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• AI for materials design in CECs 
reviewed. 

• Materials descriptors, algorithms, cases, 
challenges, and future directions 
discussed. 

• Materials exploration, discovery, and 
structure-property insights emphasized. 

• Recommendations to advance materials 
science and AI for clean energy 
provided.  
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A B S T R A C T   

Ceramic electrochemical cells (CECs) are promising devices for clean and efficient energy conversion and storage 
due to their high energy efficiency, more extended system durability, and less expensive materials. However, the 
search for suitable materials with desired properties, including high ionic and electronic conductivity, thermal 
stability, and chemical compatibility, presents ongoing challenges that impede widespread adoption and further 
advancement in the field. Artificial intelligence (AI) has emerged as a versatile tool capable of enhancing and 
expediting the materials discovery cycle in CECs through data-driven modeling, simulation, and optimization 
techniques. Herein, we comprehensively review the state-of-the-art AI applications for materials design and 
optimization for CECs, covering various material aspects, database construction, data pre-processing, and AI 
methods. We also present some representative case studies of AI-predicted and synthesized materials for CECs 
and provide insightful highlights about their approaches. We emphasize the main implications and contributions 
of the AI approach for advancing the CEC technology, such as reducing the trial-and-error experiments, exploring 
the vast materials space, discovering novel and optimal materials, and enhancing the understanding of the 
materials-performance relationships. We also discuss the AI approach’s main limitations and future directions for 
CECs, such as addressing the data and model challenges, improving and extending the AI models and methods, 
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and integrating with other computational and experimental techniques. We conclude by suggesting some po
tential applications and collaborations for AI in materials design for CECs.   

1. Introduction 

Energy is essential for human civilization and development [1]. 
However, the current energy systems rely heavily on fossil fuels, such as 
coal, oil, and gas, which cannot meet the rapidly increasing global en
ergy demand driven by population growth, economic development, and 
urbanization [2]. Ensuring a sustainable and secure energy supply has 
become an immense challenge [1]. Furthermore, the combustion of 
fossil fuels depletes the limited natural resources and emits greenhouse 
gases that cause global warming and climate change [2]. The average 
global ground surface temperature has risen by about 1.2 ◦C since the 
pre-industrial era, posing severe threats to the environment, human 
health, and social stability [1]. Therefore, there is an urgent need for 
clean, renewable, sustainable, and efficient alternative energy sources. 
Ceramic electrochemical cells (CECs) emerge as one of the promising 
candidates capable of utilizing ceramic electrolytes to convert chemical 
energy into electrical energy and vice versa [2,3]. These cells can 
operate in various modes depending on the direction of ion flow, 
including fuel cell mode, electrolysis mode, and reversible mode [4–6]. 
CECs offer numerous advantages over conventional energy conversion 
devices, including high efficiency, minimal emissions, fuel flexibility, 
and potential for cogeneration [7–9]. 

Despite the advantages of CECs, several challenges must be over
come to realize the commercialization of this technology. One of the 
primary challenges involves developing stable and efficient electrolyte 
materials capable of maintaining high ionic conductivity while mini
mizing electronic conductivity under varying operating conditions [4, 
10,11]. These electrolyte materials must also exhibit good chemical 
compatibility with the electrode materials and possess low thermal 
expansion mismatch with other cell components [4,10,11]. Another 
significant challenge lies in designing and optimizing electrode mate
rials and structures that facilitate electrochemical reactions at the in
terfaces and minimize polarization losses [7,8,12–15]. The electrode 
materials should possess high catalytic activity, excellent electronic and 
ionic conductivity, suitable porosity and gas permeability, and 
long-term stability under desired ambient testing conditions [16–18]. 

Moreover, the fabrication and integration of CECs into practical 
systems also pose technical difficulties, such as achieving uniform and 
dense electrolyte layers, preventing gas leakage and interdiffusion, and 
ensuring reliable sealing and interconnection [19–22]. Further research 
and innovation are necessary to address these challenges and improve 
the performance and durability of CECs for various applications. 
Incorporating artificial intelligence (AI) in materials discovery, design, 
optimization, and characterization can significantly accelerate progress 
in overcoming these obstacles. Exploring the current state-of-the-art of 
AI and its prospects in materials development for CECs is, therefore, 
crucial to fully realizing the potential of this technology in the energy 
industry. 

AI is a branch of computer science dedicated to developing machines 
or systems capable of performing tasks that typically require human 
intelligence, such as learning, reasoning, decision-making, and problem- 
solving [23]. AI methods have been extensively applied for material 
discovery in various materials-related domains, including catalysis, 
photovoltaics, quantum materials, ion-selective membranes, thermo
electrics, mechanical materials, and energy-efficient materials [24–33]. 
However, AI’s specific use and potential for CECs have been relatively 
underexplored and underreported [34–36]. Therefore, a comprehensive 
and critical review is needed to examine how AI can facilitate the 
development of novel materials with superior performance and stability 
in the context of CECs. AI has the potential to significantly accelerate the 
materials discovery cycle for CECs by enabling data-driven modeling, 

simulation, and optimization of material properties and performance 
[28,29,37]. The materials discovery cycle typically comprises four 
stages: design, synthesis, characterization, and testing [25,37] At each 
stage, AI can generate faster and more accurate predictions, explore 
larger and more complex materials spaces, discover novel and optimal 
materials, and enhance our understanding of materials-performance 
relationships [24–33]. However, no existing review article specifically 
and extensively focused on the application of AI for materials discovery 
and development in CECs. 

In this review article, we aim to bridge the current research gap by 
comprehensively surveying state-of-the-art AI applications for materials 
design and optimization in the context of CECs. We begin by extensively 
covering various material aspects relevant to CECs, exploring database 
construction, data pre-processing, and the range of AI methods that can 
be employed in materials design and optimization for CECs. We also 
present some case studies showcasing AI-predicted and synthesized 
materials for CECs, offering valuable insights into their respective ap
proaches. Furthermore, we emphasize the significant implications and 
contributions of the AI approach to the advancement of CEC technology. 
We also identify the critical research gaps and opportunities for 
leveraging AI in materials design for CECs. In line with this, we propose 
future directions and recommendations to facilitate the integration of AI 
in materials design for CECs. These recommendations include the 
development of new performance metrics and evaluation methods, 
fostering interdisciplinary and cross-sectoral partnerships, and 
exploring new applications and collaborations for AI in materials design 
within the scope of CECs. The structure and content of the article are 
organized as follows: Section 2 reviews the material aspects crucial for 
CECs, highlighting the key challenges and opportunities for material 
design and optimization. Section 3 elaborates on the significance of 
database construction, relevant CEC material descriptors, data pre
processing, and feature engineering. Section 4 explores the main AI 
methods relevant to materials design and optimization specifically 
tailored for CECs. Section 5 showcases a selection of representative case 
studies that demonstrate the application of AI in predicting and syn
thesizing materials for CECs. Section 6 elucidates the primary implica
tions and contributions of the AI approach in advancing CEC technology. 
Section 7 discusses the main limitations of the AI approach when applied 
to CECs. Moving forward, in Section 7, we provide recommendations 
and propose future directions for applying AI approaches in materials 
design and development for CECs. Finally, Section 8 concludes the 
article by summarizing the main findings and insights gleaned from our 
review. 

2. Materials aspects of CECs 

CECs are devices that directly convert chemical energy into electrical 
energy (fuel cells) or vice versa (electrolysis cells) by using solid ceramic 
materials as electrolytes and electrodes [38–40]. Fig. 1 illustrates the 
working mechanism of CECs. CECs can be classified into two types based 
on the nature of ion transport in the electrolyte: solid oxide cells (SOCs), 
which mainly conduct oxide ions, and protonic ceramic cells (PCCs), 
which dominantly conduct protons [39,41,42]. The latter type has some 
advantages over the former, such as lower activation energy and 
non-dilution of the fuel at the anode (fuel cell mode) [12]. Furthermore, 
CECs can operate in different modes, depending on the type and direc
tion of ion flow: fuel cell mode, where hydrogen or other fuels are 
oxidized at the anode and oxygen is reduced at the cathode to produce 
electricity (Fig. 1a & b); electrolysis mode, where electricity is employed 
to split water into hydrogen and oxygen (Fig. 1c & d); and 
co-electrolysis mode, where electricity is used to convert water and 
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carbon dioxide into syngas or other hydrocarbons [43–45]. The per
formance and efficiency of CECs depend largely on the key material 
aspects, such as composition, structure, and microstructure, which affect 
the transport and reaction of ions, electrons, and gases in the cells 
[46–49]. Therefore, materials design and optimization for CECs require 
a comprehensive understanding of these aspects and their interplay with 
the electrochemical processes [50–56]. 

To provide an overview of the current state-of-the-art electrolyte and 
electrode materials for CECs, we have compiled a table that summarizes 
the typical electrolyte and electrode materials used for CECs, along with 
their composition, structure, and limitations, as shown in Table 1. 

Table 1 shows that different materials have different advantages and 
disadvantages for CECs, depending on their performance, stability, 
compatibility, and cost. For example, YSZ has high oxygen ion con
ductivity and good chemical stability but also low proton conductivity 
and high operating temperature [60,61]. SDC has high oxygen ion 
conductivity and lower activation energy, but it also has low chemical 
stability and relatively higher electronic conductivity [62,63]. LSGM has 
high oxygen ion conductivity and good chemical stability, but it also has 
high cost, complex synthesis, and low mechanical strength [64,65]. 

Similarly, different electrodes have different strengths and weak
nesses for CECs, depending on their catalytic activity, durability, and 
thermal expansion. For example, BCFZ and BCFZY electrode materials 
have good catalytic activity but have low chemical stability, high elec
tronic conductivity, and phase transition at high temperatures [68,69]. 

Ni-YSZ cermet has high electronic conductivity and good catalytic ac
tivity, but it also has poor mechanical strength and low durability under 
redox cycling [71,93]. LSM cathode has high electronic conductivity and 
good thermal expansion match with YSZ, but it also has low catalytic 
activity and poor compatibility with proton-conducting electrolytes [71, 
72]. LSCF has high electronic conductivity and oxygen surface exchange 
coefficient but also poor redox stability and degradation in CO2 and H2O 
atmospheres [81,82]. BSCF has high mixed ionic-electronic conductiv
ity, excellent oxygen surface exchange coefficient but poor redox sta
bility, and a detrimental high TEC [70]. 

Therefore, the selection of suitable materials for CECs is a chal
lenging task that requires a comprehensive understanding of the mate
rial properties and their interactions with each other. AI can provide a 
powerful tool to assist in this task by predicting the optimal material 
combinations and configurations for CECs based on various criteria and 
constraints. 

2.1. Materials composition 

One of the most critical material aspects of CECs is the composition 
of the electrolyte and electrode materials, which determines their 
intrinsic properties such as conductivity, stability, compatibility, and 
catalytic activity [95–100]. For example, the electrolyte should have 
high ionic and negligible to zero electronic conductivity to minimize 
ohmic losses and internal short-circuiting [101]. PCFCs and PCECs use 

Fig. 1. Comparison of different types of CECs and their operating principles: (a) In the solid oxide fuel cell (SOFC), the oxidation half-reaction occurs at the anode: 
H2 + O2− → H2O + 2e− . The reduction half-reaction occurs at the cathode: 0.5O2 + 2e− → O2− . Oxide ions (O2− ) transport through the electrolyte. (b) In the protonic 
ceramic fuel cell (PCFC), the oxidation half-reaction at the anode is H2 → 2H+ + 2e− . The reduction half-reaction at the cathode is 0.5O2 + 2e− + 2H+ → H2O. 
Protons (H+) transport through the electrolyte [57,58]. (c) In the solid oxide electrolysis cell (SOEC), a voltage is applied, reversing the direction of oxide ion flow, 
causing steam at the cathode to split into hydrogen and oxygen via reverse reactions. (d) A similar reversal of proton flow in the protonic ceramic electrolysis cell 
(PCEC) causes water to split into hydrogen and oxygen at the anode [59]. 
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proton-conducting ABO3 perovskite oxides as electrolytes, which can be 
doped with various cations to increase their proton transport and hy
dration ability by creating oxygen vacancies, modifying the bond 
strength and length of A-O and B-O bonds, and enhancing the ionic 
character of dopant-oxygen bonds [11,102–107]. For instance, doping 
BaCeO3-based perovskites with Y, Sc, Ga, In, Gd, or Er can increase their 
hydration and proton mobility by lowering the energy barriers for water 
dissociation and proton migration [108]. In BaZrO3-based perovskites, 
doping the B-site with Yb can improve grain growth and reduce the 
reactivity with Ni electrodes, resulting in higher proton conductivity and 
stability [108]. As for CaTiO3-based perovskites, doping with Mg and Al 
can create oxygen vacancies that facilitate water dissociation and proton 
incorporation, leading to high proton conductivity at low temperatures 
[106]. Fig. 2 illustrates the concept of material composition, showing 

different elements in the periodic table and the potential site they may 
occupy in a perovskite oxide lattice. 

The electrode should have optimal ionic-electronic conductivity and 
efficient catalytic activity to facilitate optimal gas diffusion, charge 
transfer, bulk and surface exchange kinetics at the electrode-electrolyte 
interface [17,119,120]. The electrolyte and electrode materials should 
also be chemically stable and mechanically compatible with each other 
to avoid degradation and delamination during operation [121–125]. 
Moreover, the composition of the materials can be tailored by doping, 
exsolution, infiltration, or mechanical mixing to enhance their proper
ties or introduce new functionalities [81,126–145]. For instance, Shao 
and Haile improved the performance and stability of the SrCo0.8Fe0.2O3-δ 
(SCF) air electrode material for intermediate temperature SOFCs by 
partially doping the A-site of SCF with 50 % Ba, resulting in the widely 

Table 1 
A summary of notable electrolyte and electrode materials for CECs.  

Material Composition Structure Limitations Ref. 

Electrolyte Zr0.84Y0.16O1.92 Cubic fluorite Low proton conductivity, high operating 
temperature 

[60,61] 

Electrolyte Ce0.8Sm0.2O2-δ Cubic fluorite Low chemical stability, relatively higher 
electronic conductivity 

[62,63] 

Electrolyte La0.8Sr0.2Ga0.8Mg0.2O3− δ Perovskite High cost, complex synthesis, low mechanical 
strength 

[64,65] 

Electrode BaCo0.4Fe0.4Zr0.2O3− δ Perovskite Low chemical stability, high electronic 
conductivity, phase transition at high 
temperature 

[66,67] 

Electrode BaCo0.4Fe0.4Zr0.1Y0.1O3− δ Perovskite Low chemical stability, high electronic 
conductivity, phase transition at high 
temperature 

[68,69] 

Electrode Ba0.5Sr0.5Co0.8Fe0.2O3-δ Perovskite Poor redox stability, high thermal expansion 
coefficient, degradation in CO2 and H2O 
environments 

[70] 

Electrode La0.8Sr0.2MnO3− δ Perovskite Low catalytic activity, poor compatibility with 
proton-conducting electrolytes, high 
polarization resistance 

[71,72] 

Electrode PrBa0.5Sr0.5Co1.5Fe0.5O5+δ Perovskite Poor redox stability, high thermal expansion 
coefficient, degradation in CO2 and H2O 
environments 

[73,74] 

Electrode Ni- BaZr0.1Ce0.7Y0.1Yb0.1O3- δ Composite of Ni and BZCYYb7111 (perovskite) Susceptible to carbon deposition and sintering, 
poor mechanical strength, low durability under 
redox cycling 

[75,76] 

Electrolyte BaZr0.1Ce0.7Y0.2O3-d Perovskite Low chemical stability, high electronic 
conductivity, phase transition at high 
temperature 

[77,78] 

Electrolyte BaZr0.1Ce0.7Y0.1Yb0.1O3- δ Perovskite Low chemical stability, high electronic 
conductivity, phase transition at high 
temperature 

[79,80] 

Electrode La0.6Sr0.4Co0.2Fe0.8O3-δ Perovskite Poor redox stability, high thermal expansion 
coefficient, degradation in CO2 and H2O 
environments 

[81,82] 

Electrode La0.6Sr0.4FeO3− δ Perovskite Low catalytic activity, poor compatibility with 
proton-conducting electrolytes, high 
polarization resistance 

[83,84] 

Electrode NdBa0.5Sr0.5Co1.5Fe0.5O5+δ Perovskite Poor redox stability, high thermal expansion 
coefficient, degradation in CO2 and H2O 
environments 

[85] 

Electrode Ni-BaZr0.4Ce0.4Y0.1Yb0.1O3- δ Composite of Ni and BCZYYb4411 (perovskite) Susceptible to carbon deposition and sintering, 
poor mechanical strength, low durability under 
redox cycling 

[5] 

Electrode Ni- BaZr0.1Ce0.7Y0.2O3-d Composite of Ni and BCZY20 (perovskite) Susceptible to carbon deposition and sintering, 
poor mechanical strength, low durability under 
redox cycling 

[86,87] 

Electrode Ni- BaCe0.85Y0.15O3− δ Composite of Ni and BCY15 (perovskite) Susceptible to carbon deposition and sintering, 
poor mechanical strength, low durability under 
redox cycling 

[88–90] 

Electrode Ni-SDC Composite of Ni and SDC20 (cubic fluorite) Susceptible to carbon deposition and sintering, 
poor mechanical strength, low durability under 
redox cycling 

[63,91, 
92] 

Electrode Ni-YSZ Composite of Ni and YSZ10 (cubic fluorite) Susceptible to carbon deposition and sintering, 
poor mechanical strength, low durability under 
redox cycling 

[71,93] 

Electrode BCFZY-NiO-BCZYYb4411-NiO-BCFZY 
(BNBNB) 5-layered composite electrode 

Composite of BCFZY (perovskite), NiO (cubic), 
BCZYYb4411 (perovskite), NiO (cubic), BCFZY 
(perovskite) 5-layered structure 

Complex fabrication process, high cost, 
possible interfacial reactions 

[94]  
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used Ba0.5Sr0.5Co0.8Fe0.2O3-δ (BSCF) with enhanced oxygen reduction 
reaction (ORR) [8]. Similarly, Duan et al. [146,147] co-doped Zr and Y 
into BaCo0.4Fe0.4Zr0.1Y0.1O3-δ (BCFZY) to boost its ORR and achieved 
peak power densities (PPDs) of 0.97 and 0.46 W cm− 2 at 500 ◦C for 
SOFCs and PCFCs, respectively, using H2 fuel. Kwon et al. [148] 
reviewed exsolution mechanisms in perovskite oxide materials for CECs, 
which has been promising in improving the materials’ composition by 
designing metal nanoparticles for electrocatalysis. They further dis
cussed the driving forces of exsolution, and classified perovskite struc
tures based on their exsolution behaviors [148]. Kim et al. [149] 
proposed a diffusion model based on classical nucleation and diffusion 
to explain the particle growth process in perovskite materials for CECs, 
using (La,Ca)1− α(Ni,Ti)O3 (TF-LCNT, α: A-site-deficiency). They showed 
that exsolution involved Ni diffusion and reduction, leading to Ni-rich 
nanoparticles on the surface and Ni-poor matrix in bulk. They also 
showed that Ni diffusion was hindered by the perovskite lattice, 
resulting in a steep Ni concentration gradient at the nanoparticle-matrix 
interface. This suggested that particle growth was limited by the 
perovskite structure and that exsolved Ni nanoparticles were mainly 
located on the surface and near-surface regions of the perovskite matrix 
[149]. 

Similarly, layered nickelates (Ln2NiO4+δ) are promising electrode 
materials for PCFCs and PCECs, which can be modified by changing the 
lanthanide element (Ln) or adding other oxides to improve their oxygen 
transport and electrocatalysis [101,108]. Hence, the composition of 
electrolyte and electrode materials plays a crucial role in determining 
the intrinsic properties of CECs, including conductivity, stability, 
compatibility, and catalytic activity. Researchers have enhanced their 
performance and stability by doping and tailoring the materials’ 
composition. Therefore, understanding the mechanisms and behaviors 
associated with material composition, as evidenced by exsolution 
studies and diffusion models, provides valuable insights for future ma
terial design and development in CECs. 

2.1.1. Key challenges and opportunities for materials composition design 
and optimization 

One of the main challenges for materials composition in CECs is 
finding the optimal doping level and stoichiometric or mixing ratio that 

can maximize the materials’ conductivity, stability, compatibility, and 
catalytic activity [40,150–154]. Another challenge is to avoid undesir
able side effects such as phase segregation or degradation caused by 
doping, infiltration, exsolution, or mixing [155–162]. Therefore, one of 
the main opportunities for materials’ composition is to explore new 
combinations of elements or compounds that can create novel and su
perior materials with enhanced properties for the electrolyte and elec
trode materials. AI can help address these challenges and opportunities 
by predicting the optimal composition for a given property or perfor
mance target and discovering new materials with desirable features. 

2.2. Materials structure 

Another necessary material aspect of CECs is the structure of the 
electrolyte and electrode materials, which mainly refers to their crys
tallographic arrangement and defect configuration [163–165]. The 
structure of the materials affects their transport properties by influ
encing the formation and migration of charge carriers such as ions and 
electrons [166–168]. For example, oxygen-ion conducting electrolytes 
such as doped-zirconia (YSZ) or doped-ceria (SDC or GDC) have cubic or 
fluorite cubic structures with oxygen vacancies as the primary defects 
that enable oxygen-ion transport [169]. Proton-conducting electrolytes 
such as barium zirconate (BaZrO3) or caesium dihydrogen phosphate 
(CsH2PO4) have perovskite or layered structures with protonic defects 
that enable proton transport [170–172]. The structure of the materials 
can also affect their stability and compatibility by influencing their 
thermal expansion and phase transition behaviors [4,154]. For example, 
some proton-conducting electrolytes, such as CsH2PO4 undergo dehy
dration or decomposition at high temperatures or low humidities, which 
limits their operational range [170,171]. Some electrode materials, such 
as perovskites or nickelates, undergo structural changes or phase sepa
ration under reducing or oxidizing conditions, which affect their elec
trochemical performance [108,173]. The phase diagrams in Fig. 3 
illustrate how NiO–LaO1.5 oxide systems can undergo structural changes 
or phase separation under reducing or oxidizing conditions, which affect 
their electrochemical performance [173]. The structure of the materials 
can be controlled by adjusting their composition, synthesis method, or 
processing conditions. 

Fig. 2. A perovskite unit cell demonstrating occupiable positions by A, B, or X site cations in the map of elements based on common experimentally characterized 
perovskite oxides in the literature for CECs [109–118]. 
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Lee et al. [106] proposed strategy for enhancing proton conductivity 
in CaTiO3 by replacing lattice oxygens with hydroxide groups using a 
solvothermal process. The resulting material, Ca0.92TiO2.84(OH)0.16, 
shows one order of magnitude higher bulk conductivity (10− 4 Scm− 1at 
200 ◦C) than hydrated CaTiO3 prepared by traditional solid-state syn
thesis due to the higher concentration of protonic defects and variation 
in the crystal structure. Fig. 4 shows the results of neutron diffraction 
analysis of two samples of calcium titanate (CTO), one prepared by 
solid-state synthesis (CTO(SS)) and the other prepared by solvothermal 
synthesis (CTO(ST)). One interesting finding from the study is that CTO 

(ST) has a shorter O–O distances than CTO(SS), which facilitates 
intra-proton transfer along the edges of octahedra. Another interesting 
finding is that Ni2+ ions can be substituted for Ca2+ ions in CTO(ST), 
leading to the exsolution of Ni nanoparticles on the perovskite surfaces 
upon reduction. These findings suggest new ways of enhancing proton 
conductivity and catalytic activity of CTO for energy applications based 
on material structural modification [106]. 

Tailoring the oxygen electrode material structure is critical to the 
performance and stability of CECs since it determines the electrode’s 
catalytic, ionic, and electronic conductivity. For instance, the oxygen 

Fig. 3. The phase stability of NiO–LaO1.5 oxide systems under different temperature (T) and oxygen partial pressure (pO2) conditions. (a) The T-based phase diagram 
shows the regions of single-phase and two-phase mixtures of NiO and LaO1.5 as a function of the Ni content. (b) The pO2-based phase diagram shows the regions of 
single-phase and two-phase mixtures of NiO and LaO1.5 as a function of the pO2. Copyright 2021, Royal Society of Chemistry [173]. 

Fig. 4. (a,b) High-resolution powder diffraction analysis of deuterated CTO(SS) and CTO(ST) (c) Comparison of the Ti-O bond lengths in CTO(ST) and CTO(SS). (d-e) 
Schematic illustration of the unit cells (CTO(SS) and CTO(ST)) and proton transfer mechanism in CTO(ST). Copyright 2021, Wiley [106]. 
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electrode of PCECs should have triple conductivity, comprising protonic 
defects, oxygen vacancy, and electrons to facilitate water oxidation and 
ORR at reduced temperatures. Ding et al. [79] described 
PrNi0.5Co0.5O3-δ (PNC) as a triple conducting oxide (TCO) electrode for 
PCECs with superior performance and self-sustainable reversible oper
ation. The structural defect of PNC is correlated with its performance by 
showing that Ni doping can reduce the oxygen vacancy formation en
ergy and the proton migration energy, thus enhancing proton conduc
tion and electrocatalytic activity. Hence, the structure of materials 
comprising various descriptors, such as ionic radius, bond length and 
angle, coordination number, tolerance factor, defect characteristics, and 
more, influence the performance and stability of CEC materials. 

2.2.1. Key challenges and opportunities for materials structural design and 
optimization 

Controlling the defect formation and migration that enable charge 
transport in the materials has been identified as one of the major chal
lenges of material structure [163–165]. Furthermore, preventing the 
structural changes or phase transitions that affect the stability and 
compatibility of the material remains a challenge [174–177]. To miti
gate this challenge, an opportunity exists to manipulate the materials’ 
crystallographic arrangement and defect configuration to tune their 
transport and catalytic properties [178–182]. AI can help address these 
challenges and offers opportunities by modeling the defect chemistry 
and thermodynamics of the materials and designing new structures with 
improved performance and stability. 

2.3. Materials microstructure 

The third vital material aspect of CECs is the microstructure of the 
electrolyte and electrode layers, which refers to their morphology, 
porosity, grain size, and grain boundary. The microstructure of the 
materials affects their transport properties by influencing the effective 
pathways for charge carriers and gases [138,183]. For instance, the 
electrolyte layer should have a dense microstructure to prevent gas 
leakage and electronic conduction [108,184]. The electrode layer 
should have a porous microstructure to facilitate gas diffusion and re
action sites [185,186]. Moreover, the grain size and boundary of the 
materials can affect their conductivity and catalytic activity by con
trolling the defect concentration and mobility [187,188]. Therefore, by 
tailoring the grain size and boundaries of electrode and electrolyte 
materials used in CECs with mixed ionic-electronic conductivity, it is 
possible to minimize the electronic leakage, enhance the ionic conduc
tivity, suppress the degradation, promote triple conductivity in the ox
ygen electrode, and improve the efficiency of the cells under various 
operating conditions [189,190]. The microstructure of the materials can 
be engineered by optimizing their fabrication method, sintering tem
perature, and sintering time [191–193]. Kim et al. [194] demonstrate a 
simple co-impregnation method to construct active heterointerfaces in 
the air electrode of CECs and shows that the microstructure tailoring can 
enhance the electrochemical activity and stability of the electrode 
(Fig. 5). 

Hence, one way to improve the electrode microstructure for PCECs is 
to create a self-architectured mesh-like electrode with high porosity and 

Fig. 5. A schematic illustration of the co-impregnation method and the cross-sectional SEM images of the air electrodes with different amounts of graphite pore 
former. The co-impregnation method can create active heterointerfaces between LSCF and GDC, enhancing the ORR activity and stability of the air electrode. 
Copyright 2021, Elsevier [194]. 
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nanostructure, as shown in Fig. 6. The figure displays scanning and 
transmission electron microscopy images of the PrNi0.5Co0.5O3-δ (PNC) 
oxide electrode, which consists of hollow-fiber-like strings that form a 
mesh structure [79]. Each string is composed of nanoparticles with a size 
of about 50 nm [79]. The mesh-like electrode can enhance the mass 
transport and gas diffusion throughout the electrode, leading to 
improved electrochemical performance of PCECs. 

2.3.1. Key challenges and opportunities for materials microstructural design 
and optimization 

Optimizing the microstructural parameters of materials is a chal
lenging task that requires engineering the morphology, porosity, grain 
size, and grain boundary to enhance their transport and reaction prop
erties while ensuring their mechanical integrity and durability under 
thermal and electrochemical stress [150,188,195]. However, this chal
lenge also presents an opportunity to create novel and effective micro
structures with tailored properties by engineering the shape, size, 
orientation, and distribution of the grains and pores. This opportunity 
can be actualized by leveraging AI to simulate the fabrication and sin
tering processes of the materials and by optimizing the microstructure 
parameters for a given performance target. The various materials 

aspects relevant to the application of AI for materials development in 
CECs are summarized in Table 2. 

3. Database construction and data pre-processing 

3.1. Database construction 

Data gathering is essential for AI-based materials design, optimiza
tion, and discovery for CECs. Usually, extensive data is organized and 
structured in a database to facilitate easy storage, management, and 
retrieval. The data on CECs materials and systems are generated from 
various sources and methods, such as material simulations, measure
ments, experiments, and general inorganic material databases. It is 
noteworthy that there is no database dedicated explicitly to CECs, but 
such a database can be established by employing suitable material de
scriptors that account for the unique features and challenges of CECs, 
such as the electrochemical reactions, the stability and compatibility of 
materials, and the fabrication and integration of cells. Hence, database 
construction is designing and executing a database system to meet the 
requirements and specifications of materials aspects of CECs [196,197]. 
The data quality in the database system determines the accuracy of the 

Fig. 6. A self-architectured mesh-like PNC electrode with high porosity and nanostructure. (a–d) SEM images of the electrode mesh with different magnifications 
depict a hollow-fiber-like string self-architecture to form a mesh structure. (e,f) TEM images of a single nanofiber composed of ~50 nm particles. Copyright 2020, 
Nature [79]. 
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Table 2 
Summary of the key points relevant to materials development for CECs.  

Materials 
aspect 

Definition Effect on CECs Challenges and opportunities AI applications 

Composition The chemical composition of 
the electrolyte and electrode 
materials 

Determines their intrinsic properties 
such as conductivity, stability, 
compatibility, and catalytic activity 

Finding the optimal doping level or 
mixing ratio; avoiding undesirable side 
effects; exploring new combinations of 
elements or compounds 

Predicting the optimal composition for 
a given property or performance 
target; discovering new materials with 
desirable features 

Structure The crystallographic 
arrangement and defect 
configuration of the 
electrolyte and electrode 
materials 

Affects their transport properties by 
influencing the formation and migration 
of charge carriers; affects their stability 
and compatibility by influencing their 
thermal expansion and phase transition 
behaviors 

Controlling the defect formation and 
migration; preventing structural changes 
or phase transitions; manipulating the 
crystallographic arrangement and defect 
configuration 

Modeling the defect chemistry and 
thermodynamics of the materials; 
designing new structures with 
improved functionality 

Microstructure The morphology, porosity, 
grain size, grain boundary, 
etc. of the electrolyte and 
electrode layers 

Affects their transport properties by 
influencing the effective pathways and 
barriers for charge carriers and gasses; 
affects their catalytic activity by 
influencing the defect concentration and 
mobility 

Optimizing the morphology, porosity, 
grain size, and grain boundary of the 
materials; ensuring the mechanical 
integrity and durability of the materials 

Simulating the fabrication and 
sintering processes of the materials; 
optimizing the microstructural 
parameters for a given property or 
performance target  

Fig. 7. Some relevant opensource inorganic material databases (a) Representation of the thrust of materials project database [199] (b) Content of materials project 
database [200] (c) Overview of AFLOW database applications [201]. 
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AI learning and optimization models [198]. 
The past two decades have experienced an increase and improve

ment in materials database systems. Several open-source databases offer 
valuable resources for developing novel materials. For instance, the 
Materials Project is a globally accessible database that employs high- 
throughput theoretical simulations using density functional theory 
(DFT) to investigate inorganic materials [199,200]. Fig. 7a indicates the 
framework of the materials project, which is to design and compute 
materials-related data, validate, and distribute the data for the broader 
scientific community. Fig. 7b summarizes the nature and number of the 
database content over the years. AFLOWLIB is another database that 
facilitates DFT calculations for various material properties, including 
electronic structure, thermodynamics, and more, to achieve improved 
energy materials for. It contains over 3.5 million materials, and the 
calculated properties are over 730 million, making it an encyclopedia of 
crystallographic prototypes [201]. Fig. 7c depicts the available AFLOW 
applications and documentation from the website. 

The Open Quantum Materials Database (OQMD) is another instance 
that specializes in inorganic crystal structures, leveraging DFT calcula
tions and boasting a collection of approximately 1000,000 hypothetical 
materials properties [202,203]. Another important database is the 
Crystallography Open Database (COD), an open-access collection of 
crystal structures. The COD contains over 502,849 entries as of June 
2023 [204,205]. Researchers in CECs can utilize the COD to access a 
wide range of crystallographic information for AI predictions and 
modeling [206]. The Material Genome Engineering Databases (MGED) 
integrate seven functional modules, such as materials database, mate
rials design tools, data processing software, text mining system, 
high-throughput computational engine, inter-atomic potentials data
base, and materials data mining system, to provide comprehensive tools 
and data for material genome engineering research [207]. These data
bases serve as valuable input data repositories for AI-based methods, 
enabling the prediction and optimization of materials that could be 
tailored for CEC applications. 

Table 3 summarizes some of the key open-source inorganic materials 
databases that could provide useful data for AI-enabled materials dis
covery and optimization for CECs. The databases offer extensive data on 
the properties of inorganic compounds and materials that could inform 
the design of suitable electrolytes, electrodes, and other components for 
CECs. However, none of the databases have CEC-specific data and have 
varying degrees of relevance and limitations with respect to direct 
application to CECs. When utilizing these databases, care must be taken 
to validate data quality and reliability. These resources serve as a good 
starting point and supplemental data source for constructing machine 
learning models and informing materials selections for advanced CECs. 

3.2. Descriptors for materials design in CECs 

Descriptors for materials design play a crucial role in CECs by 
capturing different mechanisms, organizing independent variables, and 
revealing relationships between hidden data and relevant features 
[208]. These descriptors cover the different aspects of materials in CECs, 
including composition, structure, and microstructure. The material 
composition descriptors, which are usually controllable, encompass 
molecular formula, stoichiometric ratio, atomic percent, mass fraction, 
mole fraction, volume fraction, and element, which are correlated with 
various intrinsic material property functions such as thermal expansion 
coefficient, ionic conductivity, triple ionic and electronic conductivity, 
valence state, and oxygen vacancy concentration [108,209–211]. 

The material structure descriptors include bond length, bond angle, 
coordination number, tolerance factor, defect characteristics, and ionic 
radius. These descriptors contribute to material property functions such 
as surface structure, phase stability, crystal structure, charge transfer, 
symmetry, and triple ionic and electronic conductivity [212–216]. 

Regarding material microstructure, descriptors such as morphology, 
pore size, shape, orientation, crystallite size, grain boundary, and grain 
size, shape, and orientation play a crucial role. These descriptors can be 
associated with material transport property functions such as triple ionic 

Table 3 
Summary of relevant materials databases for CECs.  

Database Main Features Relevance to CECs Limitations for CECs URL 

NOMAD CoE Materials informatics and 
machine learning 

Highly relevant for CEC materials 
design 

No specific CEC data; relies on 
computations 

[https://www.nomad-coe.eu/] 

NREL materials database Renewable energy materials data Moderately relevant data could 
apply to CECs 

No CEC-specific data; depends 
on data quality 

[https://materials.nrel.gov/] 

Citrine informatics Materials data analytics and 
machine learning 

Moderately relevant to optimize 
CEC materials 

No CEC-specific data; requires 
login 

[https://citrine.io/] 

OQMD Thermodynamic data from DFT Moderately relevant for CEC 
material stability 

No CEC-specific data; relies on 
computations 

[http://oqmd.org/] 

Materials project High-throughput computational 
data 

Moderately relevant data for CEC 
materials 

No CEC-specific data; relies on 
computations 

[https://legacy.materialsproject. 
org/] 

CompMatRepo Computational examples Slightly relevant computational 
studies for CECs 

No CEC-specific data; requires 
programming 

[https://cmr.fysik.dtu.dk/] 

SUNCAT Catalytic interface studies Slightly relevant to improve CEC 
materials 

No CEC-specific data; requires 
collaboration 

[http://suncat.stanford.edu/] 

ChemSpider Chemical properties data Slightly relevant to find CEC 
materials 

No CEC-specific data; variable 
data quality 

[https://chemspider.com/] 

Crystallography open database Crystal structure data Slightly relevant for potential CEC 
materials 

No CEC performance data [http://www.crystallography. 
net/cod/] 

American mineralogist crystal 
structure DB 

Crystal structure data Slightly relevant for potential CEC 
materials 

No CEC performance data [https://www.geo.arizona.edu/ 
AMS/amcsd.php] 

MPDS Experimental materials data Slightly relevant data could apply 
to CECs 

No CEC-specific data; requires 
login 

[https://mpds.io/#start] 

AFLOW High-throughput material 
computations 

Slightly relevant to inform CEC 
material design 

No CEC-specific data; relies on 
computations 

[http://aflowlib.org/] 

MatNavi Ceramic materials data Slightly relevant data could apply 
to CECs 

No CEC-specific data; requires 
login 

[https://mits.nims.go.jp/en/] 

NIST materials data repository Materials data sharing platform Not relevant No CEC-specific data; requires 
login 

[https://materialsdata.nist.gov/] 

NCCR MARVEL Materials informatics for energy Not relevant No CEC-specific data; requires 
login 

[https://www.nccr-marvel.ch/] 

Materials cloud Computational materials 
platform 

Not relevant No CEC-specific data; relies on 
computations 

[https://www.materialscloud. 
org/]  
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and electronic conductivity, gas diffusion, reaction sites, and surface 
area [209,217–219]. Table 4 summarizes some cogent descriptors and 
property functions that could support the AI methods in CECs in making 
predictions, optimizations, and revealing material-property 
relationships. 

Some more descriptors have been proposed, which could aid in 
designing electrode materials for CECs [198,220–227]. The valence 
state and surface structure have been underscored as crucial factors in 
optimizing the ORR of manganese-based oxides, leading to enhanced 
ORR performance [227]. Calle–Vallejo et al. [226] suggested that the 
outer electrons of transition metal-containing oxides can be a unique 
descriptor for predicting adsorption energies and scaling relationships. 
The A-site ionic electronegativity descriptor has also been explored as a 
reliable parameter for designing effective electrocatalysts [225]. Jacobs 
et al. [224] also found that the oxygen p-band center is an essential 
descriptor of the surface exchange coefficient, which correlates with the 
ORR activity of cathode materials for CECs. Hong et al. [223] demon
strated that reducing the solid-state charge-transfer energy of perov
skites can alter the mechanisms of the OER from 
electron-transfer-limited to proton–electron-coupled to 
proton-transfer-limited reactions in CECs. This concept is vital for 
comprehending the interplay between catalytic mechanisms and inter
facial charge-transfer kinetics, ultimately leading to the discovery of 
electrode materials with superior performance. In addition, bulk ther
mochemistry of transition metal oxides (TMOs) has also been identified 
as a valuable descriptor for electrocatalytic activity in CECs, as it is 
influenced by outer electron configuration [222,226]. This knowledge 
can guide the design of efficient materials for CECs. Lee et al. [220] 
highlighted the significance of the oxygen p-band center and the energy 
associated with oxygen vacancy formation, derived from first-principles 
calculations, as crucial descriptors for catalytic ORR in CECs. These 
descriptors provide insights into the underlying principles governing 
catalytic activity. Suntivich et al. [221] identified eg-filling of surface 
transition-metal ions as a primary descriptor for the ORR activity of 
perovskite oxides. This descriptor has predictive power and provides 
valuable insights into the role of electronic structure in controlling the 
catalytic activity of oxides. Understanding these descriptors can aid re
searchers in gaining a deeper understanding of the basic principles 
influencing the catalytic activity of oxygen and air electrodes in CECs, 
enhancing the smooth discovery and design of more efficient materials. 

Based on the evaluation of descriptors for CEC materials design, we 
can classify them into several broad categories based on their charac
teristics for simplification purposes. These classifications include 
controllable versus uncontrollable descriptors, elemental versus struc
tural descriptors, and numerical versus categorical descriptors. the  

a Controllable versus uncontrollable descriptors: The descriptors 
that can be chosen before synthesizing a material or preparing a 
mixture, such as elements, their stoichiometric ratio, atomic percent, 
mass fraction, mole fraction, volume fraction, and other external 
conditions are called controllable descriptors [108,209,210]. In 
contrast, descriptors such as crystal structure, surface charge, grain 
and crystallite sizes, defects configuration, and more that depend on 
the actual synthesis or material processing are called uncontrollable 
descriptors. Hence, we can infer that all structural and microstruc
tural properties are uncontrollable descriptors since they are not 
external conditions [209,217–219].  

b Elemental versus structural descriptors: Descriptors, such as 
atomic number, electronegativity, or oxidation states, that describe 
the chemical composition of the material are called elemental de
scriptors. On the other hand, descriptors, including bond length, 
bond angle, or coordination number, that describe the geometric 
arrangement of atoms or molecules in a material can be tagged as 
structural descriptors [225,228,229].  

c Numerical and categorical descriptors: The descriptors with a 
continuous range of values, such as band gap, atomic coordinates, 
conductivity, and density of states, are called numerical descriptors 
[230–232]. In contrast, categorical descriptors have a discrete set of 
values, such as space group, oxidation state, or crystal system. For 
instance, extensive research has proven that cubic phase materials 
with a pm3m space group have good oxygen vacancy concentration, 
which is necessary for efficient air or oxygen electrode catalytic ac
tivity [233–235]. 

Elemental descriptors are related to the chemical composition and 
stoichiometry of a material, which affect the intrinsic properties of CEC 
materials such as conductivity, stability, oxygen vacancy concentration, 
and catalytic activity [220]. For example, the choice of elements de
termines the valence state and surface structure of CEC materials, which 
are crucial for catalytic activity [236]. The stoichiometric ratio affects 
the charge balance and oxygen vacancy formation of CEC materials, 
which influence the conductivity and stability [237,238]. Some studies 
have used elemental descriptors such as electronegativity, oxidation 
state, and atomic number to predict the OER activity of perovskite ox
ides and to screen for optimal compositions of CEC materials [223,225, 
229,239]. 

Structural descriptors are related to the geometric arrangement and 
defect configuration of atoms or molecules in a material, which affect 
the phase stability, symmetry, charge transfer, and ionic/electronic 
conductivity of CEC materials [163,164,166]. For example, the bond 
length and bond angle affect the crystal structure and phase transition of 

Table 4 
Some relevant descriptors and material property functions for AI learning and optimization methods in CECs.  

Materials aspects Important descriptors Material property function Ref. 

Material composition  • Molecular formula  
• Stoichiometric ratio  
• Atomic percent  
• Mass fraction  
• Mole fraction  
• Volume fraction  
• Element  

• Thermal expansion coefficient  
• Ionic conductivity  
• Triple ionic and electronic conductivity  
• Chemical stability  
• Catalytic activity 

[108,154,209,210] 

Material structure  • Bond length  
• Bond angle  
• Coordination number  
• Tolerance factor  
• Defect characteristics  
• Ionic radius  

• Surface structure  
• Phase stability  
• Crystal structure  
• Charge transfer  
• Symmetry  
• Triple ionic and electronic conductivity  
• Oxygen vacancy concentration 

[212–215] 

Material microstructure  • Morphology  
• Pores size, shape, and orientation  
• Crystallite size  
• Grain boundary  
• Grain size, shape, and orientation  

• Triple ionic and electronic conductivity  
• Gas diffusion  
• Reaction sites  
• Surface area 

[209,217–219]  
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CEC materials, which influence the symmetry and transport properties 
[212–216]. The coordination number and tolerance factor affect the 
formation and migration of charge carriers and gases in CEC materials, 
which influence the conductivity and catalytic activity. The defect 
characteristics and ionic radius affect the oxygen vacancy concentration 
and electronic structure of CEC materials, which influence the stability 
and conductivity. Some studies have used structural descriptors such as 
bond valence sum, defect energy, and lattice parameter to predict the 
stability and conductivity of CEC materials and to optimize the struc
tural design of CEC materials [212–215]. 

Nevertheless, the various descriptor types have pros and cons in the 
context of AI methods for CECs. The uncontrollable descriptors, for 
instance, are challenging to manipulate and optimize compared with the 
controllable descriptors [209,217–219]. Hence, controllable descriptors 
are more reliable in directly influencing the performance and stability of 
CEC materials, but they cannot capture all the salient information about 
a material. In addition, the elemental descriptors are more straightfor
ward and general than the structural descriptors; however, they do not 
reflect a vivid picture of the diversity and complexity of a material [225, 
229]. The numerical descriptors are more precise and quantitative than 
the categorical descriptors but may require more data and complex 
computation than categorical descriptors [202,204]. A good under
standing of these categories and their pros and cons can aid researchers 
in selecting the appropriate descriptors for AI methods in materials 
design and development for CECs. 

Table 5 provides a comparison of different materials descriptors that 
can be utilized in AI methods for discovering and designing novel ma
terials for CECs. Six descriptor types are analyzed: controllable, un
controllable, elemental, structural, numerical, and categorical. For each 
descriptor type, the table outlines the definition, advantages, disad
vantages, examples relevant to CECs, and the specific relevance to 
modeling and optimizing CEC material properties. 

3.3. Data pre-processing and feature engineering 

After collecting high volumes of data relevant to the materials as
pects of CECs, it is essential to carry out adequate data pre-processing 
and feature engineering [240,241]. These steps are crucial before 
applying AI methods to the data generated from various materials as
pects of CECs. Data pre-processing entails preparing and cleaning raw 
data by handling missing values, encoding categorical variables, and 
normalizing numerical values to facilitate practical feature engineering 
[31]. It is pertinent to clarify that “features” and “descriptors” can be 

used interchangeably in AI materials design and development methods 
[31,241]. Descriptors in the context of materials design for CECs are 
representations of material properties that can serve as inputs for AI 
methods. On the other hand, features can be considered a subcategory of 
descriptors. For example, certain AI methods like deep learning often 
extract features from frequency values or raw pixels when images are 
used as inputs [34]. Therefore, it is essential to focus on effective feature 
engineering to optimize the representation and applicability of CEC 
materials data for AI methods. This involves selecting and engineering 
relevant features that capture the essential characteristics of the mate
rials and align them with the goals of the AI methods. By refining the 
features, the materials data can be better utilized in AI models, leading 
to improved predictions, optimizations, and the discovery of 
material-property relationships in CECs. [242]. Feature selection in
volves creating new features from raw data by transforming existing 
features or using domain knowledge to enhance the performance of 
relevant AI methods for CECs [240,242]. It can help reduce the 
dimensionality and complexity of energy materials data [240] Feature 
selection typically involves four stages, as proposed by Muller [240]: 
pre-feature selection, in-depth feature selection, subset evaluation, and 
result validation (Fig. 8).  

a The pre-feature selection is the first stage of feature selection, and 
it involves screening the features and reducing the dimensionality of 
the data using methods such as clustering, principal component 
analysis, or correlation analysis. This can aid in extracting the 
essential features that capture the variance of CEC structural and 
compositional data or use correlation analysis to identify features 
highly correlated with data from electrochemical process data [240].  

b The in-depth feature selection stage involves applying the filter, 
embedded, or wrapper methods to select the optimal subset of fea
tures from the pre-selected features. The filter method is based on the 
correlation coefficient between the features and the target variable, 
while the wrapper method is based on the LASSO (least absolute 
shrinkage and selection operator) regression technique [242]. The 
in-depth feature selection process aims to find the smallest subset of 
features that achieves the best performance in terms of prediction 
accuracy and model complexity [240]. One popular approach for 
feature selection uses SHapley Additive exPlanations (SHAP) [243, 
244], which assigns each feature a SHAP value reflecting its marginal 
contribution to a model’s output. SHAP values have desirable 
properties like consistency and missingness handling, making them 
suitable for explaining complex ML models [243,245]. SHAP values 

Table 5 
Comparison of descriptors for AI-enabled CECs materials discovery.  

Descriptor type Definition Pros Cons Examples Relevance for CECs 

Controllable [108, 
209,210] 

Descriptors that can be 
chosen before synthesizing a 
material or preparing a 
mixture 

(1) Allow directed design and 
optimization 
(2) Directly influence CEC 
performance and stability 

(1) Cannot fully describe 
a material 

(1) Composition (elements, 
stoichiometry) (2) External 
conditions (T, P) 

Affect intrinsic properties like 
conductivity, stability, 
compatibility 

Uncontrollable 
[209,217–219] 

Descriptors that depend on 
actual synthesis or 
processing 

(1) Capture complexity of 
materials (2) Reflect effects of 
fabrication on CECs 

(1) Hard to manipulate 
and optimize (2) May 
introduce defects in CECs 

(1) Crystal structure (2) 
Grain size (3) Defects 

Affect transport and reaction 
properties by influencing 
charge carrier and gas 
migration. 

Elemental [225, 
228,229] 

Descriptors of chemical 
composition 

(1) Straightforward and 
general (2) Easy to obtain 

- Do not reflect structure 
or interactions 

(1) Atomic number (2) 
Electronegativity 

Affect valence state and 
surface structure crucial for 
catalytic activity. 

Structural 
[233–235] 

Descriptors of geometric 
arrangement of atoms/ 
molecules 

(1) Capture complexity of 
materials (2) Reflect 
crystallography effects on 
CECs 

(1) Hard to obtain (2) 
May require complex 
modeling. 

(1) Bond length (2) 
Coordination number 

Affect phase stability, 
conductivity, oxygen vacancy 
concentration. 

Numerical 
[230–232] 

Descriptors with continuous 
values 

(1) Precise and quantitative 
(2) Capture variation with 
conditions 

(1) Require more data 
and computation (2) May 
introduce data noise 

(1) Band gap 
(2) Density of states 

Affect electronic structure, 
transport properties, kinetics 
of CECs 

Categorical 
[233–235] 

Descriptors with discrete 
values 

(1) Require less data and 
computation (2) Capture 
classification of properties 

(1) Less precise and 
quantitative (2) May 
introduce ambiguity 

(1) Space group (2) 
Oxidation state 

Affect symmetry, phase 
transitions, charge balance of 
CECs  
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can be used to rank features by importance, as those with higher 
average SHAP values have more impact on predictions [246]. 
SHAP-based selection has shown success in materials science, iden
tifying key descriptors for properties like band gaps [246] and crystal 
structures [247]. For CECs, it could reveal influential descriptors for 
ionic conductivity, catalytic activity, and stability. SHAP-based se
lection has benefits like model agnosticism, interpretability, and 
robustness [246]. It can reduce computational costs for CEC models 
by removing irrelevant features. While not the only option, 
SHAP-based selection ispromisingfor enhancing AI-driven CEC ma
terials discovery. SHAP values can be used to rank features by 
importance, as those with higher average SHAP values have more 
impact on predictions [246]. This allows SHAP-based selection of the 
most relevant features for a given model.  

c The subset evaluation step involves evaluating the performance of 
the selected features using an appropriate AI-learning model and a 
suitable metric such as mean absolute error (MAE), root means 
squared error (RMSE), or the coefficient of determination (COF). The 
evaluation should use cross-validation or a separate test set to avoid 
overfitting. Cross-validation can evaluate how well selected features 
and the AI model can predict target property for different operating 
conditions [240].  

d Result validation: This involves validating the feature selection 
results and the AI learning model using independent data or exper
imental measurements. The validation should be able to confirm that 
the selected features and the model can accurately predict the target 
property for new CEC materials or new operating conditions. For 
example, experimental measurements from literature can be used or 
from in-house experiments to compare with predicted values to 
assess their accuracy and reliability [240]. 

4. AI methods relevant to materials design and optimization for 
CECs 

Artificial intelligence (AI) is a specialized field of computer science 
that endeavors to design and develop machines or systems capable of 
performing tasks that conventionally necessitate human cognitive abil
ities, such as learning, reasoning, and decision-making [23]. AI is a 
versatile technology that can be effectively applied to various domains 
of materials science, encompassing materials modeling, simulation, 

characterization, synthesis, and optimization [27]. AI methods can be 
divided into two main categories: learning and optimization. Learning 
methods can learn from data and make predictions or decisions based on 
the learned patterns or rules [248,249]. Optimization methods find the 
best solution or configuration for a problem or objective function. Both 
learning and optimization methods can be used for materials design and 
optimization for CECs, depending on the nature and goal of the problem 
[29,37]. 

Many AI methods are relevant for materials design and screening for 
CECs, including machine learning (ML), deep learning (DL), and opti
mization methods such as Bayesian Optimization (BO), Monte Carlo 
simulation (MCS), Genetic Algorithm (GA), and Particle Swarm Opti
mization (PSO), as simplified in Fig. 9 [27,30,32,34,196,250–264]. Each 
AI method has advantages and limitations, and their performance and 
applicability depend on different material aspects and tasks. This section 
provides an overview of the primary AI techniques that have been uti
lized in material design, which are also pertinent to optimizing CECs. We 
also summarized some guidelines and best practices for selecting and 
using appropriate AI methods for material development in CECs. 

4.1. Learning methods 

AI learning approaches, namely ML and DL, can learn from complex 
datasets and use the knowledge to make informed predictions and de
cisions [36,248,265–267]. This section will extensively discuss these 
two learning methods as relevant techniques for advancing material 
development for CECs. These AI learning methods employ statistical 
modeling and algorithms to help machines identify underlying patterns 
and rules from large volumes of data. As machines continuously learn 
from experience, their performance improves, and the accuracy of their 
predictions gradually increases [24,26,27,268]. 

4.1.1. Machine learning (ML) 
ML is an AI learning method that allows systems to learn from data 

and make predictions or decisions based on the learned patterns or rules 
[264]. This approach can use several algorithms, such as regression, 
classification, clustering, and dimensionality reduction, to perform 
various tasks [264,269,270]. The three primary ML types are super
vised, unsupervised and reinforcement learning [271,272]. Supervised 
learning involves training a system to learn a mapping function from 
input to output data using labeled data (training data) [273,274]. The 
system can then use the learned function to predict the output for new 
input data (test data) [36]. In contrast, unsupervised learning trains a 
system to discover patterns or structures in input data without labels or 
guidance, which can cluster, classify, or generate new data [275]. 
Finally, reinforcement learning trains a system to learn an optimal 
policy or strategy for interacting with an environment based on feedback 
from its actions (rewards or penalties), allowing the system to maximize 
its cumulative reward over time [276]. Fig. 10 schematically summa
rizes the various ML algorithms in existence. 

ML has diverse applications for CECs, ranging from predicting ma
terials properties [196] to optimizing materials composition [32] and 
designing materials microstructures [277]. Moreover, ML can be com
bined with other computational methods, such as density functional 
theory (DFT), molecular dynamics (MD), and finite element method 
(FEM), to develop hybrid models that leverage the strengths of both 
approaches [24,32,35,36]. For instance, ML can generate surrogate 
models or interatomic potentials that reduce DFT or MD simulations’ 
computational cost and complexity [278,279]. Furthermore, ML can 
generate reduced-order models or surrogate models that can approxi
mate the solutions of FEM simulations. In Table 6, we summarize the 
advantages and limitations of ML, and in Fig. 11, we present a flowchart 
of the guidelines and best practices for selecting and applying ML 
methods in CECs. The flowchart comprises three main steps: (i) selecting 
a suitable ML technique based on the task’s nature and objective, (ii) 
choosing an ML algorithm that is most appropriate for the data’s 

Fig. 8. Stages of feature selection.  
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characteristics and the problem’s complexity, and (iii) systematically 
selecting appropriate hyperparameters when training the ML models. 
Each step includes further sub-steps that provide additional details and 
considerations for selecting and applying ML methods to material 
development in CECs [280,281]. 

While the studies shown in Fig. 12 are not directly focused on CEC 
materials, they illustrate general principles for how ML can be applied in 
inorganic materials discovery. For instance, Fig. 12a demonstrates how 
the chemical similarity of different elements, quantified by their Men
deleev number, can be correlated to the number of new compounds 
formed by combining those elements in an A-B-O system [296]. This 
provides insights into utilizing elemental properties and ML predictions 
to guide the exploration of new material compositions. 

Similarly, Fig. 12b shows how the gab correlation metric captures 
ionic radii differences between common ICSD cations [297]. While not 
specific to CEC electrolytes or electrodes, such descriptors of elemental 
properties and structural features could also inform ML models for 
predicting promising compositions and structures when designing novel 

materials for CECs. The concepts are generally applicable, but care must 
be taken to use descriptors and training data relevant to the target CEC 
materials to produce valid predictions. 

4.1.2. Deep learning (DL) 
DL is a branch of AI learning methods that focuses on creating deep 

neural networks (DNNs) comprising multiple layers of neurons capable 
of learning complex and abstract features from data [34,249]. DNNs can 
be considered universal function approximators that can model any 
nonlinear relationship between input and output with enough neurons 
and layers [298]. Additionally, DNNs are hierarchical feature extractors 
that can learn different levels of abstraction from data, such as edges, 
shapes, and objects. 

DL can be applied to various material aspects and tasks related to 
CECs, such as generating materials structures, designing materials 
properties, and optimizing materials performance [34,249,262]. DL 
methods, such as generative adversarial networks (GANs), variational 
autoencoders (VAEs), and graph-neural networks (GNNs), have been 

Fig. 9. Schematic illustrating the application of relevant AI methods in designing and optimizing materials for CECs.  

Fig. 10. Schematic illustrating various ML algorithms. Adapted from Elsevier [241] Copyright 2021.  
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Table 6 
Summary and comparison of AI methods relevant to materials design and optimization for CECs.  

AI method Type Main features Advantages Limitations 

Machine 
learning (ML) 

Data-driven 
(Learning 
method) 

Learning from data and making 
predictions or decisions based on 
learned patterns or rules [198,269,281] 

(1) Handling large and complex data sets (2) 
revealing hidden patterns or correlations in 
data (3) learning from existing data and 
extrapolating to new data (4) adapting to 
changing data or environments [198,269, 
281] 

(1)Requiring sufficient amount of high- 
quality and representative data (2) suffering 
from overfitting or underfitting problems (3) 
lacking interpretability or explainability 
[281,282,283] 

Deep learning 
(DL) 

Data-driven 
(Learning 
method) 

Creating deep neural networks that can 
learn complex and abstract features 
from data [249,251] 

(1) Handling complex and high-dimensional 
data sets(2) learning high-level and abstract 
features from data(3) learning end-to-end 
mappings from input to output(4) adapting to 
changing data or environments [34,262,284] 

(1)Requiring vast amounts of high-quality 
and representative data(2) suffering from 
overfitting or underfitting problems(3) 
lacking interpretability or explainability 
[282,283] 

Genetic 
algorithms 
(GAs) 

Evolutionary 
(Optimization 
method) 

Creating evolutionary models that can 
explore and optimize the materials 
design space using fitness functions or 
surrogate models [285,286,287] 

(1) Handling discrete and combinatorial 
optimization problems(2) exploring a large 
and diverse design space(3) discovering 
novel and optimal solutions(4) adapting to 
changing data or environments [285,286, 
287] 

(1) Requiring a large number of evaluations 
or simulations(2) suffering from premature 
convergence or stagnation problems(3) 
lacking interpretability or explainability 
[282,283] 

Bayesian 
optimization 
(BO) 

Probabilistic 
(Optimization 
method) 

Creating sequential models that can 
select and evaluate the most promising 
materials candidates using acquisition 
functions or surrogate models [288,289, 
290] 

(1) Handling noisy and expensive 
optimization problems(2) exploiting the 
trade-off between exploration and 
exploitation(3) incorporating prior 
knowledge or beliefs(4) updating its model or 
parameters based on new observations or 
feedback [288,289,290] 

(1) Requiring a suitable probabilistic model 
or surrogate model(2) suffering from the 
curse of dimensionality or scalability 
problems(3) lacking interpretability or 
explainability [282,283] 

Neural networks 
(NNs) 

Data-driven 
(Learning 
method) 

A computational model that consists of 
multiple layers of interconnected nodes 
(neurons) that can learn from data and 
perform complex tasks [251,257,291] 

(1) Can approximate any nonlinear function 
[184] (2) Can handle high-dimensional and 
heterogeneous data(3) Can adapt to changing 
data and environments [251,257,291] 

(1) Require large amounts of data and 
computational resources (2) Suffer from 
overfitting and lack of interpretability (3) 
Sensitive to the choice of hyperparameters 
and network architecture [251,257,291] 

Gaussian 
regression 
(GR) 

Probabilistic 
(Learning 
method) 

A statistical method that models the 
relationship between a dependent 
variable and one or more independent 
variables using a Gaussian process prior 
[290,292,293] 

(1) Can provide uncertainty estimates along 
with predictions (2) Can incorporate prior 
knowledge and domain expertise (3) Can 
handle nonlinear and nonstationary data 
[290,292,293] 

(1) Require high computational cost for large 
datasets (2) Sensitive to the choice of kernel 
function and hyperparameters (3) Prone to 
numerical instability and ill-conditioning 
[290,292,293] 

Support vector 
machines 
(SVM) 

Data-driven 
(Learning 
method) 

Creating models that can find the 
optimal decision boundary between 
classes using kernel functions or 
surrogate models [271,294] 

(1) Effective in high dimensional spaces (2) 
Kernel flexibility to handle linear and non- 
linear problems (3) Fast prediction using 
support vectors (4) Both classification and 
regression skills [260,295] 

(1) Advanced settings and parameter tuning 
required (2) Suitable for small datasets (3) 
Costly computation and scaling issues (4) 
Feature vectors required (5) Low 
interpretability and overfitting risk [260, 
295]  

Fig. 11. Guidelines and best practices for selecting and applying ML methods for CECs.  
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employed to create sturdy models for designing and optimizing CECs 
[254,262,298,284]. GANs can generate realistic and innovative mate
rials structures by building generative models from random noise [32]. 
VAEs can encode and decode materials structures into latent spaces to 
create generative models, making interpolation and manipulation easier 
[299,300]. Fig. 13 (a,b) depict the application of VAE models for 
analyzing the martensitic microstructure of alloys from SEM images. The 
model outputs the concentrations of the alloy components and com
presses the images into a low-dimensional latent space, which captures 
the essential features of the microstructure [301]. Graph-based models 
that directly access the structural representation of molecules and ma
terials can be created using GNNs [302]. The advantages and limitations 
of DL are summarized in Table 6. 

Fig. 14 presents a flowchart outlining guidelines and best practices 
for the selection and implementation of DL methods in CECs. The 
flowchart is composed of three primary steps that involve selecting a 
suitable DL method based on the task’s nature and objectives, selecting 
an appropriate DL model architecture based on the data’s characteristics 

and problem complexity, and using relevant hyperparameters and 
optimization methods during DL model training and testing. Each step 
contains sub-steps that provide further details and considerations for 
applying DL methods in CEC material development. These guidelines 
emphasize the importance of carefully considering the problem, data 
type, and task complexity when selecting and utilizing DL methods in 
CEC research [303,304]. 

Hwang et al. [34] proposed a neural network model capable of 
segmenting and analyzing the microstructure of SOFC anodes with 
different phases. The approach employed a convolution technique to 
capture fine details and boundaries of the phases. As shown in Fig. 15, 
their model was successful in accurately identifying and segmenting the 
different phases present in the anodes. 

In addition to the material science applications covered in this re
view, DL methods like GANs are also gaining traction in other engi
neering fields [249,305]. For example, recent work has employed GANs 
to generate optimized multiphase microstructures for direct internal 
reforming SOFCs [306]. Other studies have applied GANs to produce 

Fig. 12. Examples of ML application in materials development (a) New compounds by A− B− O system and Mendeleev number. The plot displays the number of new 
compounds discovered for each pair of A and B elements. The elements are ordered by their Mendeleev number along the x-axis and y-axis Copyright 2010, American 
Chemical Society [296]. (b) Logarithmic plot of gab correlation pair for 60 most common cations in ICSD sorted based on Mendeleev number. Copyright 2011, 
American Chemical Society [297]. 

Fig. 13. (a,b) Sub-images of martensitic microstructure from SEM image and ML model (VAE) with encoder, decoder, and regression sub-models. The model outputs 
alloy concentrations and compresses images into latent space. Copyright 2021, Wiley [301]. 
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optimized fin configurations for micro heat pipe cooling systems [307]. 
These applications demonstrate the versatility of DL techniques in 
solving complex design and optimization problems across disciplines. 

4.2. Optimization methods 

Optimization methods are a type of AI technique that can discover 
the optimal solution or configuration for a specific problem or objective 

Fig. 14. Guidelines for selecting and using DL methods for CECs.  

Fig. 15. A deep learning-based approach for applying semantic segmentation to the quantitative microstructure analysis of multiphase SOFC anode composites. (The 
neural network architecture that uses atrous convolution is shown in the dotted boxes.) Copyright 2021, Reproduced with permission from Elsevier [34]. 
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function. These methods use various approaches, such as search, sam
pling, or evolution, to explore the solution space and evaluate the 
quality of the solutions. Optimization methods are versatile and can 
optimize materials composition, microstructure, performance, synthe
sis, processing, and testing conditions for CECs. Among the various 
optimization algorithms used in AI-driven CECs research [265,288,289, 
308], Genetic Algorithm (GA) and Bayesian Optimization (BO) are the 
most widely adopted. Consequently, this section focuses on these two 
algorithms. 

4.2.1. Genetic algorithms (GAs) 
Inspired by the process of natural evolution, GAs are a class of AI- 

based optimization methods that use selection, mutation, crossover, 
and survival of the fittest to explore and optimize the materials design 
space. By using a fitness function as a learning algorithm, they can aid in 
the discovery of optimized solutions [295]. The existing body of litera
ture [290,295,309,310] suggests that GAs have been used in various 
aspects of CECs, including material microstructure design, optimization 
of material composition, and material structure generation [290,295, 
309,310]. Furthermore, GAs can also be integrated with other learning 
and optimization methods, such as neural networks (NNs) and Bayesian 
optimization (BO), to create hybrid models for more effective optimi
zation [290,310]. Surrogate models or fitness functions can be created 
using neural networks (NNs), which can aid in reducing the computa
tional cost and complexity of GAs [310]. Global optimizers such as GAs 
can be used in conjunction with BO to select and evaluate the most 
promising materials candidates using sequential models [290,309]. 
Table 6 summarizes the advantages and limitations of GAs. Johnston 
was one of the pioneers in applying GAs in material development and 
reviewed the geometry optimization of clusters and nanoparticles 

through potential energy functions [311]. In his work, he talked about 
the fundamental ideas and principles behind GAs and how these could 
be modified to navigate the complicated potential energy surfaces of 
clusters and nanoparticles. Additionally, he showcased his GA program, 
which he created to deal with various potential energy functions and 
cluster representations [311]. He exhibited the adaptability and efficacy 
of his program by utilizing it to explore numerous instances of model 
clusters and nanoparticles, such as Morse clusters, ionic MgO clusters, 
and bimetallic "nanoalloy" clusters [311]. GA has shown promise in 
material development, as reported by recent studies [285,308]. Oz et al. 
[285] used GA to optimize the parameters of a kinetic model for the ORR 
of cathode materials SOFCs. They used AC impedance spectroscopy 
(ACIS) to measure the electrochemical performance of two cathode 
materials, Ba0.5Sr0.5Fe0.91Al0.09O3-δ and Ba0.5Sr0.5Fe0.8Cu0.2O3-δ, with 
different electrolytes, La0.8Sr0.2Ga0.8Mg0.2O3-δ and 
Ba0.5Sr0.5Ce0.6Zr0.2Gd0.1Y0.1O3-δ. Impedance spectroscopy genetic pro
gramming (ISGP), a technique that combines GA with ACIS, was then 
used to find the distribution function of relaxation times (DFRT) that 
best fits the experimental data. The DFRT model describes the ORR 
mechanism by decomposing it into several polarization subprocesses 
with different time constants and resistances. The GA was used to find 
the optimal values of these parameters that minimize the error between 
the DFRT model and the experimental data. They applied this approach 
to compare the ORR mechanisms of the two cathode materials and 
identify each system’s rate-limiting steps [285]. Fig. 16 presents a 
flowchart that provides best practices for selecting and using genetic 
algorithms (GAs) to solve complex optimization problems in material 
design and optimization for CECs. The chart comprises four main steps: 
(i) selecting the appropriate GA type based on how the design variables 
are represented, (ii) selecting an appropriate GA algorithm that fits the 

Fig. 16. Simplified Chart illustrating the guidelines and best practices for selecting and using GAs for CECs.  
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problem’s characteristics and complexity, (iii) selecting an appropriate 
GA model architecture based on the problem’s type and size, and (iv) 
choosing the right hyperparameters and optimization methods for 
running the GA models. These guidelines can help researchers and 
practitioners use GAs effectively [286,308,311]. 

4.2.2. Bayesian optimization (BO) 
BO is an AI-based optimization method that relies on Bayesian 

inference and sequential decision-making. Its applications in CECs are 
diverse, ranging from optimizing materials composition to designing 
materials properties and generating materials structures [288,289,290]. 
BO can also be combined with other AI methods, such as GAs and NNs, 
to create hybrid models, leveraging the strength of multiple techniques 
[288,290]. For instance, GAs can serve as global optimizers exploring a 
large and diverse design space using BO as a local optimizer, while NNs 
can create surrogate models or fitness functions that reduce the 
computational cost and complexity of BO [288,290]. The advantages 
and limitations of BO are summarized in Table 6. 

Liang et al. [82] provided an example of how BO can be used in 
material development. They used BO to benchmark the performance of 
different surrogate models and acquisition functions across multiple 
experimental material science domains. They compared BO to random 
sampling and grid search methods and found that Gaussian Process (GP) 
with anisotropic kernels and RF were the most robust and effective 
surrogate models for BO. They also reported that BO can significantly 
improve the materials discovery process compared to other methods. 

Hou et al. [312] extensively reviewed how BO can be used to 
determine physical parameters of physics models, design experimental 
synthesis conditions, discover functional materials with targeted prop
erties, and optimize atomic structures. They explained the fundamental 
methodologies associated with BO, such as surrogate models, 

acquisition functions, and hyperparameter optimization. 
Like other AI methods described in this study, a flowchart outlining 

the guidelines and best practices for selecting and utilizing BO methods 
for CECs is provided in Fig. 17. The flowchart consists of four main steps: 
selecting an appropriate type of BO method based on the nature and 
objective of the problem, choosing a suitable BO algorithm based on the 
characteristics and complexity of the problem, selecting an appropriate 
BO model architecture based on the type and size of the problem, and 
selecting suitable hyperparameters and optimization methods when 
running BO models. 

While many AI models for materials discovery act as black boxes 
without inherent interpretability [251,266,267], some recent works 
have explored more transparent AI techniques in the context of CECs 
[35,224,268]. Explainable AI methods attempt to make complex models 
more understandable by extracting meaningful insights about the re
lationships learned by the model. For example, Weng et al. [268] used 
symbolic regression, a type of genetic programming, to discover simple 
analytical expressions linking perovskite composition to catalytic ac
tivity. The generated equations provided direct insight into how the 
underlying descriptors influence the target property. In another study, 
Zhai et al. [35] introduced a physical descriptor called ionic Lewis acid 
strength and used machine learning to demonstrate its correlation with 
oxygen reduction activity. This provided an interpretable link between a 
material’s electronic structure and its catalytic performance. Jacobs 
et al. [224] identified the oxygen p-band center as a useful descriptor for 
rationalizing trends in the surface exchange kinetics of perovskite 
cathodes. The p-band model gave a clear theoretical basis for how this 
electronic structure characteristic controls the material’s activity. 

Fig. 17. Simplified chart outlining the guidelines and best practices for selecting and applying BO in materials development for CECs.  
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5. Case studies of AI-predicted and synthesized materials for 
CECs 

5.1. AI-learning method-based approaches 

Several researchers have employed AI-learning methods comprising 
ML and DL techniques to expedite the development of materials for 
CECs. These approaches leverage AI learning algorithms to predict 
material properties, accelerate screening processes, and guide material 
synthesis for enhanced performance. The following case studies exem
plify the effectiveness of these AI-driven methods in materials design for 
CECs: 

Wang et al. [36] used ML models to accelerate the development of 
efficient mixed protonic–electronic conducting oxides as the air elec
trodes for protonic ceramic cells (PCCs), as illustrated in Fig. 18. They 
predicted the hydrated proton concentration (HPC) of over 3000 new 
oxides and screened the most promising candidates. They then synthe
sized and tested one of the candidates, La0.7Ca0.3Co0.8Ni0.2O3-δ 
(LCCN7382) and found that it showed high performance (719 mW cm− 2 

at 650 ◦C in fuel cell mode) and stability as an air electrode, demon
strating the efficacy of AI-ML-driven method for material design. 

Fig. 18 provides a schematic illustration of the machine learning 
workflow used by Wang et al. [36] to accelerate the development of 
efficient mixed protonic-electronic conducting oxide cathodes for PCCs. 
The key steps include:  

1 Compiling a database of 3000+ ABO3 perovskite oxides along with 
their DFT-calculated HPC values as a target property.  

2 Using this dataset to train a RF-ML model to predict HPC. 
3 Screening the ML-predicted HPC values to identify the most prom

ising candidates.  
4 Validating the ML predictions by experimentally synthesizing and 

testing the cathode material LCCN7382, which demonstrated high 
performance. 

The novelty of this approach lies in utilizing high-throughput DFT 
data coupled with ML predictions to rapidly navigate the materials space 
and discover enhanced protonic-electronic conducting oxides. The 
experimental validation proves the efficacy of the ML-driven method
ology for accelerating the development of novel CEC cathode materials 

[36]. 
Zhai et al. [35] devised a machine-learning-based approach to 

expedite the exploration of efficient oxygen reduction electrodes for 
ceramic fuel cells. The methodology entailed gathering data on the ORR 
performance of various perovskite oxides, selecting nine ionic de
scriptors as material characteristics, and utilizing machine learning to 
establish connections between these descriptors and ORR activity. The 
authors introduced the ionic Lewis acid strength (ISA) as an effective 
physical descriptor to enhance the ORR activity of perovskite oxides. 
The experimental validation of this approach led to the successful syn
thesis and characterization of four oxides exhibiting superior activity 
metrics. Notably, among the tested oxides, Sr0.9Cs0.1Co0.9Nb0.1O3 
(SCCN) demonstrated the highest performance with an ASR of approx
imately 0.019 Ω cm2 and a peak power density (PPD) of around 2050 
mW cm− 2 at 650 ◦C. The manipulation of A-site and B-site ISAs in 
perovskite oxides resulted in significant improvements in surface ex
change kinetics. Theoretical calculations revealed that this enhanced 
activity primarily originated from the redistribution of electron pairs 
induced by the polarization distribution of ISAs at A and B sites, leading 
to a substantial reduction in oxygen vacancy formation energy and 
migration barrier. 

Fig. 19 outlines the ML workflow developed by Zhai et al. [35] to 
rapidly explore and identify efficient oxygen reduction electrode mate
rials for CFCs. The key steps are:  

1 Compiling a dataset of perovskite oxides with their experimentally 
measured ORR activities.  

2 Extracting nine composition-based ionic descriptors (features) for 
each material. 

3 Using regression models like ANN and RF to correlate the ionic de
scriptors to the ORR activity.  

4 Introducing a new physical descriptor called ionic Lewis acid 
strength (ISA) that strongly predicts ORR activity. 

5 Validating the approach by experimentally synthesizing and char
acterizing four oxides with optimized ISA, which demonstrated 
enhanced performance. 

The novelty of this methodology is using ML models to reveal the ISA 
as an influential descriptor for ORR activity. This provides new physical 
insights to guide the design of improved electrode materials. The 

Fig. 18. (a) A schematic illustration of the machine-learning-accelerated 
development of efficient mixed protonic–electronic conducting oxides as the 
air electrodes for protonic ceramic cells. 

Fig. 19. A schematic illustration of the machine-learning-driven approach to 
predict efficient oxygen reduction electrodes for ceramic fuel cells, where ionic 
Lewis acid strength (ISA) is introduced as a physical descriptor for the oxygen 
reduction reaction (ORR) activity of perovskite oxides [35]. 
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experimental validation highlights the power of combining data-driven 
ML techniques with targeted synthesis and testing. 

Yang et al. [313] used ML to assist in predicting long-term perfor
mance degradation on SOFC cathodes induced by chromium poisoning. 
They used electrochemical impedance spectroscopy data to train a 
neural network model and validated it with experimental results. They 
predicted the performance degradation of cathode materials based on 
SrFeO3 with different dopants, i.e., SrFe0.75M0.25O3-δ (M = Co, Fe, Mn, 
Nb, and Ni), and found that the predicted data matched well with the 
experimental results; hence they concluded that ML approach could 
provide useful insights into the degradation mechanism of Cr-induced 
cathode material degradation. 

Toyoura et al. [314] proposed an ML-based selective sampling pro
cedure for identifying the low-energy region in a potential energy sur
face (PES) of a proton in a proton-conducting oxide, barium zirconate 
(BaZrO3). They used a Gaussian process (GP) model to construct a sta
tistical PES model and to select grid points in the configuration space 
that are most likely to have low potential energies. They also estimated 
the threshold of the low-energy region and the number of unsampled 
low-energy points and stopped when the sampling was sufficient. They 
demonstrated the efficiency and accuracy of the procedure by 
comparing it with other sampling methods, such as random sampling 
and preliminary PES sampling. They showed that the procedure could 
successfully identify the low-energy region characterizing the proton 
conduction mechanism in BaZrO3, which involved rotational and hop
ping paths of protons around oxygen ions. This work could be consid
ered a good case study for applying AI methods (ML) to develop 
materials for CECs. It demonstrated how their approach could accelerate 
and enrich the discovery cycle of materials by exploiting data, 

simulation, and automation. 
Hwang et al. [284] proposed a novel method of integrating semantic 

segmentation-assisted DL to quantitative multi-phased microstructural 
analysis in composite materials, using cathode composite materials of 
SOFCs as a case study. They used a focused ion beam (FIB) to extract 3D 
images of the cathode layers, which were then processed by image-based 
stereological characterization to obtain size distributions and inter
connectivity of the three phases: Ce0.9Gd0.1O2-δ (GDC), La0.6Sr0.4CoO3-δ 
(LSC), and pores, as illustrated in Fig. 20 (a,b). They then applied a 
CNN-based DL algorithm named DeepLabV3+ to segment the images 
and extract features that capture the contrast and boundaries of the 
phases. They finally demonstrated the accuracy, efficiency, and appli
cability of the DL approach by comparing it with manual segmentation 
and showing its ability to analyze the 9.5 μm × 9.5 μm × 2.4 μm volume 
of each sample. Hwang et al. [34] also explored the suitability of se
mantic segmentation for quantifying the microstructure of Ni, YSZ, and 
pores in the anode of SOFCs, which are essential for SOFC performance 
and efficiency, as depicted in Fig. 20 (c,d). They used a FIB-SEM system 
to obtain high-quality image data of the anode composites and applied 
DeepLabV3+, a semantic DL segmentation algorithm, to extract quan
titative parameters such as the interconnectivity, volume fraction, 
interphase boundaries, and triple phase boundaries. They found that the 
semantic segmentation-assisted DL approach effectively characterized 
the microstructure of the anode composites and that the intersection 
over union (IoU) of pixels was used to measure the accuracy. 

Zheng et al. [315] developed a novel porous heterostructured cath
ode material Nd0.8Sr1.2CoO4±δ/Nd0.5Sr0.5CoO3-δ (NSC214/113) for inter
mediate temperature SOFCs that showed enhanced ORR kinetics with a 
high PPD of 1.10 W cm− 2 at 800 ◦C. They utilized AI learning methods 

Fig. 20. Stereological analysis of the phase images to obtain microstructural parameters: (a) original electron microscopy image (light gray: GDC, dark gray: LSC, 
and black: pore), (b) image inferred by deep learning with semantic segmentation (blue: GDC, green: LSC & red: pore). Copyright 2020, Elsevier [284]. The dis
tribution of Ni and YSZ phases in the anode composites obtained by deep learning segmentation (blue: Ni, green: YSZ & red: pores) (c) original electron microscopy 
image (d) ground truth images. Copyright 2021, Elsevier [34]. 
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such as adaptive neuro-fuzzy inference system (ANFIS) and ANN to 
screen and optimize the cathode materials based on their thermal 
expansion coefficient (TEC) and microstructure. They found that the 
formation of heterojunction between NSC214 and NSC113 can lead to a 
narrowed energy bandgap and a decrease of the Co oxidation state, 
which further induces better conductivity, more available electrons, and 
oxygen vacancies to enhance the ORR. 

Zhang et al. [280] reviewed a machine learning-facilitated multi
scale imaging approach for energy materials. They introduced the 
concept of ML imaging, which uses ML models to assist or replace 
human intervention in image acquisition, processing, analysis, and 
visualization. DL models, such as CNNs, GANs, and deep reinforcement 
learning (DRL) techniques, addressed different challenges in the multi
scale imaging of energy materials. They then expounded on applying the 
ML imaging approach to several case studies, such as X-ray tomography 
of lithium-ion batteries, electron microscopy of perovskite solar cells, 
and scanning probe microscopy of 2D materials. They demonstrated that 
ML imaging could improve image quality, resolution, speed, and inter
pretation and enable new imaging modalities and functionalities. The 
limitations and prospects of ML imaging for energy materials research 
were highlighted in the study. 

Hsu et al. [316] used a large-scale, experimentally captured 3D 
microstructure data set of SOFC electrodes to train a GAN. They then 
used the GAN to generate 3D microstructures that are visually, statisti
cally, and topologically realistic, with similar properties to the original 
microstructure. They also compared their results with another genera
tion algorithm called DREAM.3D. They found that the GAN-generated 
microstructures matched the electrochemical performance of the orig
inal better than DREAM.3D. Their study demonstrates that GAN can 
capture and represent the essence of complex microstructures in a 
compact and manipulatable form. Wang et al. [265] developed a 
data-driven powder-to-power framework (see Fig. 21) based on nu
merical simulation, ML, and multi-objective optimization to predict and 
optimize the performance and durability of heterogeneous electrodes for 
CECs. They used a discrete element method to simulate the particle 
packing of NiO, YSZ, and pore former powders, a phase-field method to 
track the morphology evolution of Ni-based electrodes from sintering to 
reduction and long-term operation, and a lattice Boltzmann method to 
evaluate the electrochemical performance of the electrodes. They used 
an support vector machines (SVM) regression algorithm to construct a 
surrogate model that can quickly predict the electrode overpotentials 

under different fabrication parameters. They used a global sensitivity 
analysis to assess the importance of each parameter on the electrode 
performance and a multi-objective GA to find the optimal electrode 
microstructure and operating conditions that minimize the degradation 
rate and maximize the efficiency. They validated their framework by 
comparing the predicted and experimental polarization curves of Ni-YSZ 
electrodes with different compositions. They showed that their frame
work reduced the degradation rate of Ni-based electrodes from 2.132 % 
to 0.703 % kh− 1 with a required maximum operation time of over 50, 
000 h. This study demonstrates the potential of data-driven methods for 
designing and optimizing CECs with high performance and durability. 

These diverse case studies demonstrate that AI-learning methods are 
powerful tools for accelerating materials discovery and optimization in 
CECs. These methods enable researchers to efficiently explore vast ma
terial spaces, predict material properties, and identify promising can
didates for synthesis and testing. Integrating AI-driven methods with 
experimental validation showcases their potential to drive advance
ments in CEC technology and facilitate the development of high- 
performance materials for sustainable energy conversion and storage. 

5.2. AI-optimization method-based approaches 

In addition to AI-learning methods, AI-optimization methods have 
also been employed to enhance the characterization and performance 
evaluation of materials for CECs. These approaches utilize advanced 
algorithms to optimize experimental parameters and image analysis 
techniques. The following case study showcases the application of AI- 
optimization methods in the study of SOFC materials: 

Meffert et al. [317] employed an innovative approach to optimize 
SEM imaging parameters for studying SOFC materials. Using Monte 
Carlo simulations (MCS), they investigated the influence of various 
secondary and backscattered electron (BSE) detectors and detection 
geometry on the image intensities. To prepare the SOFC samples, the 
researchers followed a deterministic technique involving screen printing 
and co-sintering on a substrate, followed by resin infiltration. They 
performed FIB-SEM tomography experiments using a state-of-the-art 
instrument and applied 3D segmentation and mesh generation 
methods to reconstruct the 3D structure of all functional SOFC layers. 
The study successfully demonstrated the ability of the proposed method 
to distinguish different materials and achieve highly accurate 3D re
constructions of SOFCs with exceptional resolution. 

Fig. 21. (a) The steps of the electrode’s full life cycle from powder compaction to long-term operation. (b) The workflow of the data-driven powder-to-power 
framework, which consists of three sub-modules: the electrode morphology tracking module (Module 1), the electrode performance evaluation module (Module 2), 
and the data-driven optimization module (Module 3). Module 1 digitalizes the evolution of the full life-cycle electrode morphology from powder pressing to long- 
term operation. Module 2 calculates the electrochemical performance based on the electrode morphology, and Module 3 performs the multi-objective optimization 
using a data-driven surrogate model. 
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Xing et al. [318] devised a novel approach to enhance the perfor
mance of SOFC by employing a multi-fidelity surrogate modeling tech
nique. This method utilized spatially distributed outputs and BO. By 
incorporating a feature engineering step and a Gaussian process (GP) 
approximation into the multi-fidelity stochastic collocation method, 
Xing et al. [318] eliminated the necessity of low-fidelity simulations 
during the inference stage. The results indicated that their approach 
outperformed existing multi-fidelity methods, mainly when dealing with 
a limited number of high-fidelity training points, while efficiently 
managing high-dimensional outputs. Also, the authors showcased the 
flexibility of their approach in selecting various optimization objectives, 
including minimum, maximum, or average output values. Moreover, 
their method enabled the incorporation of nonlinear constraints and the 
consideration of multiple objectives. 

Hence, using AI-optimization methods for materials characterization 
and analysis, researchers can fine-tune experimental parameters, opti
mize imaging techniques, and obtain more accurate and reliable data. 
These advancements enhance the understanding of material properties 
and facilitate the design and optimization of materials for CECs. 

This section has provided a comprehensive overview of case studies 
from existing literature that showcase the application of AI in advancing 
the three focused material aspects of CECs. These case studies exemplify 
the potential and opportunities that AI-driven methods offer in materials 
design and optimization for CECs. Table 7 provides a concise overview 
of the case studies discussed in this section, enabling readers to grasp the 
diverse applications of AI in different material aspects of CECs and the 
valuable insights obtained through these studies. The table summarizes 
the main features and outcomes of all the case studies, including the 

Table 7 
Summary of selected case studies of AI-predicted and synthesized materials for CECs.  

Case study Material AI model Data source Method Findings & insights 

Zhai et al.  
[35] 

Electrode ANN, RF, SVM etc. Database, 
Experimental data and 
DFT calculations 

Screening and validation (Learning) Ionic Lewis acid strength is an effective descriptor for 
the oxygen reduction reaction activity of perovskite 
oxides 

Wang et al. 
[36] 

Electrode RF Database and DFT 
calculations 

Screening and validation (Learning) Hydrated proton concentration is an effective descriptor 
for the oxygen evolution reaction activity of mixed 
protonic–electronic conducting oxides. LCCN7382 as a 
promising candidate for air electrode. 

Yang et al. 
[313] 

Electrode NN Experimental data Electrochemical impedance 
spectroscopy (EIS) (Learning) 

Chromium (Cr) poisoning is one of the main sources for 
the performance degradation of solid oxide fuel cells 
(SOFCs) during long-term operation. A neural network 
model is constructed to predict the performance 
degradation of SOFC cathodes based on EIS data. The 
predicted data at 156 h match the experimental results 
well. The effect of dopant elements on the resistance to 
Cr poisoning is studied. SrFe0.75M0.25O3− δ (M = Co, Fe, 
Mn, Mo, Nb, and Ni) are chosen as model systems. 
SrFe0.75Co0.25O3− δ shows the best ASR performance. 

Toyoura 
et al. 
[314] 

Electrolyte GP Database and DFT 
calculations 

Selective sampling procedure for 
identifying the low-energy region in 
a potential energy surface 
(Learning) 

The proposed procedure can efficiently identify the low- 
energy region characterizing the proton conduction in 
the host crystal lattice and that the descriptors used for 
the statistical PES model greatly influence the 
performance. 

Hwang 
et al.  
[284] 

Electrode DeepLabV3+ CNN FIB-based SEM images 
of GDC/LSC composite 

Semantic segmentation with atrous 
convolution and ASPP module 
(Learning) 

Semantic segmentation can accurately and efficiently 
extract microstructural features such as phase fractions, 
size distributions, interconnectivities, and triple-phase 
boundaries. Semantic segmentation can be generalized 
to other multi-phase mixtures and reduce analysis time 
and human error. 

Hwang 
et al.  
[34] 

Electrode DeepLabV3+ CNN FIB-SEM images Semantic segmentation and 
stereology (Learning) 

Semantic segmentation can automatically detect and 
quantify microstructural parameters of multiphase 
composites, such as interconnectivity, volume fraction, 
interphase boundary, and triple phase boundary, which 
are crucial for optimizing SOFC performance. 

Zheng et al. 
[315] 

Electrode ANFIS and ANN Experimental 
measurements and 
literature data 

Modeling and optimization 
(Learning) 

Thermal expansion coefficient and microstructure of the 
heterostructured cathode material can be predicted by 
ANFIS and ANN models, respectively. The 
heterointerface between NSC214 and NSC113 creates 
favorable energy bandgaps and oxygen vacancies for 
oxygen reduction reaction. 

Hsu et al. 
[316] 

Electrode GAN 3D microstructure data 
set 

Learning and generating 3D 
microstructures (Learning) 

Generated microstructures are visually, statistically, 
and topologically realistic, and closely match the 
electrochemical performance of the original; 
demonstrated the potential of generative machine 
learning model to capture and represent the essence of 
complex microstructures in a compact form. 

Wang et al. 
[265] 

Electrode SVM, GSA, GA Numerical simulation 
and database 

Screening and optimization 
(Learning & Optimization) 

Data-driven powder-to-power framework can digitalize 
the full life cycle of heterogeneous electrodes and 
optimize their performance and durability. Ion- 
conducting phase volume fraction is a key parameter to 
suppress Ni coarsening and migration. 

Meffert 
et al. 
[214] 

Electrode and 
Electrolyte 

MCS Material properties and 
SEM images 

Simulation and validation 
(Optimization) 

Simultaneous use of different SE and BSE detectors to 
achieve high contrast for all functional SOFC layers. 

Xing et al. 
[318] 

Electrode and 
Electrolyte 

Multi-fidelity 
surrogate modeling 
with BO 

Physics-based high and 
low fidelity models of 
SOFC 

Sampling refinement and data 
fusion (Optimization) 

Highly accurate predictions of multiple spatially 
distributed quantities at up to 250,000 locations  
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materials aspect, the AI model, the data source, the method, and the 
finding and insights. 

Fig. 22 shows a framework proposed in this study for materials dis
covery for CECs based on the different case studies explored. AI-based 
models for material discovery for CECs typically begin with creating a 
comprehensive database [319]. This data can be acquired through 
various means, including leveraging open-source databases, AFLOWLIB, 
materials project, crystallography open database, conducting experi
mental investigations, and performing theoretical calculations [199, 
201,202,204]. Once the necessary dataset is gathered, pre-processing 
techniques like feature engineering and selection can be applied. 
Selecting a subset of features that can effectively predict the desired 
outcomes becomes crucial, as it helps enhance the model’s accuracy and 
efficiency [240,242]. 

The exclusion of feature engineering/selection could cause over
fitting and unnecessarily increase the model’s computational 
complexity. Subsequently, an AI algorithm will be selected based on the 
objective of the model to be developed. The guidelines for choosing AI 
algorithms have been highlighted in Section 4.1 of the study. The next 
phase is model training and evaluation, where the selected AI algorithm 
is trained on the pre-processed dataset. During this phase, the model 
learns the patterns and relationships between the input features and the 
target variable. After training, the model’s performance is evaluated on 
testing data using appropriate metrics to assess its effectiveness in pre
dicting the desired outcomes. It is proposed that the developed model be 
validated using another set of data apart from the training and testing 
data to confirm its accuracy further. 

After verifying and validating the effectiveness of the developed 
model in predicting the desired outcomes, the model can be deployed in 
the form of a web or mobile application to facilitate material discovery 
for CECs. The application will allow researchers and stakeholders to 
input specific criteria and obtain recommendations for potential mate
rials based on the AI model’s predictions. However, it is essential to note 
that deploying the model in a production environment also comes with 
its own set of challenges. The model’s performance and robustness must 
be monitored and evaluated to ensure reliability. Regular updates and 
improvements may be required to incorporate new data, address 
emerging trends, and enhance the model’s accuracy. 

Furthermore, user feedback and engagement are essential for 
refining and optimizing the model’s performance. Gathering user input 
and incorporating it into the model’s development cycle can help tailor 
the recommendations better to meet the specific needs and preferences 

of the users. 

6. Implications and contributions of the AI approach for CEC 
technologies 

The AI approach for CECs has several implications and contributions 
for advancing the CEC technology, such as:  

i Reducing the trial-and-error experiments by employing data analysis 
and ML to find optimal material designs and synthesis conditions 
[33,196].  

ii Exploring the vast materials space using AI to generate novel and 
diverse candidates for ion-selective membranes (ISMs) based on 
atomic features and experimental data [31].  

iii Discovering novel and optimal materials using DL and reinforcement 
learning to predict critical properties of materials and reveal how 
changes in certain principal parameters affect the overall behavior of 
materials [33]. 

iv Enhancing the understanding of the materials-performance re
lationships by using AI to assimilate trends and patterns within the 
design parameter space and identify key factors that influence the 
performance of CECs [33,196]. 

The AI approach can complement and integrate with other compu
tational and experimental techniques for materials design and optimi
zation for CECs, such as:  

i Density functional theory (DFT), molecular dynamics (MD), high- 
throughput screening (HTS), and combinatorial synthesis (CS) by 
using AI as a bridge between the experimental data and computa
tional chemistry to develop models that can use experimental data 
and atomic properties [31].  

ii Knowledge representation frameworks, planning methods, causal 
inference methods, and algorithmic abstractions of AI-enabled 
human-machine, AI-enabled human-human, and machine-machine 
collaborations in science by using AI to address the bottlenecks of 
the scientific process, such as generating hypotheses, designing, 
prioritizing and executing experiments, integrating data, models, 
and simulations, drawing inferences and constructing explanations, 
reconciling scientific arguments, and communicating across disci
plines [33,196]. 

Fig. 22. Framework for applying AI methods for material discovery in CECs.  
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7. Limitations of the AI approach for CECs 

As with any cutting-edge technology, applying AI in CECs brings 
forth a range of possibilities and opportunities. However, it is crucial to 
acknowledge that the AI approach has limitations. In this section, we 
shed light on the challenges that warrant careful consideration in har
nessing the full potential of AI for CECs.  

i Data quality and availability: The performance and reliability of AI 
models depend on the quality and quantity of the data used for 
training and testing. However, the specific data for certain material 
aspects of CECs may be scarce, noisy, incomplete, or inconsistent, 
which can affect the accuracy and generalizability of the AI models 
[35,154,282].  

ii Model interpretability and generalizability: The AI models for a 
specific aspect of CECs may be complex, nonlinear, and high- 
dimensional, making them difficult to interpret and explain. More
over, the AI models may not generalize well to new or unseen data or 
scenarios, especially when there are changes in the material 
composition, microstructure morphology, and operating conditions. 
This can be due to overfitting or underfitting of the models. Another 
reason that might affect the generalizability is the scarcity of data. 
With limited data, training accurate and reliable models can be 
challenging, leading to potential inaccuracies or errors in the 
models’ predictions. This can be particularly problematic in cases 
where the data are unrepresentative or biased, leading to inaccurate 
or incomplete models that may not accurately capture the full range 
of scenarios or outcomes [282].  

iii Computational power: Developing complex AI models requires 
significant computational power and resources. Training and testing 
AI models can be computationally expensive, time-consuming, and 
resource-intensive for large numerical datasets or high-dimensional 
feature spaces. This can limit the scalability and practicality of AI 
approaches for materials discovery in CECs, especially in cases where 
large amounts of data need to be processed [25,29,282].  

iv Materials synthesis and characterization: The AI models for CECs 
may provide promising candidates for novel and optimal materials, 
but they still need to be synthesized and characterized experimen
tally to validate their predictions. However, materials synthesis and 
characterization may be costly, time-consuming, or challenging, 
especially for complex or novel materials [25,29,282].  

v Dedicated CEC database: Another main limitation of applying AI in 
CEC research and development is the absence of a specialized data
base that can store, share, and analyze data on various aspects of CEC 
materials and systems. Currently, no database is dedicated explicitly 
to CECs, showing the materials’ ASRs, stability, or degradation rates. 
Hence, it is crucial to address this limitation to advance materials 
development for CECs [154].  

vi Limited AI algorithms: The extensive literature review conducted 
in this study shows that previous studies have only focused on 
applying some ML and DL algorithms to CECs research problem. 
Advanced algorithms such as transformer-based models, TabNet, 
reinforcement learning techniques and transfer learning techniques 
are yet to be fully explored. 

8. Recommendations and future direction for the application of 
AI approach for CECs materials design and development 

The limitations of the AI-driven methods highlighted in the previous 
section can be mitigated by improving or extending the models, such as: 

i Data quality and management: ML and DL models are as ac
curate as the data used for their development. The quality, 
quantity, diversity, and accessibility of the data used for training 
and testing the AI models must be ensured. Proper data pre
processing techniques, such as normalization, standardization, 

feature extraction, and dimensionality reduction, should be used 
to improve the performance of the AI models. To improve the 
robustness and generalization capability of the AI models, it is 
essential to use data augmentation techniques, such as rotation, 
scaling, and cropping, using suitable data annotation techniques, 
such as manual labeling, semi-supervised learning, and weakly 
supervised learning can help reduce the burden of supervision 
and enhance the interpretability of the AI models [33,196].  

ii Exploring new data sources and descriptors: Future research 
can explore new data sources and descriptors that can enrich the 
information and representation of materials for CECs. For 
example, image data from microscopy or spectroscopy, text data 
(ASRs, PPDs, and stability) from literature or patents, and graph 
data from molecular structures or networks can improve the 
models [220,320,321].  

iii Creating dedicated CEC database: Dedicated CEC database can 
be established by employing suitable material descriptors that 
account for the unique features and challenges of CECs, such as 
the electrochemical reactions, the stability and compatibility of 
materials, and the fabrication and integration of cells. Some 
possible steps to expedite the creation of this database include 
collecting and organizing data from existing literature, experi
ments, and simulations on CECs materials and systems; devel
oping standardized methods and metrics for data generation, 
validation, and annotation; creating a user-friendly interface and 
platform for data access, sharing, and analysis; collaborating with 
researchers and stakeholders from different disciplines and sec
tors to enrich and update the database; and applying AI methods 
to mine and model the data for material discovery, design, opti
mization, and characterization.  

iv Exploring advanced algorithms: While previous CECs research 
has utilized some ML and DL models, there remains significant 
potential to apply more advanced AI algorithms that have shown 
promise in other domains. Some techniques that could be bene
ficial include, transformer-based models, TabNet, and reinforce
ment and transfer learning-based models. Transformer-based 
models are neural networks that use attention mechanisms to 
capture long-range dependencies and contextual information 
from sequential data. They have been widely used for natural 
language processing and computer vision tasks, but they can also 
be applied to CECs data that have temporal or spatial dimensions. 
For example, transformer-based models can be used to model the 
dynamic behavior of CECs under different operating conditions 
or to analyze the spatial distribution of electrochemical phe
nomena in CECs . TabNet is a novel neural network architecture 
based on attention mechanism that is used for tabular data [322]. 
Tabular data are common in CECs research, such as sensor data 
and experimental measurements. TabNet could be well-suited for 
handling these types of data, as it can learn complex relationships 
from CECs data tables and provide interpretable feature attribu
tions. TabNet has shown high performance with tabular data in 
other applications, such as finance and healthcare. Reinforce
ment learning (RL) methods like deep Q-learning have demon
strated success in applications like games and robotics [323]. For 
CECs, RL could be used to optimize control policies and material 
configurations to maximize performance over time. The sequen
tial nature of RL matches well with the evolving states in CECs. 
For example, RL can be used to find the optimal charging strategy 
for a battery or the optimal operating parameters for a fuel cell 
[324,325]. Regarding transfer learning, given the limited labeled 
data in CECs research, transfer learning provides a way to 
leverage knowledge from related domains. Pretraining models on 
data-rich battery or fuel cell datasets before fine-tuning on CECs 
data could improve performance. Multi-task learning across 
related electrochemical systems is another promising transfer 
learning direction [326]. 
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v Incorporating more features and functionalities: The AI 
models for CECs material development can be improved by 
incorporating more features and functionalities to enhance their 
performance and applicability. For example, multi-scale 
modeling can capture the interactions between different scales 
of materials; multi-objective optimization can find trade-offs 
between different performance criteria; active learning can 
select the most informative data points to update the models 
[283].  

vi Model validation: Several evaluation metrics can be used to 
validate the model on a new set of data [327,328]. These metrics 
include the root mean square error (RMSE), mean absolute error 
(MAE), mean absolute percentage error (MAPE), root mean 
square percentage error (RMSPE), relative absolute error (RAE), 
relative root mean square error (RRSE), and root mean square 
logarithmic error (RMSLE). Further, Cross-validation techniques 
such as k-fold and leave-one-out cross-validation can be applied 
to avoid overfitting and underfitting the AI models. Comparison 
techniques, such as Bayesian model selection, Akaike information 
criterion (AIC), and Bayesian information criterion (BIC), can be 
explored to identify the best AI model among different alterna
tives [33,196]. 

vii Materials synthesis: AI models can be used to guide the syn
thesis of novel and optimal materials for CECs by providing 
suggestions on material composition and synthesis conditions. 
The feedback loops between AI models and experimental syn
thesis can be effectively explored to update and improve the AI 
models based on new data. To establish trade-offs between 
different performance criteria of CECs, multi-objective optimi
zation techniques, such as Pareto optimality and GA, can be 
employed [33,196].  

viii Performance evaluation: AI models can be used to predict the 
performance of CECs under different operating conditions, such 
as temperature, pressure, and humidity. In addition to feature 
importance frameworks, sensitivity analysis techniques such as 
Sobol indices and the Morris method can be used to identify the 
most influential parameters on the performance of CECs. Uncer
tainty quantification techniques such as Monte Carlo and 
Bayesian inference can be used to estimate the confidence in
tervals of the performance predictions [33,196].  

ix Developing hybrid approaches: The AI models for CECs can be 
integrated with other computational and experimental tech
niques to form hybrid approaches that can complement each 
other’s strengths and weaknesses. For example, DFT, Molecular 
Dynamics (MD), and High Throughput Screening (HTS), among 
others, can provide data or insights for the AI models, and the AI 
models can provide suggestions or feedback for the computa
tional or experimental techniques [283].  

x Leveraging domain knowledge and human expertise: The AI 
models for CECs can be enhanced by leveraging domain knowl
edge and human expertise that can provide guidance and con
straints for the models. For example, knowledge representation 
frameworks can encode domain knowledge into symbolic or 
graphical forms; planning methods can generate sequences of 
actions to achieve goals; and causal inference methods can infer 
causal relationships from observational or experimental data 
[283].  

xi Fostering interdisciplinary and cross-sectoral partnerships: 
Interdisciplinary and cross-sectoral partnerships are crucial for 
advancing research and addressing complex challenges. By 
bringing together experts from different fields and sectors, such 
partnerships can foster collaboration and communication, lead
ing to more innovative and impactful solutions. In the context of 
CECs research, such partnerships can help bridge the gap be
tween materials science and AI, enabling the development of 
more advanced AI models for CECs material development. 

Material scientists can provide their expertise in material syn
thesis and characterization, while computer scientists and engi
neers can contribute their expertise in AI and computational 
modeling. Chemists, Physicists, and Biologists can also provide 
valuable insights into the chemical and physical properties of 
CECs and their potential impact on the environment and human 
health [28,283]. 

In addition, partnerships between academia, industry, government, 
and NGOs can help ensure the research is relevant, impactful, and 
responsive to societal needs. Industry partners can provide resources 
and expertise in scaling up and commercializing CECs, while govern
ments and NGOs can help shape policies and regulations that promote 
the safe and sustainable use of CECs. [282,283]. 

9. Conclusions 

We have comprehensively surveyed state-of-the-art AI applications 
for designing materials and optimizing CECs. We have covered various 
material aspects and AI methods relevant to CECs and presented some 
representative case studies of AI-predicted and synthesized materials for 
CECs. We have underscored the main implications and contributions of 
the AI approach for advancing the CEC technology, such as reducing 
experimental trial-and-error, exploring vast materials spaces, discov
ering novel and optimal materials, and enhancing the understanding of 
materials-performance relationships. We have also discussed the AI 
approach’s main limitations and future directions for CECs, such as 
addressing data and model challenges, improving and extending AI 
models and methods, and integrating with other computational and 
experimental techniques. 

This article is significant as it offers a comprehensive and systematic 
overview of the current state-of-the-art and prospects of AI in materials 
design for CECs. It provides a critical analysis of the strengths and 
weaknesses of the AI approach for CECs and offers practical guidance 
and suggestions for researchers and practitioners in this field. This 
article can serve as a valuable reference and source of inspiration for 
future research and development in this emerging and promising area. 

It is essential to acknowledge and address the limitations and chal
lenges present in this article. For example, not all AI methods or material 
aspects relevant to material development for CECs are covered, and 
there is no quantitative or comparative analysis of the effectiveness of 
different AI methods or material candidates. Ethical issues arising from 
using AI in materials design for CECs are also not fully explored because 
we are unaware of that. Future work can extend or complement this 
article by exploring additional AI methods or material aspects, con
ducting more rigorous experiments or evaluations, and addressing 
salient ethical concerns that may have arisen. 
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