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Abstract

Nuclear fission energy accounts for 10% of the total energy generated. As it does not emit greenhouse gases, it is
considered a leading sustainable energy source. However, radioactive anions can be released through sewage,
causing mutations and cancer in living organisms, which leads to severe disruption in marine ecosystems.
Specifically, radioactive iodine is one of the seven long-lived nuclear fission products, with a half-life of 15.7
million years. A basic Layered Double Hydroxide (LDH) was previously developed to adsorb radioactive io-
dine. To address its limitations, the high-entropy effect was proposed as a solution to the challenges associated
with using the basic LDH structure. High-entropy materials are composed of various elements, allowing the
design of materials with high efficiency and stability suitable for specific applications. However, this approach
results in an immense number of possible compositions to explore, and the limited experimental data reported
so far restricts conventional exploration methods. In this study, machine learning was utilized to explore qua-
ternary and quinary LDH compositions for radioactive iodine adsorption. As a result, Cul(CrFeAl)1 was iden-
tified as the LDH composition with the highest adsorption performance, increasing the previous maximum
performance of 89.1% to 91.8%, all while exploring less than 1% of the total experimental space. This work
demonstrates and analyzes high-entropy LDH with outstanding iodate adsorption performance and validates
the efficiency and feasibility of this approach. It has the potential to be a pioneer in anionic pollutant adsorption

materials, ultimately contributing to environmental preservation.

1 Introduction

1.1 Research Background and Purpose

In the nuclear fission process of 23°U, radioactive isotopes
of iodine, 1311 and 1?°1, are generated as byproducts. The
record T is one of the seven long-lived fission products. If
radioactive iodine is released to the outside, the high energy
of the radiation can have a serious impact on the food chain
of the ecosystem, greatly increasing the possibility of genetic
mutations. The same applies if it enters the body; the possibil-
ity of causing cancer, such as thyroid cancer, increases signifi-
cantly. 12T has extremely long half-life of approximately 15.7
million years. Thus, once it is released, natural decomposition
hardly occurs without an artificial adsorption process.

Radioactive iodine exists in the form of iodide ion (I7) or
iodate (IO3) in radioactive wastewater. Unlike I, no sub-
stance can effectively remove 10;". Attempts were made to
use silver-based zeolites or activated carbon to adsorb it, but
there are clear limitations in terms of cost efficiency, environ-
mental safety, and adsorption efficiency [1]. To solve this, lay-
ered double hydroxide (LDH) was selected as the adsorption
material in this study, and high entropy ceramic (HEC) made
of various elements was utilized to further increase the ad-
sorption capacity. Lastly, machine learning (ML) was used to
secure the reality and efficiency of the research while also con-
ducting the research. This study presents a new methodology
for developing an adsorbent for radioactive 105 by utiliz-
ing high-entropy materials and machine learning. This is ex-
pected to be an effective approach to overcome the limitations
of existing adsorption technologies and solve the problem of

environmental pollution caused by radioactive substances.

1.2 Theoretical Backgrounds
1.2.1 Layered Double Hydroxide (LDH)

Layered double hydroxide (LDH) is a material with a
unique structure in which cation layers and anion layers are
alternately stacked as shown in Figure 1. Having excellent
anion exchange capacity, it exhibits high adsorption perfor-
mance. LDH forms an octahedral structure, where a central
metal ion in the cation layer is surrounded by OH™ and can
incorporate over 15 metal elements [2].

M2+/3+ (OH)Z
Octahedral unit

Anions

Figure 1: Layered Double Hydroxide
2+ N3+ o
[ME* M3 (OH) | (A" )y - mH 0 ()

Here, M2t and M3* are divalent and trivalent metal
cations, respectively, and A is an interlayer anion. These struc-
tural characteristics of LDH suggest the possibility that it is
suitable for adsorbing anionic substances such as radioactive
iodate (IO;). However, previous adsorption studies using
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LDH have pointed out the limitations of the insufficient ad-
sorption capacity and the reversal of selectivity, where other
anions are preferentially adsorbed over iodate.

1.2.2 High Entropy Ceramics (HECs)

High entropy ceramics refer to systems in which five or
more elements are each composed of 5-35 atomic%. In terms
of compositional entropy, it refers to materials with an en-
tropy value of 1.6R or higher, where R is the gas constant.

Figure 2: High Entropy Ceramics

These high-entropy ceramics can exhibit superior prop-
erties compared to other materials based on high entropy.
High thermal and structural stability and being multifunc-
tional are such properties. These properties originate from
high-entropy effect, cocktail effect, grid distortion effect, and
sluggish diffusion effect. Thus, it is expected to highly en-
hance the performance when integrated with LDH [3].

1.2.3 Machine Learning (ML)

Machine learning (ML) is a technology that identifies and
analyzes correlations in massive data to predict results. It
learns testing data, creates multidimensional, multivariable
functions that represent tendencies, and performs predictions
by fitting the functions to inputs. The two machine learning
methods used in this study are Classification and Regression
[4].

The classification model dichotomizes data according to
criteria and defines a decision boundary while learning train-
ing data. It produces an output, which is a classification result
for inputs that have not yet been determined. The classifica-
tion model mainly evaluates the validity through indicators
such as accuracy, precision, recall, and F1 score. Representa-
tive classification models are Decision Tree, Random Forest,
and Support Vector Machine, and these three models were
utilized in this study.

A decision tree divides data into two based on the ques-
tion that can best distinguish the data in a single classification,
and determines the area to which the variable corresponds by
repeating this in each category. Random forest classification
is a method that uses multiple decision trees to generate and
train a certain number of classifiers that use the same algo-
rithm to make decisions [5]. A support vector machine (SVM)
classifies data by determining the support vector that can best
divide input data with different values.

The regression model, on the other hand, learns the rela-
tionship between x and y of the training data, generating a
multidimensional vector function with real values as output

values. Itis used to predict continuous data. The validity eval-
uation measures of the regression model include the mean
absolute error, RMSE, and coefficient of determination (R2).
Representative regression models are Random Forest [Equa-
tion (2)], Linear [Equation (3)], Ridge [Equation (4)], and Sup-
port Vector Regression [Equation (5)], and these four regres-
sion models were utilized in this study.
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Machine learning is very effective in analyzing complex
and massive data that humans cannot handle, and predict-
ing new data or making decisions based on this. In this study,
we utilized the advantages of machine learning to predict ad-
sorption capacity in complex multi-element systems and ex-
plore optimal combinations. Through machine learning, we
were able to efficiently explore the astronomical combination
possibilities that arise from the various compositions of the
central metals in the LDH cation layer.

2 Research Methods

2.1 Synthetic Composition Selection Using Machine
Learning (ML)

ML model code was written to predict quaternary and
quinary compositions with high IO; adsorption perfor-
mance. The models were trained with binary and ternary
LDH data of synthesizability index (SI) and adsorption capac-
ity. These model then predict the synthesizability, and among
the quaternary and quinary composition that are expected to
be synthesized using classification models, 10, adsorption
capacity of them was predicted using regression models. Re-
fer to Figure 3 as an example. Previously mentioned models
were used and the validity of them was precisely analyzed
using the indicators.

w Training

80

Cu, Cr, Fe, Al
81.85325539429999
Ni, Cu, Cr, Al
81.18867426199996
Ni, Cr, Fe, Al
80.6494164926001

Prediction

40 60 80
Ground Truth

Figure 3: Output example of machine learning results

Among a total of 12 model combinations using three clas-
sifications and four regression models, the quaternary and
quinary compositions showing the highest adsorption perfor-
mance for each model were selected. [Table 1-2].



2025 Regeneron ISEF

Jiyeong Jeong, Bokyoung Joo, One Choi

Table 1. Composition with the highest predicted adsorption
capacity and its value in quaternary system

Classifi- Regression Model
cation Random . X
Ridge Linear SVM
Model Forest
Cu, Cr, Ni,Cu, Ni,Cu, Ni,Cuy,
Random
Fe, Al Cr, Al Cr, Al Cr, Al
Forest
81.85 93.67 98.90 86.48
.. Ni,Cu, Ni,Cu, Ni,Cu, Nij,Cu,
Decision
Tree Cr, Al Cr, Al Cr, Al Cr, Al
86.48 93.67 98.90 86.48
Cu, Cr, Ni,Cu, Ni,Cu, Ni, Cuy,
SvC Fe, Al Cr, Al Cr, Al Cr, Al
81.97 93.67 98.90 86.48

Table 2. Composition with the highest predicted adsorption
capacity and its value in quinary system

Classifi- Regression Model
cation | Random . X
Ridge Linear SVM
Model Forest
Ni, Cu, Cr, Co, Ni, Cu, Co,Ni, Cu, Co, Ni, Cu,
Random
Fe, Al Cr, Al Cr, Al Cr, Al
Forest
80.45 91.62 97.47 90.97
. Ni, Cu, Cr, Co,Ni, Cu, Ni, Zn,Cr, Co, Ni, Cu,
Decision
Fe, Al Cr, Al Al, Bi Cr, Al
Tree
80.85 91.62 102.25 90.97
Ni, Cu, Cr, Co, Ni, Cu, Co,Ni, Cu, Co, Ni, Cu,
SvC Fe, Al Cr, Al Cr, Al Cr, Al
80.85 91.62 97.47 90.97

As a result, the quaternary composition (Ni, Cu, Cr, Al)
and (Cu, Cr, Fe, Al) were predicted to have the highest ad-
sorption performance, along with the quinary composition
(Co, Ni, Cu, Cr, Al), (Ni, Cu, Cr, Fe, Al), and (Ni, Zn, Cr, Al,
Bi). Here, the composition (Ni, Zn, Cr, Al, Bi) was predicted
not to be synthesized empirically. Therefore, these four were
selected as compositions to be verified through actual exper-
iments. For a control group, (Ni, Cu, Fe, Al) and (Ni, Zn, Cr,
Fe, Al), selected through a trial-and-error method, were used.

Table 3. Selected compositions

No. Composition Method
#4.1 (Ni, Cu, Cr, Al) ML

#4.2 (Cu, Cr, Fe, Al) ML

#4.3 (Ni, Cu, Fe, Al) Trial-and-Error
#5.1 (Co, Ni, Cu, Cr, Al) ML

#5.2 (Ni, Cu, Cr, Fe, Al) ML

#5.3 (Ni, Zn, Cr, Fe, Al) Trial-and-Error

2.2 Ceramic synthesis of six compositions
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Figure 4: Schematic diagram of co-precipitation method

1.5 M divalent metal hydrate (Co, Ni, Cu, Zn) aqueous
solution, 0.5 M trivalent metal hydrate (Cr, Fe, Al) aqueous
solution, 1 M NaOH, and 0.5 M Na;COj3 basic solutions to be
used in the synthesis were prepared.

LDH ceramic synthesis was performed using the copre-
cipitation method-most common LDH synthesis method.
Schematic diagram of it is expressed in Figure 4. At this stage,
the ratio of [M2+] to [M31] is 3 : 1, and metals of the same va-
lence must be equimolar. Maintaining a 3 : 1 concentration
ratio, 10 mL of each solution was combined, totaling 20 mL.

After thoroughly stirring the prepared solution with a
magnetic bar, the pH was adjusted to 8-10, the optimal range
for LDH synthesis, using a pre-prepared alkaline solution (1
M NaOH, 0.5 M NayCO3) [10, 11]. The solution was then
stirred for 4 hours. Each of the three pots synthesized for each
composition was combined, and the solution was washed 7-8
times until the ion conductivity of the supernatant was re-
duced to below 100 1S/cm. The samples were then dried in
a vacuum oven at 70°C for 24 hours. The dried samples were
ground using a mortar and pestle to standardize the particle
size to less than 150 ym, then collected and stored in a vial.
Refer to Figure 4 for representation of the process.

Composition Alkali Volume  pHjpuitia) PHfinal
(NiCu)3(CrAl)q 23 mL 8.94 +0.17 7.80 £ 0.24
Cus(CrFeAl); 23 mL 8.61 +£0.28 8.26 +0.23
(NiCu)3(FeAl)y 23 mL 8.37 £ 0.39 7.69 £ 0.24
(CoNiCu)3(CrAl)q 21.5mL 8.76 £ 0.09 7.25 1+ 0.24
(NiCu)3(CrFeAl); 21 mL 7.75+0.55 7.19 4+ 0.29
(NiZn)3(CrFeAl); 21.5mL 8.58 +0.31 6.82 £ 0.56

Table 4. Chemical Composition Table (Category as Columns)

2.3 Verification of LDH synthesis through multiple
analyses

XRD analysis was performed to verifty that composite
was synthesized as the target LDH phase [12]. Measurements
were taken once every 0.01° at a rate of 1° per 10.0s from
5° to 80°. In order to avoid charge accumulation, approxi-
mately 13 nm of platinum coating (5 mA, 200 s — 13 nm)
was performed and then analyzed [15]. SEM-EDS analysis
was performed to evaluate the surface shape of the composite
and whether each metal component was evenly distributed
within the powder and synthesized [13-14]. ICP-OES analy-
sis was performed to verify the mole ratio of [M?*] : [M3*]
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is 3 : 1 and if the metals of the same valence were equimolar
[16].

2.4 10; adsorption experiment
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Figure 5: Schematic Diagram of Iodate Adsorption Process

0.02g/10mL

First, a 10 ppm 105" solution was prepared. The concen-
tration of the prepared NalO3 solution was re-verified as 10
ppm using UV-Vis spectroscopy. In addition, 0.02 g (+0.001 g)
of the synthesized sample was placed in four 15 mL tubes (1
DI water + 3 10 ppm 105 solutions) for each composition. 10
mL of 10 ppm NalO3 solution was placed in each 15 mL tube,
and adsorption was performed in a stirrer for 72 hours. Af-
ter the adsorption test, the treated water was filtered through
a 0.45 um PTEFE filter for each sample to separate it from the
remaining powder and stored in a new conical tube.

2.5 Evaluation of the IO; adsorption performance
of synthesized quaternary and quinary LDHs
through various analyses

SEM and EDS mapping were performed to confirm how
I0; was spatially adsorbed in the LDH sample. To con-
firm whether new bonds were formed by 10, adsorption,
the binding environment was analyzed through Raman spec-
troscopy [17]. In order to quantitatively evaluate the adsorp-
tion performance of 105 of each LDH composition, the resid-
ual concentration of I0; was measured through ion chro-
matography.

2.6 Finding the most accurate ML model and im-
prove ML models

The most accurate ML model was explored by examin-
ing the RMSE and the error between the predicted and ex-
perimental values for both classification and regression mod-
els. To address imperfect accuracy Bayesian hyperparameter
was incorporated. Additionally, the SI and adsorption capac-
ity of the synthesized quaternary/quinary compositions was
added to the input data to evaluate the improvement in the
model’s predictions. Furthermore, by incrementally adding
ternary data points to the binary training data, the evolution
of prediction accuracy for the ternary data was examined,
thereby investigating whether the dimensional gap could be
overcame.

3 Research Results

3.1 Results for LDH crystal phase

The crystal structure of the sample was confirmed using
X-Ray Diffraction (XRD). The results of XRD analysis on the

six synthesized LDHs are shown in Figure 6. The XRD inten-
sity of each sample was normalized to a value between 0 and
1 to be compared directly.

1. ’
3 —— — #5.3 NiZnCrFeAl
< M — #5.2 NiCuCrFeAl
-.‘E’ Pesssmenno — #51 CoNiCuCrAl
£ #4.3 NiCuFeAl
- R #4.2 CuCrFeAl
#4.1 NiCuCrAl

1020 30 40 S0 60

70 80  Kim Hyoung-Jun et al, Ceramist (2019)

Figure 6: Comparison of XRD results and peaks

Figure 6 shows the XRD analysis results for six samples.
Each peak is a unique characteristic depending on the crystal
phase of the material. As a result of our analysis, each synthe-
sized quaternary and quinary LDH was found to match the
LDH phase in the database (CugAly (OH)16COs3 - 4 H,O, PDF
card #: 00-037-0630). However, it should be noted that in this
experiment,

#4.2 (Cu)3(CrFeAl); was manufactured in the mala-
chite phase and the analysis was conducted using a
(Cu)3(CrFeAl); LDH sample previously manufactured un-
der the same conditions. Here, it was confirmed that the LDH
compounds was successfully synthesized as all representa-
tive peaks were identical to the peaks of LDH in the database,
and adsorption experiments were performed thereafter.

3.2 Evaluation of surface shape and element loading
of LDH

The surface shape of the material was confirmed using
scanning electron microscopy (SEM), and the distribution and
concentration of each element were evaluated using energy
dispersive X-ray spectroscopy (EDS). If a specific element was
charged locally, it cannot be said to have been synthesized
properly, and this may affect the adsorption capacity. (Figure
7-8) From Figure 7-8, it can be confirmed that the elements
are evenly distributed, and the at.% value of iodine (I) has
increased after adsorption compared to before adsorption. In
other words, it can be seen that the synthesized materials ad-
sorb I03.

69.7 at.%' mm
|

8.03 at.%

20 um

119 at.% mm

9.60 at.% mem

0.71 at.%

Figure 7: SEM-EDS Result of Cuz (CrFeAl); before adsorption
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55.4 at.%

16.0 at.%

Figure 8: SEM-EDS Result of Cuz(CrFeAl); after adsorption

3.3 Evaluation of binding within LDH

To prepare a solution for adsorption on ceramics, a NalO3
solution was made, and its concentration was verified using
UV-Vis spectroscopy. Standard solutions of NalO3 (3 ppm, 6
ppm, 12 ppm) were used to create a calibration curve. After
confirming the accuracy of the 10 ppm NalO3 solution, the
adsorption experiment was conducted.

3.4 Quantitative analysis of metal elements in LDH

Inductively coupled plasma spectroscopy (ICP-OES) was
utilized to evaluate whether the ratio of each metal in the
synthesized LDH was as designed. ICP-OES uses high-
temperature argon plasma of over 10,000 K to excite electrons
and calculates the wavelength of electromagnetic waves emit-
ted. This allows it to classify and analyze elements accurately.

#5.3 NiZnCrFeAl = Co
#5.2 NiCuCrFeAl . Ni
=3 Cu
#5.1 CoNiCuCrAlI4{__ 215 | ;

E Zn
#4.3 NiCuFeAl 36.8 EE 135 | = Ccr
#4.2 CuCrFeAl-] 760 B Fe
#4.1 NiCuCrAl 39.9 ] 128 ] = A

T T 1

0 50 100

Atomic Concentration (%)

Figure 9: Ratio of elements in compositions

The ratio of elements by composition obtained through
ICP-OES and they are represented in Figure 9. This shows
that most divalent metals reach around 75 at.% in all sam-
ples. For more specific analysis, we quantitatively examined
how much the experimentally obtained ratio between metals
differed from the theoretical ratio.

Atomic Percent (%)

Sample Composition M2 M3 Total
#4.1 (NiCu)3(CrAl)q 732 268 100
#4.2 Cuz(CrFeAl)q 76.0 240 100
#4.3 (NiCu)3(FeAl)y 729 271 100
#5.1 (CoNiCu)3(CrAl); 725 275 100
#5.2 (NiCu)3(CrFeAl); 731 269 100
#5.3 (NiZn)3(CrFeAl); 728 272 100

Table 5. Atomic percent of M** and M3* in each composition

When comparing the amount of metal elements actually
added and the amount of metal elements obtained experi-
mentally for each composition, an error of £2.59% occurred
on average in the case of divalent metals, and an error of
+7.39% occurred in the case of trivalent metals. It can be con-
sidered as a insignificant experimental error.

Although it was shown that the divalent and trivalent
metals were appropriately distributed in a ratio of 3 : 1, it
is also necessary to evaluate whether they were charged in
equigKlaraaBRis WHEhFAach cCQRrdiBAHOBEFBBRT the ac-
tual mixed ratio and the experimental ratio for each element.
Mostly, it shows a stable error range of less than £10%, a rea-
sonable, insignificant error that could occur experimentally.

3.5 Comparison of binding environments before
and after adsorption in synthesized LDH

Raman spectroscopy can determine whether 105 is ad-
sorbed. It also determines the change in the binding environ-
ment before and after adsorption by a generated signal (peak
position) according to Raman shift (x-axis). According to Fig-
ure 11, a new peak has appeared at wavelength from 770 nm
to 850 nm. This indicates that IO5 has binded to the material.
To represent the result, the value of the detection signal was
normalized to a value between 0 and 1 for relative compari-
son of each sample.

3 #5.3 NiZnCrFeAl
:i,_ i #5.2 NiCuCrFeAl
o MJL“M__._. — #51 CoNiCuCrAl
£ #4.3 NiCuFeAl
B W — #4.2 CuCrFeAl
#4.1 NiCuCrAl

B RRRE R s s e e e e s e e ]
(4] 500 1000 1500

Raman Shift (cm™)

Figure 10: Raman Spectroscopy of LDH Before Adsorption

|

5 #5.3 NiZnCrFeAl
:‘:i—_ W — #5.2 NiCuCrFeAl
f2 /\’“/J\—IP——J\_——————-— — #5.1 CONiCuCrAl
£ - r\ #4.3 NiCuFeAl
= || {fSeeerien :\w-‘-,%, — #4.2 CuCrFeAl

i e #41 NiCuCrAl

0 500 1000 1500

Raman Shift (cm™)

Figure 11: Raman Spectroscopy of LDH Before Adsorption

3.6 Results for LDH crystalline phase after adsorp-
tion

The XRD results after adsorbing 105 are as follows, and
it can be seen that even if 105 is adsorbed within the LDH
structure, there is no change in the crystal phase as you can
notice in Figure 12.
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Figure 12: XRD of LDH After Adsorption

3.7 Quantitative adsorption performance of synthe-
sized LDH

If it was confirmed that IO; was properly adsorbed to
LDH through the previous method, ion chromatography (IC)
quantified the concentration of IO5 remaining in the solution
and the adsorption capacity could be evaluated [18]. The eval-
uated adsorption capacity was organized as [Table 2].

No. Composition Adsorption Capacity
#4.1 (NiCu)3(CrAl)q 56.8+3.28 %
#4.2 (CuCr)3(FeAl)q 91.8+0.23 %
#4.3 (NiCu)3(FeAl)q 87.4+0.33 %
#5.1  (CoNiCu)3(CrAl)y 54.14+1.00 %
#5.2 (NiCu)3(CrFeAl); 69.5+0.29 %
#5.3 (NiZn)3(CrFeAl)q 38.2+1.47 %

Table 6. Composition and adsorption capacity

-
[=3
o

Adsorption Capacity (%)
n
o

91.80

Figure 13: Adsorption Capacity of LDH

87.42

69.54

541

3815

According to Figure 13, #4.2 Cuz(CrFeAl); showed the
best adsorption capacity in the quaternary system, and #5.2
(NiCu)3(CrFeAl); in the quinary system. That is, it was
found that the sample obtained through ML showed better
adsorption performance compared to #4.3 (NiCu)sz(FeAl);
and #5.3 (NiZn)3(CrFeAl);, which were intuitively selected
based on binary and ternary data.

3.8 Selecting a machine learning model with the
best prediction performance

The model with the highest accuracy was identified by
comparing RMSE and relative error between the actual ad-
sorption performance (experimental value) and the predicted
performance (predicted value) for each model. At this stage,
the errors for each relative composition in each model were
averaged and utilized.

ML Model Performance Comparison

10 10 B9 RMSE
= Error

8 0.8

6 0.6

RMSE
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Linear-]

Random Forest—f
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Support Vector -
Support Vector-{

Random Forest Decision Tree Support Vector

Figure 14: ML Model Performance Comparison

According to Figure 14, the results show that using Ran-
dom Forest in both classification and regression has the
smallest relative error and RMSE. In other words, it can be
concluded that the Random Forest-Random Forest (RF-RF)
model was the most accurate in predicting.

3.9 ML model improvement
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Figure 15: Adsorption
Capacity of LDH

Figure 16: Predicted
Adsorption Capacity

When comparing the 105 adsorption capacity of the six
samples predicted by the ML model with the experimentally
measured values, a significant discrepancy was observed in
Figure 16, indicating low accuracy of the ML model. This de-
crease in accuracy is likely due to the dimension mismatch
between the training data (binary and ternary) and the output
(quaternary and quinary). To address this, two approaches
were implemented: adding data of the same dimension as the
test data to the training set and utilizing an advanced model
designed to enhance ML performance.

3.9.1 Addition of 6 Synthesized Samples

While the aim was to add over 20 SI and adsorption ca-
pacity data for quaternary and quinary systems, but no ad-
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ditional IO5 adsorption capacity data was found after an ex-
tensive reviewing relevant papers. Consequently, we incorpo-
rated the IO5" adsorption capacity of the six synthesized sam-
ples into the training data and re-predicted their adsorption
capacity.

3.9.2 Applying Existing Models for Enhanced Machine
Learning Performance

To additionally enhance the ML model’s accuracy,
Bayesian hyperparameter was applied, which was known for
improving ML performance.

3.10 Analysis of results of each method

ML Model After Improvement
40 I RMSE
104 = Error (%)

ﬁ? | M I

Original Data (RF - RF)

RMSE
o
1
1
N
S
aou3

After Experiment Bayesian Model

Figure 17: ML Model Performance Comparison

The RMSE and relative error rates values between the ac-
tual experimental results and predicted values of six samples
were compared across three models: the RF-RF model be-
fore adding the six synthesized samples (Original Data), the
RE-RF model after adding them (After Experiment), and the
Bayesian hyperparameter model. The graph is expressed as
in Figure 17.

Compared to the existing model and the RF-RF model, the
Bayesian hyperparameter model showed no significant im-
provement in RMSE values, and the error rate between ex-
perimental and predicted values increased. This suggests that
Bayesian hyperparameter tuning is not suitable for composi-
tion search.

In contrast, the After Experiment model (which incorpo-
rated the six tested compositions) showed an increased error
rate and an RMSE value approximately three times higher
than the RF-RF model, indicating a notable decline in accu-
racy. This is likely due to the limited data available for the
quaternary and quinary systems (only six samples), as well
as the possibility of outlier data that contradicts the overall
trend within these compositions.

3.11 Possibility of improving the ML model by
adding quaternary and quinary data

The performance of ML was insufficient due to the di-
mensional difference between the data sets. Consequently, al-
ternative potential to improve the model as more data were
added to predict were investigated. Since there was a limi-
tation in quaternary and quinary data, this was verified by
adding ternary data gradually to the training data set, which
was originally consisted of only binary data, and observed the

change in RMSE of the prediction. It confirms that improve-
ment in prediction performance as the difference in dimen-
sion mitigates.

RMSE by Ternary Data in the Train Set
28
26
24 P

22

RMSE

20_ e
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16 1 1 1 1 1
0 10 20 30 40 50

Number of Ternary Data Points

Figure 18: ML Model Performance Improvement

As a result, the RMSE of the model continued to de-
crease as ternary data was gradually added to the training
data set. In particular, it was observed that the RMSE de-
creased sharply in the section until 20% of the ternary data
was added. Through this, it can be seen that the accuracy of
the model can be sufficiently improved by adding quaternary
and quinary data to the training data of the current model,
and that the model can be effectively improved by adding
only 20% of the number of possible cases.

4 Conclusion

4.1 Research Conclusion

When looking at the compositions determined through
machine learning and the ion chromatography results of the
compositions determined intuitively by looking at the binary
and ternary data, the IO; adsorption performance of the
compositions determined through ML tended to be higher. In
addition, among the 440 compositions of the quaternary and
quinary materials, only 4 compositions (less than 1%) were se-
lected, but the composition Cuz(CrFeAl); with an adsorption
performance of 91.8% was found, which is higher than the
maximum adsorption performance of 89.2% of all the binary
and ternary compositions. Through this, it can be seen that
the method of selecting the composition using machine learn-
ing is very efficient and effective in terms of time and cost. It
is expected that this material exploration method using ML
will be useful in exploring the suitable composition of new
materials that can be used for various pollutant adsorption,
rockets, turbine engines, catalysts, etc. Moreover, this explo-
ration method utilizing machine learning and high-entropy
LDH is expected to be effectively applied when attempting a
method to remove pollutants in the form of anions other than
105
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4.2 Limitations and Future Research

However, there was a difference between the 105" adsorp-
tion capacity predicted by ML and the IO; adsorption capac-
ity measured through experiments, which showed that the ac-
curacy of the ML model designed in this study was not high.
This seems to be due to the difference in the dimensions of
the training data and the test data in the ML model. However,
the RMSE of the model predicting the ternary system contin-
uously decreased as the ternary system data was gradually
added to the training data set consisting of only the binary
system. This showed that the accuracy of the model can be
sufficiently improved by adding additional quaternary and
quinary data to the training data of the current model. Addi-
tionally, it seems that research could be presented to identify
the performance of compositions with low predicted adsorp-
tion capacity rather than compositions with high predicted
adsorption capacity in the machine learning process, or to
verify the 105 selectivity of synthesized metal compositions.
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