equally. If the measurement data
were normalized by 20, observation noise would
be overemphasized in areas of low intensity.

We also considered the peak area a; as a peak fea-
ture. In this study, we denoted the feature vector for
material properties as z = {h, ¢, o, aklk = 1,

..,K=4}. In the next sub-section, we present the
results of Bayesian linear regression for (BH), __ using
peak features.

max

4.2. Bayesian linear regression with feature
selection

This sub-section shows the prediction of the magnetic
property (BH),,,. using the peak features. In particu-
lar, our method automatically selected the peak feature
needed to perform predictions using Bayesian estima-
tion. We described the Bayesian linear regression
model in Appendix A.2. In this study, we set the
variance A~' to 0.05. Further, we used the replica
exchange Monte Carlo (REMC) method in sub-
section A.3 to sample from the poster distribution
p(g,wlt,z). As a result, we estimated the optimal
noise level (the optimal inverse temperature) using
Bayesian free energy.

Figure B5 shows the prediction results of the magnetic
property (BH),,.. using the peak features. As shown in
Figure B5, the regression results were reasonably good.
This good regression result was achieved with only four
features {hy,a;,h;,a;} estimated by feature selection
using our method. The feature subset {h;,ay,hs,a;3}
indicates the peak area and height of peaks 1 and peak
2, respectively.

Figure B5 shows the ranking of peak feature com-
binations. The x- and y-axes denote the feature labels
and probability, respectively. The color indicates the
estimated weight coefficients for each combination.
This figure presents the rankings from 1-15. The
combination on the left had a higher ranking. The
regression results for the leftmost combination on
are same as those shown in Figure B5. As shown in
Figure B6, the feature hs, a; is an important feature
that is essential for prediction because the features h;
and a; were frequently used in higher rankings.
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Similarly, the features h; and a; are also considered
as comparatively important features.

Comparison with the reference peak list of the
Nd,Fe;4B phase, the main phase of the Neodymium
magnet, shows that peaks 1 and 3 correspond to the
c-planes of 006 and 004, that is the axis of easy magne-
tization. Then we considered the weight coefficients of
the 004 peak area and height, which were the most
important features to predict (BH),,,.. The sign coeffi-
cients of the area and height were positive (red) and
negative (blue), respectively, indicating that the low
peak height and large peak area are expected for high
(BH), .- This suggests that decreasing crystallite size
improves (BH),,,.. Thus, our method provided highly
interpretative results because it extracted the peak fea-
tures and selected a few peak features for predict-

5. Limitation and scope

Our framework calculated the features by focusing on
ROIs with large peak intensities to accelerate the pro-
cess and eliminate the intentional genre of an analyst.
Therefore, our framework did not consider small
peaks of intensity. Thus, the method cannot extract
important features if small amounts of impurities con-
tribute significantly to the material properties.

The proposed method required a certain number of
ROIs to be the focus of attention. The larger the
number of ROIs considered, the more likely it is to
obtain important features, although this increases the
computational complexity of feature extraction. It is
recommended to set the number of ROIs at an accep-
table computational cost.

6. Conclusion

Our framework was developed to perform peak fea-
ture extraction from XRD data and regression analysis
with feature selection on material properties using the
peak features, all using Bayesian estimation. By using
Bayesian estimation, the reliability (Bayesian posterior
distribution) of the extracted features and regression
results can be discussed. In addition, in this method,
the peak features were extracted robustly by focusing
only on the peak tops of the peak regions of interest.
As a result, an MI-corresponding feature table of
major peak features can be constructed from the
XRD measurement data.

We applied our framework to XRD data of
Neodymium magnets. We extracted the peak features
with Bayesian posterior distribution from 176 XRD data-
points in about 180 min even though XRD data was
analyzed in sequence. Therefore, our method enabled
us to obtain peak features with confidence intervals in
approximately 1 min. The magnetic properties were
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subjected to Bayesian linear regression using the
extracted peak features and reasonably good regression
results were obtained. The peak height and peak area of
the 004 and 006 peaks were important as the necessary
features, which were reasonable and interpretable.
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Appendix A. Method

A.1. Model — Fitting model for peak features

We consider the observation process of the XRD data. The
XRD data y, € N were observed from a Poisson distribution
P(yulfx) with the profile function f, = f(x,; ©) as expected

value:

fret
P! '

Np()@t'fn) = (Al)

The profile function f(x,; ©) can be represented by linear
sum of the peak signal S(x,; ©) and the background B(x,):

f(xn;©) = S(x,;0) + B(xy), (A2)

where (x,,y,) denotes the measured data points, the func-
tion S(x,; ©) denotes the peak signal, the function B(x,)
denotes the background, and O is the profile parameter set.

The peak signal S(x,; ©) can be represented by a linear
sum of the peak functions, which is the Voigt function

V(x,) [21]:

K
=) IV (x5 ¢k, 0%), (A3)
k=1

S(xn; 9)

00
G(«'; ¢k, %) L(x

—00

where V(x,; ck, 0x) = J w — X'k, o )dx’.

(A4)

The most common profile functions are the Voigt function
V(x,), which is a convolution of the Lorenz and Gauss
functions, and the Pearson VII function, which is a general-
ization of the exponential part of the Lorenz function [22].
We employed the forked function, which is the most com-
monly used.

The integer value K is the number of peaks, and the
parameter set © is © = {hy, ¢k, ak}le. The functions
G(x,) and L(x,) are the Gaussian and Lorentzian functions,
respectively. Although Gaussian and Lorentzian widths are
often defined with different parameters, they are defined
with the same parameters for simplicity in this study. This
method focuses only on peak tops in order to easily separate
peaks in XRD data. Therefore, since the hem of the XRD
peak cannot be discussed, a model focused on extracting
only the width of the peak profile was applied. The esti-
mated parameter set 6 corresponded to the peak features
for predicting material properties.

We present a set of prior distributions as follows:

h~G(hiln = n(wy, on), 0 = 6(wy,, o)),
CkNN(CkL“ =U,0= Uc);

0x~G(oxln = n(u,, 95),0 = 6(u,, 05)),

where the probability distributuin G(7, 6) and N (u, o) are
the Gamma and the Gaussian distributions, respectively.
The parameters # and 0 are shape and scale parameter of
the Gamma distribution, respectively. Here, the functions
0(u, 0) and 5(u, 0) calculated the shape and scale parameter
of the Gamma distribution from the mode y and the var-
iance o2, respectively. The functions (g, ¢), n(y, o) can be
expressed as follows:

R. MURAKAMI ET AL.

O(u,0) = % (—/4 +\/u+ (20)2> :
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Note that this variance 0 and peak width o have different
meaning.

As the peak height and width have positive values: h; €
R" and o, € R, we set the Gamma distribution to a prior
distribution of hj and ox. We set the position (angle) and
intensity of maximum value in the ROI to y_ and y,. We
estimated the background B(x,) using pybaselines [23]
before peak extraction. The pybaselines can perform back-
groud estimation with model-free by the iterative least
squares method mostly.

A.2. Model — Bayesian linear regression with
feature selection

The linear regression model with feature selection is repre-
sented by an output tm, an input (features) vector z,, € R”,
indicator g € {0,1}" [24], the weight coefficients w € R,
and statistical noise ¢, as follows:

tm = (go W)sz + &, (A5)

where the operation o denotes the Hadamard product. In
this study, statistical noise ¢,, followed a Gaussian distribu-
tion with variance 1~': &, ~N (&,]0,A7").

Therefore, the probability distribution of the output £, is
represented as follows:

p(tmlg, W, zm) = N (tml(g o W)sza)rl) (A6)

The prior distribution of the weight coefficients p(w) was set
to an uninformative broad distribution. The prior distribu-
tion of the indicator p(g) is the Bernoulli distribution with
the Bernoulli distribution with the expected value of 0.5.

The poster distribution of parameters w, g is represented
as follows:

M
p(w,glz,t) o p(w P(tmlg, W, 2m), (A7)
m:l
M
o [T N (tml(gow) zm A 7). (A8)
m=1

This study approximated an exhaustive state search by sam-
pling the indicators g using the replica exchange mcmc
method.

A.3. Algorithm — Replica exchange Monte-carlo
method

We performed posterior visualization and the maximum a
posteriori (MAP) estimation through sampling from the
posterior distribution. A popular sampling method is the
Monte Carlo (MC) method, which may be bounded by local
solutions for cases when the initial value is affected or the
cost function landscape is complex.

Therefore, the replica exchange Monte Carlo (REMC)
method [15, 20] was used to estimate the global solution.
For sampling using the REMC method, a replica was pre-
pared with the inverse temperature  introduced as follows:



Sci. Technol. Adv. Mater. Meth. 4 (2024) 7

p(6ly; B = B,) = exp(—B,E(6))p(6), (A9)

where the function E(0) denote a loss function, this is, a
negative log likelihood with a parameter set 6. The inverse
temperature $is 0 = 3, <f3, < --- <f <, = 1. For each
replica, the parameters were sampled using the Monte Carlo
method.

Appendix B. Supplement

B.1. Extraction of peak regions of interest (ROI)

The proposed framework first extracted the ROIL In this
study, we used PLS regression. We provided a detailed
explanation of PLS regression in Appendix B.2. PLS regres-
sion reduces the dimensionality of the input data to latent
variables based from which the objective variable (material
properties) can be predicted. We decided that the ROIs
should be those with information that could predict the
objective variable. We removed the background from the
XRD data as a pre-processing step for the PLS regression
since there was no significant change in the background in
the present XRD dataset. We removed the background
using pybaselines [23] before performing PLS regression.
The pybaselines can perform backgroud estimation with
model-free by the iterative least squares method mostly.

Figure B7 shows the basis components obtained by PLS
regression. A correlation with the objective variable ¢, was
observed. We present the results of the PLS regression. Figure
B7 (a) show the 1st PLS component. We show the peak search
results in the 1st PLS component with red dots. We show
some XRD data for reference in Figure B7 (b). We performed
peak detection using an absolute intensity threshold of 20% of
the maximum absolute intensity of the PLS basis. As shown in
Figure B7, there were four diffraction angle regions (ROI) of
high component intensity. We analyzed the four regions of
interest (ROI) obtained by peak search.

We could consider using all the peaks that can be
detected. However, it would take an enormous amount of
time to compute all peak features with confidence intervals
(Bayesian posterior probability) using Bayesian inference.
Moreover, if the presence or absence of fine peaks is esti-
mated, it is difficult to make a feature table with organized
peak assignments. Using all peaks would result in a very
high-dimensional space, and there is a large risk of falling
into a local solution. Our framework aims to extract and
utilize local information but robust features rather than
sensitive features that can lead to various local solutions
depending on initial values. We have incorporated the
extraction of peak features into our framework by narrow-
ing down the region of interest and utilizing a exact
algorithm.

In this step 1, it is doesn’t matter to just specify K high
intensity peaks. For example, the number of peaks K can be
determined by the required computation time. Our frame-
work is not limited to using PLS regression as step 1. On the
other hand, this study uses PLS regression, which uses
information on property properties, to select regions of
interest. Therefore, it is possible to detect areas of sensitivity
to the property. For example, a peak with a large intensity
will not appear in the basis component of a PLS regression if
it is completely insensitive to changes in properties.

This study focused on the four ROIs and performed the
XRD peak decomposition. The result of peak decomposition
is presented in sub-section 4.1.
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In this study, we used the four peak regions of interest. If
the regression is not successful with only the peak features in
these regions, it is possible to lower the threshold for peak
detection and utilize more fine peaks. Our method can
evaluate the effectiveness of the focused peak features by
performing Bayesian estimation of the peak features and
properties. This method is also capable of searching for a
better peak regions of interest by repeating the three steps.

B.2. Partial least squares regression

The partial least squares regression, which is known as PLS
regression, is one of the regression analysis methods for
linear models [13,14]. The PLS regression is a method that
is very similar to the principal component analysis (PCA),
which is a well-known dimensionality reduction method.

The main difference with PCA is that the PLS conversion
is supervised. PCA extracts principal components so that
the variance of the latent variable is maximized, while PLS
extracts principal components so that the variance of the
latent variable and the objective variable is maximized. In
PCA, fluctuations in data that are not related to material
properties, such as fluctuations caused by measuring equip-
ment, also affect the extracted principal components. PLS
has the advantage of being able to extract the principal
components that are correlated with material properties.

The aim of PLS regression is to extract latent variables
U € R from target variables t € R and explanatory
variables Y € R™N which is spectrum in this case. The
integer value L denote the dimension of the latent variable.
We give the basic formula for PLS regression below:

Y=> up/ +d=UP" +d,
' (B1)

L
t = wq +e=Uq+e,
=1

L

I

where p; € RY denote I-th basis spectrum described with
latent variable #; € R™. The vector p; is generally referred to
the I-th loading. The vector q € R" is the coefficients to
convert from u; to target variables ¢. The vectors d and e
denote the reconstruction error of the spectrum Y and the
regression error of the target variable t. Note that PLS
regression assumes noise d which follows a Gaussian dis-
tribution, which is not an appropriate modeling from the
perspective of the observation process. It is important to
develop PLS regression that assumes noise that follows a
Poisson distribution, and this is a topic for the future.

Assuming that u; can be expressed as a linear combina-
tion of Y, we express u; as follows:

u = YW[. (BZ)

First, we calculate the first (I = 1) principal component
u;. We determine ¢ to maximize the covariance (tTul)
between t and u; subject to || w; ||= 1. The vector w; can
be calculated by w; = Y't/ || Yt || from the method of
Lagrange multiplier. After obtaining w;, we calculate u,;
using the equation 11. Then, we calculate p, and g; to
minimize the residual sum of squares d and e by p, =
Y'u,/ | ufuy || and g1 = t"uy/ || uluy || from the least
squares method. Through this process, we can calculate
the first principal component.

Second, we calculate the partial data Y\j, £, that cannot
be expressed by the first principal component:
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Y\1 =Y -— ulplT, t\l =t— uiqx. (12)
By applying a similar process to the partial data Y\, #;, we
calculate the second (I=2) principal component.
Subsequently, we can calculate the third principal compo-
nent and beyond (I > 3) in the same way.

B.3. Posterior distribution of peak parameters

Figure B8 shows the history of the cost function (the nega-
tive log-likelihood) and posterior distribution of each peak
parameter: (b) peak height, (c) peak position, and (d) peak
width. Figure B8 corresponds to the fitting in Figure B4. We
performed burn-in on 3000 samples, and then performed
production sampling on 2000 samples. A total of 5000 MC
sampling steps were performed for fitting of one spectral
datapoint. To reduce the correlation between samples, we
visualised the posterior distribution using the history of
1000 MC samples at one sample interval. As shown in
Figure Figure B4 (b)-(d), we believed that the posterior
distributions had sufficient sharpness to use material
description feature. In particular, peak positions were esti-
mated with high precision. If the posterior distribution is
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very broad, we can eliminate this feature from the explana-
tory variables. Our method can provide a posterior distribu-
tion for discussing the reliability of the features.

B.4. Peak feature table

Figure B9 shows the heatmap of the feature vector standar-
dized at each feature. The x- and y-axes show the index of
XRD data and label of a feature, respectively. The suffix of
the feature label denotes the peak index. The heatmap was
sorted by (BH),,,. values. In this figure, warm colors exhib-
ited a larger value and cold colors had a smaller value. This
figure shows the ML-ready table data. This figure shows a
low-dimensional feature representation of high-dimen-
sional spatial data projected through a peak model to a
lower dimension by Bayesian estimation. The machine
learning (ML)-ready feature table is the table data that is
able to input to the ML library such as Scikit-learn. This
corresponds to the mid-level (features) z of the three-step
data-driven analysis strategy in Figure B1. It can also be
understood as a projection of high-dimensional XRD mea-
surement data into an interpretable variable space.
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Figure B1. Schematic diagram of our analysis procedure.
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Figure B2. Part of measured X-ray diffraction (XRD) datasets of Nd,Fe;4B magnets under various hot extrusion conditions. The hot
extrusion temperature Tey [°C] and load limit Fey [kN] for each data are shown as follows: [(a) Text = 750, Fext = 70, (b) Texe = 750,

Fext =100, (C) 7-ext =750, Fext = 60, (d) Text =750, Fext = 60, (e) Text =750, Fext =50, (f) Text =775, Fext =50, (9) Text =775,
Fext =50, (h) Text =750, Fext =50, (') Text =775, Fext =50, (J) Text =750, Fext = 35].
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Step2: XRD peak decomposition
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Figure B4. One example of XRD peak fitting focused on peak top in ROIs.
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Figure B5. Results of Bayesian linear regression with feature selection. XRD peak features were used as explanatory variables.
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Figure B6. Results of feature selection by Bayesian linear regression. The parameter a3 are suggested as the most possible from

the regression.
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Figure B7. Results of PLS regression to extract peak regions of interest (ROI). (a) Basis component obtained by PLS regression. Red
dots denote the peak search results in the 1st PLS component. (b) Some XRD data for reference.
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Figure B8. (a) History of cost function (the negative log-likelihood) and (b)-(d) Posterior distribution of each peak parameter: (b)
peak height, (c) peak position, and (d) peak width. This figure corresponds to the Figure B4. In this figure (b)-(d), the colors denote
peak ID.

100 AL 1A A R L5
0 R 1S AR 01

LA AT AT |
W1 NI 1 LAY 0
| 1001 A os
CUVCTLE L0 L LML § A |
L R WA AT

LU LU R AL BE A 0.0
SR (LA 11

BT 0 ~0

=
o

Intensity of peak parameters

|
=
o

I
MU I L I
M -5
L UEUR (R TELAT SR MO AR L L

Figure B9. ML-ready XRD peak feature table built on our framework. The x-axis denotes the index of data. The suffix of the feature
label denotes the index of peaks. The heatmap was sorted by (BH),,,, values.



	Abstract
	Abstract
	1. Introduction
	2. Data
	2.1. X-ray diffraction data of neodymium magnets by hot extrusion

	3. Concept
	4. Result and discussion
	4.1. Peak feature extraction using peak-top fitting
	4.2. Bayesian linear regression with feature selection

	5. Limitation and scope
	6. Conclusion
	Disclosure statement
	Funding
	ORCID
	References
	Appendix A. Method
	A.1. Model — Fitting model for peak features
	A.2. Model — Bayesian linear regression with feature selection
	A.3. Algorithm — Replica exchange Monte-carlo method
	Appendix B. Supplement
	B.1. Extraction of peak regions of interest (ROI)
	B.2. Partial least squares regression
	B.3. Posterior distribution of peak parameters
	B.4. Peak feature table

