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Abstract 

DU Wentao (2220433) 

Conventional catalyst development has largely relied on trial-and-error experiments, which are time-

consuming and costly. To tackle this challenge, data-driven approaches, particularly machine learning (ML), 

have gained prominence in accelerating catalyst discovery and optimization. However, two key challenges 

must be overcome for the practical application of ML in catalyst development. First, complex materials like 

solid catalysts often lack sufficient experimental data for effective ML training. Second, designing 

comprehensive descriptors for materials typically requires deep domain knowledge. The advent of high-

throughput experimentation (HTE) offers a powerful solution to the data scarcity issue in catalysis research. 

Additionally, a recently developed automatic feature engineering (AFE) technique effectively mitigates the 

need for prior system knowledge, addressing the challenge of descriptor design. Dry reforming of methane 

(DRM) is an important catalytic process, typically requiring temperatures above 700 °C for high reactant 

conversion. However, such conditions cause catalyst sintering and deactivation. Operating at 500 °C or 

lower presents a promising alternative, as it can mitigate catalyst degradation and reduce environmental 

impact. Nevertheless, under these milder conditions, undesirable side reactions tend to occur, resulting in 

carbon deposition. To overcome these challenges, the development of active, stable, and selective catalysts 

demands a multi-element design strategy. Therefore, this thesis aims to present an approach for developing 

multi-element DRM catalysts without prior knowledge, leveraging a combination of HTE, ML, and AFE 

within an adaptive experimental design framework. 

The presence of a high-quality, large-scale, and consistent catalyst dataset is essential for effectively 

applying ML to explore the extensive materials space and achieve efficient catalyst design. Therefore, in 

Chapter 2, I present the acquisition of an unbiased training dataset for DRM at 500 °C, comprising 256 γ-

Al2O3-supported multi-element catalysts. These catalysts were prepared through HTE by randomly 

combining 17 elements selected from the periodic table without preconceptions. The resulting data were 

analyzed from multiple perspectives to extract meaningful insights into catalyst design and catalysis. 

Overall, this chapter highlights the effectiveness of unbiased exploration in establishing a robust dataset for 

ML and identifying valuable catalyst design guidelines. 

Catalysis research is often hindered by the limited size of available datasets. This poses challenges for 

training expressive ML models, which typically require numerous tunable parameters to capture complex 

trends. Additionally, the diversity and complexity of catalysts make it difficult to design comprehensive 

descriptors based on physicochemical intuition. To overcome this, in Chapter 3, a two-step ML approach 

with AFE was introduced to generate effective descriptors directly from composition, enabling simple 

models to accurately capture performance trends without prior knowledge. Using the unbiased DRM dataset 

constructed in Chapter 2, an active learning loop was implemented by integrating AFE, farthest point 

sampling (FPS), and HTE. This iterative framework expanded the compositional space from 17 to 45 

elements and guided efficient exploration of the catalyst landscape. Finally, this approach enabled the 

construction of a robust predictive model for identifying superior catalysts across vast material space. 

Low-temperature DRM is explored as a promising route due to its lower energy demands and improved 

economic feasibility. However, it remains susceptible to carbon deposition mainly via CO 

disproportionation. Carbon accumulation deactivates catalysts by blocking active sites and hindering 

reactant flow, increasing pressure drop and safety risks. To address this, in Chapter 4, I investigated high-

performance catalysts identified through the active learning loop in Chapter 3. Thermogravimetric–

differential thermal analysis (TG-DTA) was conducted after 6 hours of reaction at 500 °C to assess carbon 

deposition. The analysis reveals key relationships among catalytic activity, carbon formation behavior, and 

composition, offering essential guidance for designing highly active and carbon-resistant catalysts. 

In summary, catalyst discovery has long been constrained by human preconceptions and domain 

knowledge, which limit exploration to narrow, well-understood regions of design space. This dissertation 

establishes a transformative strategy that promises to remove these constraints. Through a fully data-driven 

framework that integrates HTE, ML, and AFE, this study opens access to previously inaccessible areas of 

the materials landscape and accelerates the identification of high-performing catalysts. Furthermore, by 

leveraging predictive models and addressing key challenges such as carbon deposition, this study not only 

deepens our understanding of catalyst behavior but also provides actionable design guidelines for the 

development of highly active and durable catalysts. 

Keywords: High-throughput experimentation, automatic feature engineering, dry reforming of methane, 

multi-element catalyst design, carbon deposition 
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Preface 

The present thesis is submitted for the Degree of Doctor of Philosophy at Japan 

Advanced Institute of Science and Technology. The thesis is consolidation of results of 

the research work on the topic “High-throughput experimentation and automatic feature 

engineering for catalyst discovery in dry reforming of methane” under the supervision of 

Prof. Toshiaki Taniike during October 2022–September 2025 at Graduate School of 

Advanced Science and Technology, Japan Advanced Institute of Science and Technology. 

Chapter 1 provides a general introduction and outlines the purpose of this study. 

Chapter 2 details the construction of a large-scale, unbiased dataset generated via HTE, 

providing a foundation for machine learning-driven catalyst discovery. Chapter 3 builds 

upon the unbiased dataset established in Chapter 2 as a training foundation and introduces 

an active learning framework that integrates HTE and AFE. This framework accelerates 

the identification of high-performance catalysts and enables systematic exploration of 

unknown material spaces, thereby overcoming conventional bottlenecks in catalyst 

discovery. Chapter 4 systematically investigates carbon deposition in low-temperature 

DRM. TG-DTA analysis of high-performance catalysts reveals key relationships among 

catalytic activity, carbon formation behavior, and composition, providing valuable 

guidance for the design of carbon-resistant multi-element catalysts. Chapter 5 presents 

the overall conclusions and key findings of this thesis. 

DU Wentao 

Graduate School of Advanced Science and Technology 

Japan Advanced Institute of Science and Technology  

September 2025 
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1.1. Role and significance of catalysts 

Catalysts—often referred to as the “matchmakers” of the chemical world—are 

substances that accelerate the rate of chemical reactions without undergoing permanent 

changes themselves [1]. Their fundamental role lies in lowering the activation energy 

required for a reaction by offering an alternative reaction pathway with a reduced energy 

barrier. This not only significantly enhances reaction rates but also improves selectivity 

and efficiency, making catalysts indispensable in both fundamental chemical research and 

large-scale industrial applications [2]. 

Although catalytic phenomena have been utilized since ancient times, as seen in early 

practices such as fermentation and soap making, the scientific concept of catalysis was 

not formally articulated until the late 18th century [3]. In 1794, British chemist Elizabeth 

Fulhame systematically proposed the idea of catalysis while investigating redox reactions, 

emphasizing the ability of certain substances to promote chemical transformations 

without being consumed in the process. This early conceptual framework laid the 

foundation for the development of modern catalysis. Throughout the 19th and 20th 

centuries, catalysts were systematically incorporated into industrial processes, such as the 

contact process for sulfuric acid production and the Haber-Bosch process for ammonia 

synthesis, marking a pivotal turning point as catalysis emerged as a modern scientific 

discipline with transformative industrial impact [4]. 

Today, catalysts are ubiquitous across nearly every sector of the chemical industry, 

serving as the foundational enablers of chemical transformations. It is estimated that 
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approximately 85% of all industrial chemical processes rely on catalysis to achieve 

efficient and economically viable production [5]. For instance, in the petrochemical 

industry, catalysts are indispensable for processes such as catalytic cracking, 

hydrocracking, and isomerization. These catalytic steps facilitate the conversion of heavy 

hydrocarbons into high-value fuels, while simultaneously improving product 

performance and energy efficiency [6]. In the pharmaceutical sector, catalysts play a 

critical role in the selective synthesis of complex organic molecules, enabling the high-

yield and high-specificity production of active pharmaceutical ingredients [7]. In 

materials science, catalysts are essential to polymerization reactions, the fabrication of 

functional materials, and the development of advanced coating technologies, thus driving 

innovation in high-performance materials [8]. Moreover, in response to the growing 

global emphasis on sustainability and environmental protection, catalysts have assumed 

a strategically important role in the implementation of green technologies [9,10]. Notable 

examples include three-way catalytic converters for controlling vehicular exhaust 

emissions, catalytic oxidation systems for the abatement of industrial pollutants, and 

advanced catalytic filtration techniques for wastewater treatment. In parallel, a new 

generation of catalytic technologies is emerging to address future sustainability 

challenges. These include CO2 conversion and fixation for the production of fuels and 

high-value chemicals, photocatalytic and electrocatalytic water splitting for hydrogen 

generation, and photoelectrochemical systems that utilize solar energy to drive chemical 

transformations. Catalysts are also integral to advanced oxidation processes for 
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wastewater treatment, selective catalytic reduction of NOx emissions, biomass 

valorization, and clean energy production (Figure 1.1). These applications underscore 

the pivotal role of catalysis in promoting cleaner, more sustainable industrial practices. 

Therefore, catalysts enable us to achieve more with fewer resources, facilitating the 

precise construction of complex molecules while minimizing environmental impact. As 

global demands for sustainable and energy-efficient chemical processes continue to 

intensify, the rational design and optimization of catalysts remain central to scientific and 

technological innovation. The development of novel catalytic systems is imperative for 

enhancing reaction efficiency, reducing energy consumption, and mitigating ecological 

consequences. 

 

Figure 1.1. Schematic illustration of catalyst applications across various industrial 

reactions. Reproduced from Ref.[5]. 

 



13 

 

1.2. Development of solid catalysts 

Solid catalysts occupy an irreplaceable position in modern chemical industries, not only 

for their robustness and recyclability, but also for their exceptional adaptability, which 

enables the integration of diverse functional components to meet complex process 

demands. This multifunctionality, reflected in the incorporation of active sites, promoters, 

and hierarchical morphologies on a single solid surface, allows for simultaneous control 

of activity, selectivity, and stability. Nevertheless, the intricate interplay between 

chemical composition and surface architecture continues to impede the rational design of 

high-performance solid catalysts [11,12]. 

A major obstacle in catalyst design lies in understanding and harnessing the synergistic 

effects among multiple components [13]. Most catalysts are multicomponent systems 

comprising active metals, promoters, and supports, whose interactions can lead to 

emergent behaviors that are difficult to predict [14]. For instance, in multistep reactions, 

different components may catalyze distinct steps in a cooperative manner; promoters may 

stabilize active sites or modify their electronic properties; specific elemental 

combinations may induce the formation of unique surface structures or interfacial 

configurations. Although such synergistic interactions can dramatically enhance catalytic 

performance, their underlying mechanisms are highly complex and often influenced by a 

combination of structural, electronic, and kinetic factors [15]. Consequently, traditional 

theoretical frameworks and empirical intuition often fall short in accurately predicting 
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these effects, posing a substantial barrier to the rational design of next-generation 

catalysts. 

Another critical challenge is the structural complexity of catalysts themselves. Catalytic 

activity and selectivity are governed by a myriad of structural parameters, including 

surface area, pore architecture, morphology, electronic properties, exposed crystal facets, 

and defect density [16]. Moreover, these characteristics are further shaped by preparation 

methods, calcination temperatures, support types, and pretreatment conditions [17]. 

Importantly, catalyst structures are not static during operation—they may undergo 

dynamic transformations due to sintering, coking, poisoning, or thermal cycling. Such 

structural evolution can lead to deactivation or altered catalytic behavior, thereby 

complicating the mechanistic understanding of the reaction and making long-term 

performance prediction particularly challenging [18]. 

Given the aforementioned difficulties and challenges, conventional catalyst 

development has long relied on an empirical trial-and-error approach [19]. Guided 

primarily by chemical intuition and accumulated experience, researchers typically 

synthesize and evaluate catalysts in a sequential manner to identify improved 

formulations. Representative examples include the Ziegler–Natta catalyst, which 

continues to be optimized through iterative trial-and-error methods despite its long history 

[20], and Alwin Mittasch’s extensive screening of over 2,500 catalyst compositions to 

identify an effective system for ammonia synthesis [21]. While these cases demonstrate 

the critical role of serendipity in early materials discovery, they also underscore the 
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inherent limitations of the trial-and-error approach, particularly its substantial time 

requirements and intensive resource consumption. Therefore, there is an urgent need to 

shift away from the traditional paradigm. 

 

1.3. Catalysts informatics 

The evolution of materials science reflects the broader progression of scientific inquiry 

through four paradigms: empirical, theoretical, computational, and data-driven (Figure 

1.2). The earliest stage was based on empirical observation, where knowledge was 

accumulated through experience and trial. The second paradigm introduced theoretical 

models grounded in physical laws such as thermodynamics and kinetics, providing 

mathematical formulations to explain material behavior. As systems became increasingly 

complex, analytical solutions often became intractable. The third paradigm, 

computational science, emerged with the rise of modern computing. This allowed for the 

simulation of complex materials and processes using methods such as density functional 

theory and molecular dynamics. These tools have provided atomistic-level insights into 

structure–property relationships but often require substantial computational resources and 

remain limited in scale and accuracy when applied to complex materials like solid 

catalysts. Recently, the growing volume of data generated from experiments and 

simulations has enabled a new scientific approach known as data-driven science [23]. 

This fourth paradigm integrates and extends the earlier ones by applying machine learning 

(ML) and artificial intelligence to extract patterns and correlations from high-dimensional 
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datasets. In materials science, this shift has given rise to the field of materials informatics, 

which is now being increasingly extended to catalysis research in the form of catalyst 

informatics [24]. It provides a data-centric alternative to traditional hypothesis-driven 

design by enabling systematic prediction and analysis of catalytic performance based on 

existing data. 

 

Figure 1.2. Four foundational paradigms of science: empirical investigation, theoretical 

analysis, computational modeling, and data-driven discovery. Reproduced from Ref.[22]. 

 

However, the practical application of ML in catalyst development remains hindered by 

two fundamental challenges, which are particularly pronounced in the case of solid 

catalysts [25]. First, the development of solid catalysts often involves multi-element 

compositions, hierarchical structures, and complex interactions between active phases 
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and supports. This inherent complexity results in an expansive design space, making it 

highly resource-intensive to generate sufficient high-quality experimental data. As a 

consequence, ML models trained on limited datasets frequently lack robustness and 

generalizability [26]. Second, the construction of universal and informative descriptors, 

which serve as quantitative inputs for ML algorithms, is especially difficult for solid 

catalysts. Unlike molecular systems with well-defined structures, solid materials 

frequently exhibit poorly resolved features such as surface heterogeneity, defect sites, or 

mixed-phase morphologies. Capturing these characteristics in a meaningful way often 

requires deep domain expertise and system-specific assumptions, which limit the 

scalability and objectivity of data-driven discovery efforts [27]. Recent advances in high-

throughput experimentation (HTE) offer a compelling solution to the data scarcity 

problem. By enabling the rapid synthesis and evaluation of large libraries of catalysts 

under parallel conditions, HTE can generate extensive and consistent datasets that are 

well-suited for training robust ML models [28]. To further address the challenge of 

descriptor design, Taniike et al. has developed an automatic feature engineering (AFE) 

strategy that significantly reduces dependence on prior domain knowledge [27,29]. This 

approach systematically generates and selects informative features derived from 

fundamental physicochemical features. Consequently, the AFE method improves model 

interpretability and facilitates the rapid construction of predictive frameworks for catalyst 

discovery and optimization. 
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1.4. High-throughput experimentation 

In the development of catalytic materials and processes, it is often essential to evaluate 

a large number of solid inorganic or soluble organometallic formulations using one or 

more laboratory-scale reactor systems [30]. As early as the 1980s, such efforts relied on 

conventional bench-scale reactor setups designed to assess single or a limited number of 

catalyst candidates under a predefined set of reaction conditions (Schlatter, 1987; 

Richardson, 1989) [31]. However, these traditional approaches were inherently time-

consuming and inefficient, posing a significant bottleneck in catalyst discovery and 

optimization. Over the past decade, the field has witnessed a paradigm shift driven by the 

development of HTE technologies, which integrate catalysts performance evaluation into 

a unified, automated workflow [32,33]. These systems enable the rapid generation of 

large volumes of high-quality experimental data, thus accelerating the screening and 

optimization of catalyst formulations. 

To meet the increasing demand for speed, flexibility, and scalability in catalyst testing, 

Taniike et al. developed a simplified yet robust high-throughput screening system (HTS), 

as shown in Figure 1.3. This custom-designed platform offers several distinct advantages: 

(i) it integrates parallelization with automated high-speed data acquisition, enabling truly 

high-throughput experimentation; (ii) it is adaptable to a variety of gas-phase catalytic 

reactions, such as oxidative coupling of methane (OCM), dry reforming of methane 

(DRM), and three-way catalysis (TWC) [35]; (iii) the catalyst loading and unloading 

processes are streamlined; (iv) it is equipped with a reliable, easy-to-operate analytical 
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module for precise performance assessment; (v) and it supports unattended operation with 

built-in safety protocols, ensuring both efficiency and operational security 

This HTS system comprises a gas mixing unit, a flow distributor, 20 individual quartz 

reaction tubes, an autosampler, and a quadrupole mass spectrometer (QMS). The gas 

mixing unit (MU-3504, HORIBA STEC) delivers precise mixtures of gas by adjusting 

the flow rates of individual components. The mixed gases are evenly distributed through 

a flow manifold into 20 quartz tubes, each with an inlet and outlet inner diameter of 4 mm 

and 2 mm, respectively. The homogeneously ground catalyst powder is fixed at the center 

of each tube using quartz wool. The reactor tubes are symmetrically arranged within a 

three-zone hollow furnace, where temperature zones T1 and T3 serve as thermal buffers 

to stabilize the central zone (T2), where the catalyst resides. The outlet stream from each 

reactor is continuously analyzed by the QMS (Transpector CPM, INFICON), which 

converts the gas-phase mass signal into corresponding partial pressure data, allowing for 

real-time and precise quantification of reaction products. Altogether, this HTS platform 

enables rapid, reliable, and parallelized evaluation of catalyst libraries under controlled 

conditions, significantly enhancing the efficiency and reproducibility of catalytic 

screening efforts. 
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Figure 1.3. Illustration of the HTS system used for catalyst performance evaluation. 

Reproduced from Ref.[34]. 

 

1.5. Automatic feature engineering 

AFE is an emerging and powerful strategy in data-driven catalysis research, particularly 

suited for exploring complex, high-dimensional material spaces with limited prior 

knowledge [36]. Unlike traditional approaches that rely heavily on descriptors manually 

crafted based on domain-specific intuition, AFE enables the automated generation of 

descriptors directly from general physicochemical properties, thereby realizing the 

discovery of novel catalysts under minimal human bias or assumption. In some previous 

studies, AFE has yielded reliable predictive models across diverse catalytic systems, 

including OCM [29], ethanol-to-butadiene conversion (ETB), and TWC [27].  
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The typical AFE workflow involves four core steps (Figure 1.4). First, a broad range 

of elemental descriptors—such as electronegativity, atomic radius, and bond energy—are 

collected from comprehensive databases like XenonPy [37]. These descriptors are then 

assigned to multi-element materials through a series of commutative operations. In the 

next step, nonlinear mathematical functions are applied to synthesize higher-order 

features. Finally, supervised machine learning algorithms are employed to identify the 

most relevant feature combinations for predictive modeling. To further enhance 

robustness and generalizability, a genetic algorithm is used during feature selection to 

optimize feature subsets by minimizing cross-validation errors [38]. 

 

Figure 1.4. Schematic of the AFE workflow. Reproduced from Ref.[27]. 

 

Building on the aforementioned successes, in this study, AFE serves as a central 

component of the catalyst discovery framework. By combining AFE with HTE in an 

active learning loop (Figure 1.5), it enables efficient model training and iterative, 

autonomous catalyst discovery [27]. Leveraging farthest point sampling (FPS) within the 

descriptor space defined by AFE, the system strategically selected compositionally 

diverse candidates that were maximally dissimilar from those in the existing training set 

[39]. This approach actively expanded the design space beyond local regions of 
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exploration. Iterative model retraining using newly acquired experimental data 

progressively refined the system’s understanding of catalytic behavior, thereby 

accelerating the identification of high-performance catalysts. 

 

 

Figure 1.5. Schematic of the active learning loop. Reproduced from Ref.[27]. 

 

1.6. Dry reforming of methane (DRM) 

With the world’s energy demand continuing to rise and fossil fuel reserves being finite, 

the need for alternative and sustainable energy sources has become urgent rather than 

optional. In this context, DRM has attracted increasing attention over the past few decades 

as a promising route to simultaneously address energy production and greenhouse gas 

mitigation [40]. DRM is a highly endothermic catalytic reaction, typically conducted at 

temperatures between 700 and 800 °C, in which methane (CH4) reacts with carbon 

dioxide (CO2) to produce syngas, a mixture of carbon monoxide (CO) and hydrogen (H2) 

[41]. The reaction can be represented as Eq.1.1: 
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CH4 + CO2 → 2CO + 2H2, △ H298
0 = 248 KJ · mol−1  (1.1). 

This process not only produces syngas suitable for downstream applications such as 

Fischer-Tropsch synthesis and oxygenate production (e.g., acetic acid, dimethyl ether), 

but also offers several environmental and practical advantages [42]. Firstly, both CH4 and 

CO2 are the two major greenhouse gases; their conversion into value-added chemicals 

contributes to climate change mitigation. Secondly, CH4 and CO2 are major components 

in biomass pyrolysis gases and biogas from anaerobic digestion. Thus, DRM provides a 

means to valorize these carbon-rich streams, making renewable carbon cycles more 

economically and environmentally viable [43]. 

Compared to steam reforming of methane (SRM, Eq.1.2), which is also an endothermic 

process, DRM requires higher energy input due to its stronger thermodynamic demands. 

As a result, the sustainable implementation of DRM will likely depend on the integration 

of renewable energy sources to supply the required heat input. 

CH4 + H2O → CO + 3H2, △ H298
0 = 206 KJ · mol−1   (1.2). 

In addition to the main reforming reaction, the reverse water-gas shift (RWGS, Eq.1.3) 

reaction also occurs under DRM conditions. Although only mildly endothermic, this 

reaction plays a crucial role in determining the overall product distribution. The 

consumption of hydrogen during the RWGS reaction lowers the H2/CO ratio in the 

resulting syngas to below unity, which is generally undesirable for downstream processes 

such as Fischer-Tropsch synthesis and methanol production. These applications typically 

require hydrogen-rich syngas, and a substoichiometric H2/CO ratio can hinder carbon 
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chain growth, reduce product yields, and necessitate additional hydrogen 

supplementation, thereby increasing process complexity and cost. In addition, the water 

formed as a byproduct can further react with methane through the steam reforming 

pathway. 

CO2 + H2 → CO + H2O, △ H298
0 = 41 KJ · mol−1  (1.3). 

Apart from RWGS, carbon deposition represents one of the most critical challenges in 

DRM. Coke accumulation on the catalyst surface is widely recognized as one of the main 

causes of catalyst deactivation, significantly limiting the long-term stability and industrial 

viability of DRM processes [44]. Carbon formation during DRM occurs mainly through 

two competing side reactions: CH4 decomposition (Eq.1.4) and the Boudouard reaction 

(Eq.1.5). 

CH4 → C + 2H2, △ H298
0 = 75 KJ · mol−1   (1.4). 

2CO → C + CO2, △ H298
0 = −172 KJ · mol−1   (1.5). 

CO + H2 → C + H2O, △ H298
0 = −131 KJ · mol−1  (1.6). 

The Boudouard reaction is exothermic and tends to favor carbon formation at lower 

temperatures. However, it has been reported that at temperatures above approximately 

973 K, this reaction is thermodynamically shifted toward the formation of carbon 

monoxide, thereby suppressing carbon deposition. In contrast, CH4 decomposition is an 

endothermic reaction and is thermodynamically favored at high temperatures, particularly 

above 830 K. Hence, this is a more dominant carbon-forming route under typical DRM 

conditions [45]. Moreover, the reverse carbon gasification reaction (Eq.1.6), may also 
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contribute to carbon formation; however, its influence is generally considered less 

significant compared to the CH4 decomposition and Boudouard reaction. 

 

1.6.1. Reaction mechanism 

The reaction mechanism of DRM is inherently complex, involving multiple surface-

mediated steps and parallel side reactions that occur simultaneously on the catalyst 

surface. A schematic overview of these processes is illustrated in Figure 1.6. It is widely 

accepted that the DRM reaction proceeds through the dissociative adsorption of both CH4 

and CO2 on different active sites of the catalyst. CH4 activation primarily occurs on 

metallic sites, where CH4 undergoes stepwise dissociation into CHx intermediates (CH3*, 

CH2*, CH*, and C*) and hydrogen atoms. The dissociated hydrogen migrates across the 

surface or the metal–support interface, eventually recombining to form molecular H2. The 

extent of CH4 dissociation and the fate of CHx species are highly surface-dependent and 

play a pivotal role in determining the selectivity and coke formation tendency of the 

catalyst.  

Meanwhile, CO2 is adsorbed and activated either on the metal surface or, more 

commonly, on the metal-support interface. This activation may occur via intermediate 

carbonate (CO3
2-) or bicarbonate (HCO3

-) species. The surface oxygen generated through 

CO2 dissociation can react with hydrogen to form OH groups, which in turn participate 

in RWGS reaction. Alternatively, these OH groups or directly dissociated O* species can 
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oxidize CHx intermediates, leading to the formation of CHxO, which further decompose 

into CO and H2 [47].  

Indeed, the availability and mobility of surface oxygen are crucial in suppressing the 

accumulation and oligomerization of CHx fragments. When the oxidation of CHx is 

delayed or insufficient, these intermediates may undergo polymerization, leading to coke 

formation. If carbon accumulates to the extent of encapsulating active metal sites, it 

severely impairs catalytic activity. However, if the rate of carbon formation is balanced 

by the rate of carbon diffusion or gasification, or if active sites remain exposed above 

carbon layers, catalyst deactivation may be minimized. 

 

Figure 1.6. Schematic illustration of the reaction mechanism of the DRM. Reproduced 

from Ref. [46]. 
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1.6.2. Catalysts for DRM 

The development of highly active, stable, and economically viable catalysts is essential 

for the practical implementation and industrialization of the DRM process. A typical 

DRM catalyst consists of an active metal component, a support, and often one or more 

promoters [48]. In designing an effective catalyst, multiple factors must be considered, 

including the choice of active phase, the structural and physicochemical properties of the 

support, the type and function of promoters.  

1.6.2.1. Active metals 

Both noble and non-noble metals have been extensively studied as active phases for 

DRM. Noble metals such as Rh, Ru, Pd, Pt, and Ir exhibit excellent catalytic activity and 

strong resistance to carbon deposition [49]. However, their high cost and limited 

availability constrain their large-scale industrial application. Non-noble metals, 

particularly Ni and Co, are considered more economically feasible alternatives. Among 

them, Ni is the most widely used active metal due to its favorable balance between 

catalytic activity and cost, and is the industry standard for commercial steam reforming 

processes. Nevertheless, Ni- and Co-based catalysts are prone to deactivation through 

sintering and coke formation under high-temperature DRM conditions [50]. To address 

these limitations, noble metals are sometimes employed as promoters in Ni-based 

formulations to enhance performance. 

1.6.2.2. Supports 
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Catalyst supports play a dual role in DRM catalysis. Traditionally, they provide high 

surface area for dispersing active metal species. However, beyond this physical function, 

the support can actively influence catalytic behavior through properties such as basicity, 

redox capability, and oxygen storage capacity. These attributes help regulate the 

adsorption and activation of CO2 and play an important role in mitigating carbon 

formation [51]. 

γ-Al2O3 is the most frequently employed support, followed by ZrO2, CeO2, MgO, TiO2, 

and SiO2. While individual binary metal oxides are commonly used, mixed oxides have 

also shown great promise as a support. For example, Ni/ZrO2–MgO catalysts with varying 

MgO contents revealed that 0.4 wt% MgO led to optimal CH4 conversion and sustained 

catalytic activity, attributed to stronger metal–support interactions and improved 

resistance to deactivation [52]. Similarly, Ni catalysts supported on CexZr1-xO2 exhibited 

enhanced DRM activity, with the optimal performance observed at a Ce:Zr molar ratio of 

1:1 [53]. 

1.6.2.3. Promoters 

Promoters are often introduced to improve catalyst performance and stability. They can 

be broadly categorized into textural and chemical promoters. Textural promoters improve 

the structural integrity of the catalyst by enhancing thermal stability and inhibiting 

sintering. Chemical promoters, on the other hand, modulate electronic properties such as 

basicity and redox behavior, thereby creating additional active sites or facilitating the 

oxidation of carbonaceous species [54].  
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Among the most studied promoters, MgO, paired with the Al2O3 support, is particularly 

effective in forming solid solutions such as MgAl2O4, which prevents the formation of 

inactive NiAl2O4, improves Ni dispersion, and enhances thermal stability. CeO2, as 

redox-active rare earth oxide, facilitates oxygen mobility and contributes to the 

continuous removal of carbon deposits through lattice oxygen [55]. ZrO2, whether used 

as a support or promoter, enhances CO2 dissociation and inhibits the formation of inactive 

phases like NiAl2O4. Alkaline earth metals (e.g., CaO, BaO) improve surface basicity and 

thereby CO2 adsorption when moderately loaded, though excessive amounts may lead to 

particle agglomeration and activity loss [56]. Alkali metals, especially K, assist in coke 

suppression by enhancing carbon gasification, although they can reduce catalytic activity 

depending on loading and catalyst structure. Yttrium-based promoters improve metal 

dispersion and resistance to sintering, while transition metals such as Mo and W can 

regulate carbon solubility and electronic properties of the active phase [57]. These studies 

collectively reveal several commonly observed promotion mechanisms: 

(i) improving the dispersion of the main active element, 

(ii) preventing the formation of catalytically inactive phases such as NiAl2O4, 

(iii) enhancing CO2 adsorption through increased surface basicity, 

(iv) suppressing coke deposition. 

Overall, the selection and optimization of promoter type, amount, and dispersion are 

therefore critical for maximizing catalyst performance in DRM applications. 
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1.7. Objective 

The development of solid catalysts is inherently challenging due to their 

multicomponent nature and the vast combinatorial space of possible compositions. 

Traditionally, catalyst discovery has relied on empirical trial-and-error methods, which 

are often time-consuming and resource-intensive. In recent years, data-driven approaches 

have demonstrated considerable potential to accelerate catalyst development. However, 

their practical application remains limited by the scarcity of high-quality experimental 

data and the difficulty of constructing effective, generalizable descriptors without deep 

domain knowledge. 

This thesis addresses these challenges by establishing an adaptive catalyst design 

framework that integrates HTE, AFE, and ML. DRM is chosen as the target reaction for 

its relevance to greenhouse gas conversion and the challenge it poses in achieving active, 

stable, and carbon-resistant catalysts, especially under low temperatures. Hence, the main 

objective is to develop high-performance multi-element DRM catalysts without prior 

system knowledge, through iterative, data-efficient exploration of the catalyst space. 

In Chapter 2, a large-scale, unbiased catalyst dataset was constructed through HTE by 

randomly combining 17 elements on γ-Al2O3. A total of 256 catalysts were synthesized 

and evaluated at 500 °C. This initial dataset served as a foundation for extracting early 

design heuristics and enabled the development of a predictive ML framework. 

Chapter 3 introduces an adaptive learning loop combining AFE, FPS, and HTE to 

address both descriptor design and data acquisition challenges. Through iterative model 
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retraining and continuous experimental validation, the elemental design space was 

ultimately expanded to 45 elements, along with steady improvements in model accuracy. 

In Chapter 4, the carbon deposition behavior of high-performance multi-element 

catalysts under low-temperature DRM conditions was systematically examined. The 

results revealed compositional trends linked to high activity and low carbon deposition, 

providing guidance for designing stable low-temperature DRM catalysts. 

In conclusion, I believe this dissertation achieves two closely related objectives. First, 

it presents a robust and data-driven strategy for the discovery of high-performance, 

carbon-resistant multi-element catalysts for low-temperature DRM. Second, it offers 

practical and generalizable guidelines for the rational design of catalysts in other complex 

catalytic systems, particularly those involving high-dimensional compositional spaces. 
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Abstract 

The conventional approach to solid catalyst design is predominantly empirical, relying 

on iterative trial-and-error experimentation informed by prior knowledge. Recently, the 

integration of high-throughput experimentation (HTE) and machine learning (ML) has 

emerged as a promising strategy for systematic catalyst design, eliminating the need for 

prior knowledge or assumptions about the target catalytic system. As an initial step, an 

unbiased HTE dataset was established for dry reforming of methane (DRM) at 500 °C, 

comprising 256 γ-Al2O3-supported multi-element catalysts synthesized via random 

combinations of 17 elements without prior assumptions. The resulting data and catalyst 

compositions were systematically analyzed to extract insights into catalyst design and 

reaction behavior. The results reveal that the presence of Ni or platinum group elements 

alone does not guarantee DRM activity; instead, careful combinations of elements are 

essential. Notably, the most active catalysts are Ni-based systems frequently 

incorporating Li, Al, and Nb—elements like Al and Nb being rarely acknowledged as 

promoters in existing literature. Experimental validation of the predictive ML models 

confirmed that the identified compositional patterns are transferable for designing other 

high-performance catalysts. Analysis of the top-performing Ni-based catalyst revealed 

the distinct roles of individual elements in enhancing activity and mitigating carbon 

deposition. In particular, the Al–Nb–Hf ternary combination proved effective in 

suppressing coke formation while boosting performance. Overall, the study underscores 

the effectiveness of unbiased exploration in generating foundational datasets for ML-

driven discovery and deriving actionable catalyst design guidelines.
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2.1. Introduction 

A synergistic combination, a key factor in designing highly active and selective solid 

catalysts, is difficult to predict due to the complex interactions among multiple catalyst 

components and their intricate consequences [1‒4]. As a result, typical catalyst 

development heavily relies on experimental trials and errors, iteratively preparing and 

evaluating catalysts based on hypotheses informed by intuition, prior knowledge, and 

characterizations [5‒7]. This iterative process aims to enhance catalyst performance while 

continuously refining and generalizing design hypotheses. Numerous researchers are 

often involved, contributing to the discovery of better catalysts, new hypotheses, or trends. 

These discoveries, sometimes serendipitous, are then built upon by others [8‒11]. 

Consequently, conventional catalyst development is a highly labor-intensive, ad hoc, and 

somewhat creative endeavor. The pathway of catalyst development traces a limited and 

biased route against the vast combinatorial and compositional space of catalysts [12‒15]. 

This highlights the need for a paradigm shift in catalyst development methodologies. 

With the rapid rise of catalyst informatics, data-driven approaches offer efficient tools 

for more systematic and rational catalyst exploration or design via statistical models that 

capture the intricate structure-performance relationships in solid catalysts [16‒18]. 

However, the application of catalyst informatics to the vast combinatorial and 

compositional space is hindered by two main obstacles. The first obstacle is the lack of a 

proper dataset that serves as an empirical foundation for building models [19,20]. High-

throughput experimentation (HTE), combined with strategic sampling, ensures the rapid 
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generation of sizable, process-consistent, and unbiased datasets, addressing the challenge 

of obtaining a substantial quantity of data within a short timeframe [2,3,21‒23]. The 

second obstacle is the need for descriptors that capture the essence of catalysts, which are 

essential for building accurate and robust models [24‒26]. This typically requires deep 

domain knowledge of target catalysis in the design process, which is challenging for 

insufficiently explored and/or complex combinations and compositions [27‒29]. 

In a recent publication, Taniike et al. developed automatic feature engineering (AFE) 

to eliminate the reliance on specific knowledge or assumptions about the target catalysis 

when designing descriptors, leading to machine learning (ML) models that accurately 

describe complex and diverse catalyst designs [30]. It is believed that implementing HTE 

and AFE in active learning cycles would realize to explore the vast combinatorial and 

compositional space of solid catalysts, without necessitating any prior data and 

knowledge of the target system. 

Dry reforming of methane (DRM) is an attractive process for converting two major 

greenhouse gases, methane and carbon dioxide, into syngas (CH4 + CO2 → 2CO + 2H2) 

[31,32]. Transition metal elements of groups 8 and 9, such as Ni, Co, Pt, Pd, Ru, Rh, and 

Ir, are often supported on thermally stable and high-surface area oxides (γ-Al2O3, ZrO2, 

CeO2, MgO, and SiO2) [33‒35]. Among these, Ni/γ-Al2O3 stands out as the preferred 

catalyst due to its commendable activity and cost-effectiveness [36,37]. 

The DRM process typically operates at high temperatures, usually between 700 and 

800 °C, to activate the chemically inert CH4 and CO2 and to suppress carbon deposition 



41 

 

from the Boudouard reaction (2CO →  C + CO2) [38‒40]. Nevertheless, carbon 

deposition remains a serious issue. For instance, Wang et al. [41] observed 63 wt% carbon 

deposition on a 12 wt% Ni/Al2O3 catalyst after 2 hours of DRM reaction at 700 °C. 

Additionally, high temperatures can cause catalyst deactivation due to sintering and loss 

of H2 through the reverse water-gas shift (RWGS), resulting in a lower H2/CO ratio, 

which is detrimental for post-processes such as the Fischer-Tropsch process [42,43]. 

Implementing DRM at lower temperatures has the potential to minimize environmental 

impact and energy consumption [44]. However, it has been much less studied compared 

to high-temperature DRM due to challenges such as decreased yields and more severe 

carbon deposition (only 283 data points stored out of 5521 data points in the DRM 

literature data compiled by Şener et al. [45], Figure 2.1a). Despite the limited number of 

studies, the potential of multi-element catalysts has been reported. For example, He et al. 

[46] found that adding Ce to Ni/Al2O3 improved CH4 conversion and catalyst stability at 

550 °C by enhancing Ni dispersion and aiding the oxidation of carbon deposits. Song et 

al. [47] reported that Fe added to Ni/Al2O3 suppressed Ni oxidation and maintained 

improved conversion for 20 hours at 450 °C. 

In general, the multi-element strategy has been widely studied across various 

temperatures, aimed at improving catalyst activity and longevity [48‒50], where 

combinations of Ni with K, Ce, Ru, Co, or Pt are particularly popular (Figure 2.1b). 

These studies highlight several common promotion mechanisms, including: improving 

the dispersion of the main active element, facilitating the reduction of NiO, preventing 
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the formation of inactive phases (e.g., NiAl2O4), enhancing CO2 adsorption, and 

suppressing coke deposition, several of which help maintain or increase active site 

availability during catalysis. Despite these well-known mechanisms, the scope of studied 

element combinations and compositions is extremely limited, with the number of 

combinations rarely exceeding 3 elements (Figure 2.1c). Additionally, multi-element 

catalysts specifically tailored for low-temperature DRM remain severely underexplored. 

Recognizing these limitations, I sought to explore the vast combinatorial and 

compositional space of catalysts by selecting elements from the periodic table and 

depositing them onto γ-Al2O3 support, without relying on prior knowledge of the system. 

The focus is on discovering diverse, high-performing catalysts and establishing general 

design guidelines for low-temperature DRM. To achieve this, this chapter established a 

HTE protocol as a starting point to construct an initial dataset for this vast space. In detail, 

256 catalysts were prepared with randomly determined combinations and compositions 

and evaluated their DRM performance at 500 °C. Statistical analyses and 

characterizations of the selected catalysts successfully derived heuristics on multi-

element design for low-temperature DRM, including the identification of promising and 

previously underexplored elements such as Li, Al, Nb, and Hf. These elements were 

found to play critical roles in promoting activity and suppressing carbon deposition, 

demonstrating the effectiveness of unbiased exploration in uncovering novel catalyst 

design strategies. 
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Figure 2.1. Statistics of literature DRM data: (a) Employed reaction temperature, (b) 

popular binary combinations of elements, and (c) number of elements per combination. 

The dataset curated by Şener [45] was analyzed. 
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2.2. Methods 

2.2.1. Elemental library 

For the exploration without assuming prior knowledge, I targeted the elements, 

including all typical metals, transition metals, p-block metals, and lanthanoids up to the 

6th period of the periodic table, and assumed that any combination and composition of 

these elements could be supported on γ-Al2O3 as a catalyst. However, creating training 

data using all these elements is not practical due to reagent costs, safety concerns, and the 

physical similarities between elements. Therefore, representative elements were extracted 

according to the procedure illustrated in Figure 2.2. Specifically, the elements were 

represented using a comprehensive set of physicochemical properties obtained from the 

XenonPy library [51]. This library provides numerous features for each element, from H 

to Pu (a total of 94 elements), spanning a range of electronic, structural, and chemical 

attributes. For all target elements, 58 properties were utilized to ensure a thorough 

representation of their physicochemical characteristics, enabling unbiased and detailed 

analysis of potential catalytic combinations. The feature data were standardized and 

transformed into six principal components through principal component analysis (PCA) 

to eliminate potential collinearity among the 58 features and reduce the dimensionality of 

the dataset. These six components (PC1 to PC6) captured 85% of the original variance, 

as shown in the cumulative explained variance plot in Figure 2.2, effectively preserving 

the essential characteristics of the data. Then, farthest point sampling (FPS) was applied 

in the reduced-dimensional space obtained from PCA to systematically select 
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representative elements. The FPS process began by choosing an initial element from the 

dataset, typically the one farthest from the center of the feature space to maximize initial 

diversity. Subsequently, additional elements were iteratively selected based on their 

maximum distance from the elements already chosen, ensuring that each newly selected 

element was as physically dissimilar as possible from the existing set. To further refine 

the selection, additional rules were incorporated. Potentially risky elements, such as Hg, 

Cr, Pb, Tl, Be, and Os [52,53], were excluded due to safety and environmental concerns. 

Additionally, the number of elements from the same group in the periodic table was 

limited to less than three to maintain chemical diversity. This approach ensured that the 

final set of elements represented a broad range of physicochemical properties while 

minimizing sampling bias and redundancy. Through this workflow, 17 elements, Li, Al, 

Ca, V, Ni, Nb, Rh, Ag, Sn, Cs, Ba, Ce, Sm, Hf, Ir, Au, and Bi, were selected for the 

synthesis of DRM catalysts, which represents the vast combinatorial space while keeping 

the number of safely manageable reagents. 
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Figure 2.2. Workflow for extracting a representative set of elements from the target 

elements of the periodic table. (i) Feature data were collected from XenonPy; (ii) Feature 

data were reduced to 6 dimensions by principal component analysis (PCA); (iii) Risky 

elements were excluded; (iv) Farthest point sampling was made in the PCA space, where 

(v) entries from the same elemental group were restricted to at maximum two elements. 

Eventually, 17 representative elements, Li, Al, Ca, V, Ni, Nb, Rh, Ag, Sn, Cs, Ba, Ce, 

Sm, Hf, Ir, Au, and Bi, were carefully selected. 

 

2.2.2. Materials 

Metal precursors were purchased from commercially available sources: LiNO3, 

Ni(NO3)2·6H2O, AgNO3, Sm(NO3)3·6H2O, and Bi(NO3)3·5H2O from FUJIFILM Wako 

Pure Chemical; Al(NO3)3·9H2O, and Ca(NO3)2·4H2O from Kanto Chemical; 

VOSO4·xH2O, Nb(OC2H5)5, Rh(NO3)3·xH2O, SnSO4, CsNO3, Ba(NO3)2, 
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Ce(NO3)3·6H2O, H2IrCl6·xH2O, and HAuCl4·3H2O from Sigma-Aldrich; Hf(OC2H5)4 

from Alfa Aesar. Aluminum oxide powder (γ-Al2O3, 164 m2/g) was purchased from 

Sumitomo Chemical Industry and used as the catalyst support. Deionized (DI) water or 

ethanol (99.5%, FUJIFILM Wako Pure Chemical Corporation) was used to dissolve 

metal precursors. 

 

2.2.3. Catalysts preparation 

The catalysts were presented in the form of A‒B‒C‒D‒E/γ-Al2O3, with five elements 

(A‒E) randomly selected from the elemental set selected in 2.2.1, and their molar amounts 

were also randomly determined within the restrictions described below. The total amount 

of elements added to the support material, termed “total elemental loading”, was varied 

within the range of 0.875‒3.5 mmol per gram of support (mmol/g-support). The 

maximum loading of 3.5 mmol/g-support corresponds to a nickel loading of 17 wt%, 

while the minimum loading was set at 25% of the maximum to avoid excessively low 

loadings. The minimum loading of one element is 1% of the minimum total loading, i.e., 

0.00875 mmol/g-support. 

The catalyst preparation was conducted based on parallelized wet impregnation: 1.0 g 

of the support powder was impregnated in a 5.0 mL solution containing specified amounts 

of metal precursors for 6 hours at 50 °C [54,55], with the aid of a pipetting robot 

(Andrew+, Andrew Alliance) and a parallel thermal stirrer (ReactiTherm, Thermo 

Scientific). After vacuum drying in a centrifugal evaporator (CVE-3100, EYELA) at 
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90 °C for 4 hours, the catalyst was calcined under air at 500 °C for 4 hours. When water-

sensitive precursors were involved, the impregnation was performed in the order of an 

aqueous solution for insensitive precursors and an ethanolic solution for sensitive ones. 

The calcined catalyst was thoroughly milled using an automated mortar and pestle (ALM-

90DM, NITTO KAGAKU) prior to use. Twenty catalysts with different elemental 

combinations and compositions were prepared at the same time. 

 

2.2.4. Catalyst evaluation 

All the catalysts were evaluated in a process-consistent manner using an in-house high-

throughput screening (HTS) instrument previously developed by Taniike et al. [2,3]. The 

instrument consists of a gas generator (MU-3504, HORIBA STEC), a flow distributor, 

an electric furnace, reaction tubes, an autosampler unit, and a quadrupole mass 

spectrometer (QMS, Transpector CPM 3, INFICON). The gas generator provides a 

reaction gas mixture of CH4/CO2/Ar at controlled flow volumes. The gas mixture is then 

evenly distributed into 20 quartz reaction tubes through a gas distributor. The reaction 

tubes are made by fusing quartz tubes with inner diameters of 4 mm and 2 mm. A catalyst 

bed is positioned at the necked part of the reaction tube, supported by quartz wool. Twenty 

reaction tubes are symmetrically placed in a hollow furnace equipped with three 

temperature zones: T1, T2, and T3. T1 and T3 serve as buffer layers to stabilize the 

temperature in the central catalyst bed. The effluent from each reaction tube is 

continuously transferred to QMS to determine its composition based on the mass signal 
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intensities of relevant mass fragments using external calibration. Twenty catalysts are 

tested at a time under each of programmed reaction conditions in an automated manner. 

Catalyst powder, filled in a reaction tube as a 10-mm-high bed (roughly amounting to 

60 mg), was subjected to the gas flow and temperature program depicted in Figure 2.3. 

Following in-line activation at 800 ºC for 1 hour under an H2/Ar stream (10%/90% v/v), 

the catalysts were tested for 6 hours at 500 ºC using a CH4/CO2/Ar mixture of 3/3/4 

mL/min/channel, corresponding to the contact time of 0.75 seconds or a gas hourly space 

velocity (GHSV) of approximately 10,000 mLgas∙h
-1∙gcat

-1. The reaction conditions in the 

evaluation process were determined with careful consideration of the literature data [45]. 

In particular, the temperature of 500 ºC presents a significant challenge, though it is not 

an unusual occurrence. A CO2/CH4 feed ratio of 1 is preferred from an industrial 

perspective, while a higher CO2/CH4 feed ratio greater than 1 is advantageous for 

avoiding carbon deposition. A duration of 6 hours is considered sufficient for screening 

purposes, although most of the literature adopts shorter durations. To avoid initial 

performance fluctuations and overscoring unstable catalysts, the time-on-stream data 

from 15,000 to 20,000 seconds were averaged to measure catalyst performance. The 

selected GHSV of 10,000 mL·h-1·g-1 is commonly used in the literature, offering a 

balanced tradeoff between promoting conversion and suppressing side reactions, making 

it suitable for comparative catalytic performance evaluation. 
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Figure 2.3. Sequence of gas flow and temperature conditions used in the evaluation 

process. 

The conversion and yield of the relevant gases were calculated by the following 

equations: 

CH4 conversion (%) = 
𝑃𝐶𝐻4

𝑖𝑛  − 𝑃𝐶𝐻4
𝑜𝑢𝑡

𝑃𝐶𝐻4
𝑖𝑛  × 100    (2.1), 

CO2 conversion (%) = 
𝑃𝐶𝑂2

𝑖𝑛  − 𝑃𝐶𝑂2
𝑜𝑢𝑡

𝑃𝐶𝑂2
𝑖𝑛  × 100    (2.2), 

H2 yield (%) = 
𝑃𝐻2

𝑜𝑢𝑡

2𝑃𝐶𝐻4
𝑖𝑛  × 100      (2.3), 

CO yield (%) = 
𝑃𝐶𝑂

𝑜𝑢𝑡

2𝑃𝐶𝑂2
𝑖𝑛  × 100      (2.4), 

where 𝑃𝑖𝑛,𝑜𝑢𝑡 represents the partial pressure in the influent and effluent, respectively. 
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2.2.5. Data analysis 

Various data analyses were conducted on the obtained dataset, primarily employing 

ordinary statistical analysis methods using commonly available software such as 

Microsoft Excel or Python’s Scikit-learn library. Particularly, decision tree classification 

was employed for its intuitive interpretability to derive comprehensive guidelines for 

catalyst design. Decision trees are constructed through recursive partitioning, starting 

with the root or parent node and subsequently dividing data into child nodes [56]. This 

recursive partitioning process continues as child nodes become parents for further splits, 

until a predetermined threshold is met. This approach facilitates the extraction of 

actionable guidelines for catalyst design. To be specific, the molar contents of individual 

elements were selected as descriptors to classify catalysts into different H2 yield classes, 

based on the GINI impurity measure [57]. The random exploration led to an uneven 

distribution in catalyst performance, with non-catalysts prevailing in number. This class 

imbalance was addressed by adjusting the class weights inversely proportional to class 

frequencies. The resulting trees were pruned using cost-complexity pruning (CCP) with 

ccp_alpha set to 0.01, controlling the trade-off between fitting and simplicity by pruning 

branches with low importance [58].  

ML models were built using experimental data as a training dataset to predict the 

performance of unknown catalysts. The models included a classifier to distinguish 

between non-catalysts (H2 yield < 2%) and catalysts (H2 yield ≥ 2%) and a regressor to 

predict continuous H2 yield values for the catalyst class. The molar amounts of individual 
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elements served as explanatory variables. A random forest classifier was used for 

classification, and XGBoost for regression. Both models were hyperparameter-optimized 

to maximize classification accuracy and minimize the mean absolute error during 50-fold 

shuffle-split cross-validation (90% training, 10% test). 

 

2.2.6. Characterization 

The amount and nature of carbon deposits on the used catalysts was analyzed based on 

thermogravimetry differential thermal analysis (TG-DTA), measured on Thermo Plus 

EVO2 (Rigaku). A sample was placed in an Al2O3 crucible and heated from 30 °C to 

900 °C at a ramping rate of 10 °C/min under dry air. The specific surface areas of the 

catalysts were determined using a BELSORP-mini II at 77 K and the Brunauer-Emmett-

Teller (BET) method. Each catalyst sample was pretreated under vacuum at 523 K for 3 

hours prior to the measurement [59]. The morphology of the catalysts was investigated 

using a JEOL JEM-2100Plus transmission electron microscope (TEM) operated at an 

accelerating voltage of 200 kV. 

 

2.3. Results and discussion 

2.3.1. Acquisition of DRM dataset and statistical analyses 

Based on the rules described in section 2.1.1, 256 five-element supported catalysts were 

prepared with randomly determined element combinations and compositions, generally 

denoted as A‒B‒C‒D‒E/γ-Al2O3, and their DRM performance was evaluated at 500 °C. 
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The preparation and evaluation were carried out according to the methods described in 

sections 2.2.3 and 2.2.4, resulting in an unbiased and process-consistent DRM dataset, as 

exemplified in Table 2.1. The entire dataset is available in Table A1 and is also digitally 

accessible on the Catalyst Acquisition by Data Science (CADS) web platform for public 

use [60]. 

 

Table 2.1. DRM dataset obtained by HTE (abbreviated). Individual catalysts are 

described by their elemental combinations, compositions and performances.a,b,c The 

entire dataset is available in Table A1. 

No. A (mmol) 
B 

(mmol) 

C 

(mmol) 
D (mmol) 

E 

(mmol) 

Mtotal 

(mmol) 

CH4 

conv. 

(%) 

CO2 

conv. 

(%) 

H2 

yield 

(%) 

CO 

yield 

(%) 

1 Al (0.837) V (0.650) Rh (0.293) Ce (0.710) Sm (0.248) 2.74 2.4 -2.6 0.1 0.7 

2 Ca (0.681) Nb (0.700) Ag (0.402) Cs (0.529) Sm (0.373) 2.68 2.0 -3.1 0.0 0.2 

3 Li (0.845) Al (0.558) Ni (0.282) Nb (0.700) Ce (0.426) 2.81 25.9 27.3 26.0 22.9 

··· 

254 Ca (0.296) V (0.298) Ce (0.198) Sm (0.257) Hf (0.0406) 1.09 1.3 0.0 0.0 0.2 

255 Ni (0.973) Nb (0.351) Ag (0.697) Cs (0.114) Ba (0.974) 3.11 1.4 0.8 0.0 0.3 

256 Al (0.164) Nb (0.147) Rh (0.524) Cs (0.446) Ir (0.161) 1.44 14.1 21.3 15.4 19.0 

a Individual catalysts are denoted as A‒B‒C‒D‒E/γ-Al2O3, where the elements A‒E are 

ordered by atomic number, and the values in parentheses correspond to their amounts in 

mmol/g-support. 

b Mtotal is the total amount in mmol/g-support. 

c The conversions and yields were determined as the averages of the time-on-stream 

data from 15,000 to 20,000 seconds during the DRM reaction at 500 ºC under a 

CH4/CO2/Ar stream of 3/3/4 mL/min/channel (approx. 10000 mLgas∙h
-1∙gcat

-1 of GHSV) 

for 6 hours. 
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High-quality catalyst data of this scale is generally scarce. As previously demonstrated 

by Taniike et al. in oxidative coupling of methane, the analysis of such data is expected 

to yield valuable insights into catalysts and catalysis [2,3]. Hence, I first conducted a 

series of statistical analyses to understand the overall trends present in the data. 

Figure 2.4a shows a bubble plot where H2 yield is plotted along the catalyst number. 

The color of the bubbles represents the H2 yield, and their size indicates the total loading 

amounts of the known active elements (Ni, Rh, Ir). It was observed that the H2 yields 

were distributed up to 35%, while approximately 80% of the catalysts lacked notable 

catalytic performance. This is attributed to the random sampling method employed 

without any human intervention, ensuring the dataset’s unbiased nature and objectivity. 

The inclusion of such negative results at a natural balance is also crucial for the accuracy 

and reliability of machine learning models [21]. In Figure 2.4a, all catalysts with non-

zero yields contained the active elements, Ni, Rh, and Ir, i.e., no catalyst showed 

performance in the absence of these elements. However, based on the bubble size, there 

was no apparent correlation between the total amount of active elements and the H2 yield. 

For instance, many catalysts involving these elements showed negligible yields. Several 

catalysts with low amounts of active elements achieved very high yields (No. 3, 135, and 

209). This fact dictates the importance of synergistic and antagonistic interactions among 

elements in determining the overall performance. 

The exploration identified seven catalysts with H2 yields exceeding 25%, labeled in 

Figure 2.4a and Table A1 as Nos. 3, 30, 53, 123, 135, 163, and 209. All of these catalysts 
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contained Ni, confirming that Ni is the most effective element for high yields when 

supported on Al2O3. It is also reasonable that platinum group metals, particularly Ir, which 

possesses DRM activity on its own and potential synergy with Ni [33,34], were included 

in four of these seven catalysts. On the other hand, elements that do not possess intrinsic 

DRM activity, such as Li, were found in six of the seven catalysts, while Al and Nb 

appeared in four. Other elements like Ca, Cs, Sm, and Hf were occasionally present, 

appearing in two catalysts each.  

In the literature, there are only 16 entries with CH4 conversion exceeding 25% at 500 °C 

or lower, with few known promoters for such low-temperature DRM [45]. Including 

entries above 500 °C, common promoters are K, Ce, Ca, Ba, and Zr (see Figure 2.1b). 

Specifically, K, Ca, and Ba are known to provide basic sites that promote CO2 adsorption, 

leading to a moderate increase in activity and suppression of carbon deposition [61,62]. 

Ce plays multiple roles, including enhancing CO2 adsorption, promoting CH4 

decomposition, aiding Ni dispersion, and improving both activity and durability by 

suppressing carbon deposition [63]. Zr, while increasing activity, also promotes carbon 

deposition [64]. Li, present in many of the high-performing catalysts in this study, is 

rarely mentioned in the literature dataset. However, a few recent studies have reported 

that the basicity introduced by Li can effectively promote DRM [65,66]. Al and Nb, which 

also appeared frequently, have no reported instances in the literature. Notably, Al and Nb 

were often found alongside Cs, another alkali metal like Li. 
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These observations on high-performing catalysts highlight the usefulness of 

combinatorial and compositional exploration without prior knowledge, leading to 

unexpected discoveries.  

 

Figure 2.4. Visualization of the DRM dataset. (a) Bubble plot for the entire dataset, where 

the size of each bubble represents the total loading amounts of the active elements, Ni, 

Rh, and Ir. The color of the bubbles reflects the H2 yield. It can be observed that the 

majority of catalysts exhibited negligible yields, while particularly high-performing 

catalysts are labeled with their elemental combinations. Scatter plots for catalysts with H2 

yields ≥2% are shown in terms of (b) CH4 conversion vs. H2 yield and (c) CH4 conversion 
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vs. CO2 conversion, where the H2/CO ratio is indicated by the color. These plots represent 

trends intrinsic to low-temperature DRM. 

 

The exploration yielded a reasonable amount of data with meaningful H2 yields. 

Analyzing this data provides insights into the low-temperature DRM reaction. Figures 

2.4b and 2.4c plot the relationships between CH4 conversion and H2 yield, and between 

CH4 conversion and CO2 conversion, with the color axis indicating the H2/CO yield ratio. 

Ideally, DRM consumes one mole of CH4 and CO2 to produce two moles of H2 and CO, 

resulting in identical values for conversion and yield. Any deviation from this indicates 

the occurrence of side reactions. From Figures 2.4b and 2.4c, several key observations 

can be made. First, the H2 yield was always lower than the CH4 conversion. Additionally, 

at lower CH4 conversions, the CO2 conversion was higher than the CH4 conversion; 

however, as CH4 conversion increased, this relationship reversed. This resulted in a 

monotonous increase in the H2/CO ratio with increasing CH4 conversion, crossing unity 

at around 25% CH4 conversion. 

These observations suggest that the main side reaction at lower CH4 conversions is the 

methanation of CO2 by H2, which consumes H2 and CO2 to produce CH4, thereby 

lowering the CH4 conversion and the H2/CO ratio [67]. At higher CH4 conversions, the 

Boudouard reaction becomes more evident [38], where CO disproportionates into C and 

CO2, lowering the CO2 conversion while raising the H2/CO ratio. The unity of the H2/CO 

ratio at around 25% CH4 conversion does not indicate the absence of side reactions but 
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rather a coincidental balance between H2 consumption due to methanation and CO 

consumption due to disproportionation. 

The interrelation between reactants and products described above appears largely 

independent of the catalysts used, suggesting a thermodynamic origin. Thus, suppressing 

the side reactions through catalyst design is likely impractical. However, this inherent 

limitation does not undermine the pivotal role of catalysts in re-gasifying the deposited 

carbon and ensuring catalyst longevity. This aspect will be discussed in the next section. 

The 256 five-element supported catalysts correspond to a total of 1280 individual 

element selections and 2560 binary element combinations. By analyzing the obtained 

dataset, we attempted to extract catalyst design heuristics for low-temperature DRM. As 

seen in Figure 2.5a, it is clear that each element was sampled evenly without significant 

bias. Even the least frequently sampled element, Sn, appeared 64 times, which was 

deemed sufficient to obtain reliable trends. 

The dataset was then divided into four subsets based on H2 yield thresholds of 2%, 13%, 

and 20% to analyze the relationship between the elements and performance. The number 

of catalysts in each subset was: 205 with H2 yield < 2%, 27 with 2% ≤ H2 yield < 13%, 

10 with 13% ≤ H2 yield < 20%, and 14 with H2 yield ≥ 20%, with the majority of catalysts 

belonging to the non-catalyst group with negligible H2 yields. Note that the number of 

high-performing catalysts was not large, and the catalyst design heuristics identified in 

this chapter should not be regarded as comprehensive. Nevertheless, this does not 
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underscore the value of the identified heuristics, considering the scarcity of literature 

exploring multi-element catalyst design in DRM [45]. 
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Figure 2.5. Percentage of appearances of individual elements. (a) Entire dataset, and 

subsets with (b) H2 yield < 2%, (c) H2 yield ≥ 2%, (d) H2 yield ≥ 13%, and (e) H2 yield ≥ 

20%. The number of appearances of elements in each subset is normalized by the subset 

size. 

 

Figure 2.6 shows the distribution of performance classes for individual elements. This 

is better understood when viewed alongside Figures 2.5b–e, which show the percentage 

of appearances of individual elements in each performance class. For all the elements, H2 

yield < 2% was the most dominant class, suggesting that the presence of a certain element 

alone does not assure DRM performance. However, the probability of a catalyst 

belonging to a specific performance class notably changed with the inclusion of certain 

elements. For instance, all the catalysts containing Sn or Bi belonged to the non-catalyst 

group. The inclusion of post-transition metals such as Au and Ag increased the likelihood 

of non-catalysts and eliminated the probability of obtaining catalysts with H2 yield ≥ 20%, 

indicating that these elements inhibit low-temperature DRM. 

On the positive side, the probability of yielding catalysts with H2 yield ≥ 2% was 

highest for Rh, followed by Ir, Al, Ni, Nb, and Ce. Among these, Rh, Ir, and Ni are known 

to be DRM-active. While Rh and Ir were more likely than Ni to yield catalysts with H2 

yield ≥ 2%, Ni was more significant in achieving H2 yield ≥ 20%. This suggests that Ni 

is more specific to combinations than Rh and Ir, but can yield better catalysts when 

combinations are carefully selected. Among DRM-inactive elements, the most frequently 
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contained element was Al, followed by Nb and Ce. Of these, only Ce is known to be 

effective in promoting DRM in the literature [63]. Notably, Al stood out compared to the 

other rather inhibiting p-block metals and was frequently found in catalysts with H2 yield 

≥ 20%. Nb showed similar effectiveness to Al, in contrast to V from the same group. 

Additionally, elements such as Li and Hf, though not recognized as promoters, also have 

a high probability of being included in catalysts with H2 yield ≥ 20%. 

 

Figure 2.6. Normalized distribution of performance classes for individual elements. This 

represents the percentage of catalysts containing a specific element that fell into a specific 

performance class. The colors represent the H2 yield classes associated with these 

appearances. 

 

Next, I analyzed the relationship between elemental combinations and catalytic 

performance. Specifically, I compared the probability of each binary combination 
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appearing in catalysts within specified H2 yield ranges (Figure 2.7). For instance, in 

Figure 2.7a, Li–V appears in 13% of the catalysts with H2 yields below 2% (it should be 

noted that each five-element catalyst contains 10 binary combinations, so the total 

percentage of appearances sums to 1000%). Among the catalysts with H2 yields below 

2%, no prominent binary combinations were observed, suggesting that negative catalysts 

are numerous and specifying binary combinations alone is insufficient to obtain active 

DRM catalysts. Nonetheless, it is noteworthy that a subset containing active elements 

such as Ni, Rh, or Ir included one or more of V, Ag, Sn, or Bi in 97% of cases. 

In catalysts with H2 yields of 2% or higher, the appearance of elemental combinations 

began to show specificity, with Al–Rh, Ni–Ir, Rh–Ir, and Nb–Ir being the most frequent 

combinations (Figure 2.7b). As the performance threshold was raised to 13%, specific 

elemental combinations became more pronounced: Al–Rh, Ni–Nb, Ni–Ir, Nb–Rh, and 

Rh–Ir (Figure 2.7c). Among them, the combinations of Ni–Nb and Nb–Rh newly 

emerged. Once the threshold reached 20%, binary combinations such as Ni–Nb, Al–Ni, 

Li–Ni, Al–Nb, Ni–Ir, Nb–Rh, and Ni–Rh became dominant (Figure 2.7d). Many of these 

combinations involved Ni, suggesting that promoting Ni is the most effective strategy for 

achieving high activity in low-temperature DRM, consistent with the observation in 

Figure 2.4b. The binary combination of inactive elements, Al–Nb, suggests their synergy 

when combined with the active element, Ni. It is also noteworthy that Al and Nb 

frequently appeared with Rh. 
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Figure 2.7. Percentage of appearances of individual binary combinations of elements. (a) 

H2 yield < 2%, (b) H2 yield ≥ 2%, (c) H2 yield ≥ 13%, (d) H2 yield ≥ 20%. The number 

of appearances of binary combinations in each subset is normalized by the subset size. 

 

Decision tree classification, an interpretable machine learning algorithm, offers an 

intuitive display of feature importance and the decision-making process, thus holding 

significant value for visualizing catalyst design [68]. Here, I performed classification 

using the loading amounts of individual elements as descriptors and the H2 yield as the 

target variable to establish catalyst design guidelines for low-temperature DRM and to 

comprehend the impact of elemental compositions on performance. The H2 yields of 

catalysts were categorized into four classes: <2%, 2‒13%, 13‒20%, and ≥20%, similar to 
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Figure 2.6. This categorization focuses on high-performing catalysts, but the substantial 

presence of catalysts with H2 yields < 2% may bias the classification model towards this 

specific class. To address this class imbalance issue, I set the class weights inversely 

proportional to class frequencies. Furthermore, to prevent the classification tree from 

becoming overly complex, a CCP technique was used to omit less decisive splits [58]. 

Figure 2.8 shows the obtained classification tree result. Initially, the top node classifies 

the 256 catalysts into 205 with H2 yields < 2%, 27 with 2‒13%, 10 with 13‒20%, and 14 

with ≥20%. The first split is based on the amount of Rh. By recursively performing such 

splits, the purity of the nodes—i.e., the proportion of catalysts in each node belonging to 

a specific H2 yield class—increases, leading to catalyst design guidelines. 

When catalysts contain a high amount of Rh, achieving a yield of ≥20% also requires 

having high amounts of Nb and Ni or Hf and Al. These rules involve the frequent 

combinations of Rh‒Nb and Rh‒Al identified in Figure 2.7, along with the need for a 

third element (Ni or Hf, respectively). When Nb and Hf amounts are low, excluding Ag 

is necessary to increase the chance of achieving yields of 13‒20%. These observations 

suggest that Rh alone is insufficient for high performance without promoters. 

When the Rh content was insufficient, two significant branches emerged, differing in 

Ni content. The right branch is associated with high Ni content, where the primary design 

guideline for achieving H2 yields ≥20% is to avoid specific elements such as Cs, Ag, and 

V. This suggests that Ni can achieve high performance without promoters, although it 

does not imply that promoters do not enhance performance beyond 20%. The other branch 
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is related to low Ni content, where the only way to increase the chance of achieving yields 

≥20% is to exclude Bi and include high amounts of both Nb and Al. As seen in Figure 

2.7, Nb and Al were frequently associated with both Ni and Rh. 

 

Figure 2.8. Classification tree result. The 256 catalysts were classified based on the 

loading amounts of the elements into four H2 yield classes: < 2%, 2‒13%, 13‒20%, and 

≥20%. The class weights were adjusted to be inversely proportional to the class 

frequencies. The tree was pruned based on cost complexity pruning (CCP). The four 

numbers written in each node correspond to the numbers of samples in the < 2%, 2‒13%, 

13‒20%, and ≥20% H2 yield classes, respectively. The nodes are colored according to the 

class with the largest weighted frequency. The splits were made based on specific 
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threshold loading amounts of elements in mmol/g-support. The yellow highlight traces 

the routes for catalysts with H2 yields ≥20%. 

 

A direct application of the unbiased dataset is predicting the performance of untested 

catalysts using ML models trained on it. Here, ML models were built using the dataset in 

Table 2.1, supplemented with data from Tables 2.3 and 2.4 (Figures 2.9a and 2.9b). The 

models comprised a random forest classifier and an XGBoost regressor. The classifier 

differentiated between non-catalysts (H2 yield < 2%) and catalysts (H2 yield ≥ 2%), while 

the regressor predicted continuous H2 yield values for the catalyst class. After 

hyperparameter optimization, the classifier achieved an accuracy of 0.99 during training 

and 0.89 during cross-validation, while the regressor achieved a mean absolute error of 

0.29% during training and 4.1% during cross-validation. Despite slight overfitting due to 

the limited dataset size, the regressor’s prediction error of 4.1% is sufficient for practical 

applications, such as distinguishing between catalysts with yields of 10% and 20%. 

The predictive power of the ML models was validated experimentally. Catalysts were 

generated as combinations of 1–5 elements from the library of 17 elements, with 

individual loadings varied from 0.2 to 3.4 mmol/g-support in 0.2 mmol/g-support 

increments, within a total loading limit of 3.5 mmol/g-support. A total of 20 catalysts 

were sampled, consisting of 5 each in the predicted yield ranges of H2 yield < 2%, 2–13%, 

13–20%, and ≥20%. Note that the catalysts for which the regressor predicted the H2 yield 

were limited to those assigned to the catalyst class (H2 yield ≥ 2%) by the classifier. To 
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ensure diversity and avoid extreme extrapolation, random sampling was performed in 

regions within a minimum Euclidean distance between 0.2 to 1.0 mmol/g-support from 

the training data in the 17-dimensional compositional space. The correspondence between 

predicted and experimentally observed H2 yields for these 20 catalysts (Table 2.2) is 

shown in Figure 2.9c. 

 

Figure 2.9. Results for the training of the machine learning models and experimental 

validation. (a) Classification of catalysts into the non-catalyst class (H2 yield < 2%) and 

catalyst class (H2 yield ≥ 2%) using a random forest classifier. (b) XGBoost regression of 

H2 yields for catalysts with H2 yield ≥ 2%. (c) Experimental validation of prediction 
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results from the developed models. 20 catalysts were selected by restricted random 

sampling, consisting of 5 from each predicted yield range: H2 yield < 2%, 2–13%, 13–

20%, and ≥ 20%. The restriction was based on the distance representing compositional 

similarity to the catalysts in the training data. 

 

Table 2.2. DRM performance of the catalysts used to validate the machine learning 

models.a 

No. 
A 

(mmol) 

B 

(mmol) 

C 

(mmol) 

D 

(mmol) 

E 

(mmol) 

Mtotal 

(mmol) 

CH4 

conv. 

(%) 

CO2 

conv. 

(%) 

H2 

yield 

(%) 

CO 

yield 

(%) 

1 Ca (0.200) V (0.600) Ni (0.600) Nb (0.400) Hf (0.800) 2.60  1.6  0.5  0.0  0.2  

2 Ni (0.800) Nb (0.200) Ag (0.200) Sm (0.200) Ir (0.200) 1.60  3.0  3.5  0.8  2.2  

3 Li (0.400) Ni (1.000) Ba (0.400) Au (0.200) Bi (1.200) 3.20  1.2  -0.9  0.0  0.1  

4 Al (0.200) Ce (1.400) Au (0.800)   2.40  2.3  -0.2  0.0  0.1  

5 Ag (0.600) Sn (0.400) Cs (0.200) Hf (1.000) Bi (0.800) 3.00  2.6  0.3  0.1  0.2  

6 Ca (0.800) Ni (0.400) Rh (0.400) Cs (1.000) Hf (0.400) 3.00  7.2  13.6  4.0  9.9  

7 Al (0.200) Ca (0.200) Rh (1.200) Ce (0.800) Hf (0.400) 2.80  19.6  31.0  19.4  26.6  

8 Li (0.800) Al (0.400) Ni (0.400) Ce (0.600) Sm (0.600) 2.80  20.3  30.5  19.9  24.7  

9 Ni (0.600) Ba (0.200) Ce (0.800) Sm (1.200) Ir (0.600) 3.40  16.6  26.8  16.3  22.7  

10 Ca (0.200) Ni (0.800) Ba (0.800) Ce (0.400) Sm (1.000) 3.20  26.2  32.3  25.9  22.3  

11 Li (0.200) Al (0.600) Nb (0.200) Rh (1.200) Cs (0.200) 2.40  19.0  29.9  18.0  25.9  

12 Li (0.200) Ni (0.800) Nb (0.600) Ba (1.200) Hf (0.200) 3.00  36.7  37.9  32.4  38.3  

13 Al (0.400) Ca (0.200) Ni (0.800) Ce (0.200) Sm (0.600) 2.20  28.9  33.5  28.5  22.0  

14 Rh (0.800) Ba (0.800) Ce (0.800) Sm (0.400) Hf (0.600) 3.40  19.4  31.3  19.9  27.0  

15 Li (0.400) Al (0.200) Ni (0.400) Rh (1.000) Ce (0.600) 2.60  19.9  31.5  19.8  26.9  

16 Li (0.400) Al (1.200) Ni (1.200) Sm (0.200) Ir (0.200) 3.20  25.8  31.4  26.2  23.1  

17 Al (0.200) Ni (0.800) Nb (0.400) Sm (0.600) Hf (1.200) 3.20  35.5  36.4  31.9  19.9  

18 Al (0.200) Ca (0.200) Ni (1.800) Nb (0.600) Ce (0.600) 3.40  42.7  39.2  35.3  24.2  

19 Li (0.400) Ni (1.200) Nb (0.800) Rh (0.200) Hf (0.400) 3.00  27.9  30.7  27.4  21.9  

20 Li (1.400) Ca (0.600) Ni (0.800) Nb (0.200) Hf (0.200) 3.20 41.0 39.9 34.2 37.3 

a The 20 catalysts were selected, consisting of 5 each in the predicted yield ranges of H2 

yield < 2%, 2–13%, 13–20%, and ≥20%. 
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The performance of the classifier was found to be perfect: all 5 catalysts predicted as 

non-catalysts indeed had H2 yields < 2%, while the remaining 15 catalysts predicted as 

catalysts all exhibited H2 yields ≥ 2%. Notably, the non-catalysts contained either of the 

elements V, Ag, Sn, Au, and Bi, which were previously identified as detrimental to DRM. 

The mean absolute error between the predicted and observed H2 yields for the 15 catalysts 

was 8.6%, reflecting the quantitative limitation of the regressor, likely due to the 

overfitting tendency caused by the small sample size of the catalyst class. Despite the 

limitation, the regressor demonstrated practical utility for predicting the composition of 

high-performance catalysts. Specifically, among the 5 catalysts with predicted H2 yields 

in the range of 13–20%, 3 exhibited observed H2 yields within the same range. 

Furthermore, all 5 catalysts with predicted H2 yields ≥ 20% also had observed yields ≥ 

20%. Among the 8 catalysts with observed H2 yields ≥ 20%, all contained Ni as the main 

active element, frequently coupled with Nb > Li, Al, Ca, Sm, and Hf > Ce. Furthermore, 

4 out of these 8 included the combination Ni–Nb–Hf, while 3 contained combinations 

such as Li–Ni–Nb, Li–Ni–Hf, Al–Ni–Sm, and Ni–Ca–Ce. These patterns were identified 

by the earlier data science analyses as frequent in high-performance catalysts. This 

demonstrates that the predictive models successfully learned these patterns and can apply 

them directly to the design of high-performance catalysts. 

This section concludes that exploration without assumptions on elemental 

combinations and compositions enabled the clear revisiting of heuristics scattered across 

diverse literature and facilitated the discovery of unexpected catalyst design guidelines. 
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The former includes side reactions intrinsic to DRM and the effectiveness of Ni as the 

primary element, while the latter involves pairing uncommon elements such as Al, Nb, 

and Hf, which may enhance the activity of Ni and Rh. Most importantly, the obtained 

data, characterized by its large scale, process consistency, and unbiased nature, holds 

significant value as a subject for machine learning. This perspective was partly realized 

in this chapter through the development of predictive models and their experimental 

validation, demonstrating the practical applicability of the approach. 

 

2.3.2. Catalyst design to mitigate carbon deposition 

DRM catalysts are susceptible to carbon deposition from three mechanisms: methane 

cracking, CO disproportionation, and CO hydrogenation [69,70]. The CO 

disproportionation is particularly relevant at the studied temperature (cf. 2.3.1). The 

accumulation of carbon deposits not only causes the blockage of active sites that 

deteriorates long-term stability and reaction efficiency, but also disrupts reactant flow, 

leading to an increase in pressure drop and potential safety issues. 

To facilitate the design of multi-element catalysts with enhanced resistance to carbon 

formation, the top three performing catalysts identified during the random exploration 

(Nos. 135, 163, and 209 in Table A1) were subjected to TG-DTA analysis after 6 hours 

on-stream at 500 °C. Table 2.3 (entries 1‒3) provides a summary of the catalyst 

performance, including the carbon deposition amount and reactivity. Notably, all three 

catalysts exhibited carbon deposition amounts exceeding 34 wt%, comparable to 
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previously reported values, such as 47 wt% for Ni/Al2O3 after just 1 hour on stream [71], 

and 18‒52 wt% for modified Ni catalysts after 5 hours [72]. Nonetheless, the catalysts 

exhibited relatively stable activity over 6 hours on stream (Figure 2.10), and the surface 

areas of the fresh and spent catalysts were comparable (120 vs. 126 m2 g-1) for Li‒Al‒

Ni13‒Cs‒Hf/-Al2O3. It was reported in the literature that low-temperature DRM is prone 

to filamentous whisker carbon formation on Ni surfaces [73,74], but such carbon hardly 

deactivate the catalysts as long as no excessive carbon is accumulated or polymerized 

into film to encapsulate the Ni particles [74,75]. Among the three catalysts, Li‒Al‒Ni13‒

Cs‒Hf demonstrated the lowest carbon deposition, although it shared some common 

elements with the other two. 

 

Table 2.3. DRM performance of selected and additionally prepared catalysts with an 

emphasis of carbon formation.a,b 

No. Catalyst name 
A 

(mmol) 

B 

(mmol) 

C 

(mmol) 

D 

(mmol) 

E 

(mmol) 

CH4 

conv. 

(%) 

CO2 

conv. 

(%) 

H2 

yield 

(%) 

CO 

yield 

(%) 

Weight 

loss 

(wt%) 

DTA 

peak 

temp. 

(°C) 

1 Li‒Al‒Ni13‒Cs‒Hf Li (0.865) Al (0.193) Ni (0.443) Cs (0.080) Hf (0.424) 34.0 29.4 30.5 20.8 34.8 555 

2 Li‒Ni64‒Nb‒Rh3‒Ir3 Li (0.096) Ni (2.255) Nb (0.101) Rh (0.114) Ir (0.096) 37.5 31.2 32.5 25.5 36.2 586 

3 Li‒Al‒Ni20‒Nb‒Sm Li (0.350) Al (0.545) Ni (0.704) Nb (0.102) Sm (0.058) 40.0 34.4 34.5 35.5 38.4 581 

4 Ni13 Ni (0.443)     19.1 30.8 18.4 22.5 30.2 580 

5 Li‒Ni13 Li (0.865) Ni (0.443)    22.7 30.1 22.1 23.8 31.6 541 

6 Al‒Ni13 Al (0.193) Ni (0.443)    21.1 32.2 21.0 23.6 10.3 565 

7 Ni13‒Cs Ni (0.443) Cs (0.080)    17.8 29.4 19.2 23.0 21.5 557 

8 Ni13‒Hf Ni (0.443) Hf (0.424)    22.2 33.6 20.8 24.4 26.3 572 

9 Li‒Al‒Ni13 Li (0.865) Al (0.193) Ni (0.443)   24.4 30.6 23.8 22.8 31.8 545 

10 Li‒Ni13‒Cs Li (0.865) Ni (0.443) Cs (0.080)   25.3 30.4 24.4 22.6 32.2 545 

11 Li‒Ni13‒Hf Li (0.865) Ni (0.443) Hf (0.424)   21.7 31.2 23.1 24.0 30.5 533 

12 Al‒Ni13‒Cs Al (0.193) Ni (0.443) Cs (0.080)   18.5 29.1 20.2 23.4 25.7 593 

13 Al‒Ni13‒Hf Al (0.193) Ni (0.443) Hf (0.424)   21.4 31.6 20.2 23.0 16.4 564 

14 Ni13‒Cs‒Hf Ni (0.443) Cs (0.080) Hf (0.424)   18.5 30.3 19.5 23.6 15.0 549 

15 Li‒Al‒Ni13‒Cs Li (0.865) Al (0.193) Ni (0.443) Cs (0.080)  28.3 30.3 26.8 21.2 42.7 546 
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16 Li‒Al‒Ni13‒Hf Li (0.865) Al (0.193) Ni (0.443) Hf (0.424)  22.7 30.3 22.5 24.5 31.6 540 

17 Li‒Al‒Cs‒Hf Li (0.865) Al (0.193) Cs (0.080) Hf (0.424)  1.8 -1.0 0.1 0.1 5.4 n.a. 

18 Li‒Ni13‒Cs‒Hf Li (0.865) Ni (0.443) Cs (0.080) Hf (0.424)  26.1 29.8 25.1 22.5 34.1 533 

19 Al‒Ni13‒Cs‒Hf Al (0.193) Ni (0.443) Cs (0.080) Hf (0.424)  23.7 35.1 24.3 23.1 13.9 549 

a Nos. 1‒3 correspond to the top-performing catalysts identified during the random 

exploration (corresponding to Nos. 135, 163, and 209 in Table A1). Nos. 4‒19 include 

variants of No. 1 with some elements intentionally omitted. Note that the relative loadings 

of the active elements are indicated after their respective element symbols, with 100 

corresponding to 3.5 mmol/g-support. 

b Catalysts used in the DRM reaction at 500 °C for 6 hours on stream were subjected to 

TG-DTA analysis. The weight loss corresponds to the difference in sample weight at the 

onset and termination temperatures of the exothermic peak on the DTA curve, with the 

DTA peak temperature being the temperature at its maximum. 

 

 

Figure 2.10. Time-on-stream performance of selected catalysts. These catalysts are listed 

in Table 2. The DRM reaction was performed at 500 ºC under a CH4/CO2/Ar stream of 

3/3/4 mL/min/channel (approx. 10000 mLgas∙h
-1∙gcat

-1 of GHSV). 

 

To investigate the roles of elemental combinations in catalytic performance, a series of 

catalysts were additionally prepared and evaluated. These catalysts comprised variants of 
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Li‒Al‒Ni13‒Cs‒Hf with some elements intentionally omitted. The results of catalysis 

and TG-DTA analysis are summarized in Table 2.3 (from entry 4 onwards), with 

representative TG-DTA curves provided in Figure 2.11. TEM images of Li‒Al‒Ni13‒

Cs‒Hf and Ni13 are shown in Figure 2.12. 
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Figure 2.11. Representative TG-DTA curves for selected catalysts after the use in the 

DRM reaction at 500 °C for 6 hours on stream: (a) Li–Al–Ni13–Cs–Hf, (b) Li–Ni64–Nb–

Rh3–Ir3, (c) Li–Al–Ni20–Nb–Sm, (d) Ni13, (e) Li–Al–Cs–Hf. 

 

Figure 2.12. TEM images and particle size distribution: (a,b) Li‒Al‒Ni13‒Cs‒Hf and 

(c,d) Ni13. The images were taken after activation under an H2 stream. The particle size 

distribution was acquired by analyzing randomly selected particles at a fixed 

magnification. 



75 

 

Analysis on additional data revealed the essentiality of Ni for promoting DRM reaction. 

However, its presence and the increase in its loading amount significantly raised the 

carbon deposition. The introduction of additional elements either suppressed or promoted 

the carbon formation, depending on their specific combinations. Figure 2.13 visualizes 

the observed trends compiled in a tree diagram segmented by elements, alongside a heat 

map illustrating the H2 yield, H2/CO ratio, weight loss, and combustion peak temperature 

from TG-DTA. First of all, the presence or absence of Li led to distinct responses to 

additional elements, and therefore, the tree was divided by it at its root node. In the 

presence of Li, the addition of third and subsequent elements significantly enhanced the 

H2 yield, while moderately increasing carbon deposition, accompanied with a rise in the 

H2/CO ratio. The yield enhancement was most pronounced with Cs, followed by Al and 

Hf. When two elements were added to Li‒Ni, higher H2 yields, and increased carbon 

deposition were generally observed compared to the addition of only one element. 

However, the combination of all three elements, Al, Cs, and Hf, unexpectedly resulted in 

the best performance, with a significant reduction in carbon deposition. Without Li, the 

introduction of second and subsequent elements moderately promoted the H2 yield but 

greatly suppressed carbon deposition. The synergistic effect was evident also in this 

context, where the combination of Al, Cs, and Hf significantly enhanced the H2 yield 

while inhibiting carbon formation. 

Note that the amount of carbon deposits exhibited an inverse relationship with the peak 

combustion temperature. In particular, the combustion temperature remained relatively 
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low for Li-containing catalysts, although the inclusion of Li increased carbon deposition. 

This suggests the formation of less stable carbon species, or the ease of regeneration that 

may compromise the increase in carbon deposition. 

Experiments removing specific elements were also conducted on another high-

performing catalyst (corresponding to No. 209 in Table A1). The results, presented in 

Table 2.4, reaffirmed the essential role of Ni and demonstrated that Li and Nb act as 

promoters for Ni. Moreover, in both Tables 2.3 and 2.4, the most active catalysts were 

consistently the original five-element compositions, with H2 yields showing a declining 

trend as elements other than Ni were removed. Notably, in Table 2.3, all two-element 

catalysts were more active than Ni alone, strongly suggesting that most of the constituents 

play a promotional role for Ni. 

In this section, it was revealed that the activity of catalysts and their propensity for 

carbon formation in low-temperature DRM are greatly influenced by the combination of 

elements. The discovery of unexpectedly effective new combinations, in particular, 

demonstrates the usefulness of large-scale exploration of multi-element catalysts. Further 

exploration and the development of rules from these findings may pave the way to 

addressing carbon deposition, the biggest issue in DRM. 
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Table 2.4. DRM performance after removing specific elements from Li‒Al‒Ni20‒Nb‒

Sm.a 

No. Catalyst name 
A 

(mmol) 

B 

(mmol) 

C 

(mmol) 

D 

(mmol) 

E 

(mmol) 

CH4 

conv. 

(%) 

CO2 

conv. 

(%) 

H2 

yield 

(%) 

CO 

yield 

(%) 

1 Li‒Al‒Ni20‒Nb‒Sm Li (0.350) Al (0.545) Ni (0.704) Nb (0.102) Sm (0.058) 40.0 34.4 34.5 35.5 

2 Ni20 Ni (0.704)     30.3 25.1 29.5 20.2 

3 Li‒Ni20 Li (0.350) Ni (0.704)    33.7 25.3 31.2 19.4 

4 Al‒Ni20 Al (0.545) Ni (0.704)    26.8 26.2 26.8 22.2 

5 Ni20‒Nb Ni (0.704) Nb (0.102)    32.8 25.9 30.4 19.8 

6 Ni20‒Sm Ni (0.704) Sm (0.058)    31.5 25.3 29.9 19.6 

7 Li‒Al‒Ni20 Li (0.350) Al (0.545) Ni (0.704)   29.6 25.4 28.9 21.0 

8 Li‒Ni20‒Nb Li (0.350) Ni (0.704) Nb (0.102)   35.4 26.8 30.8 19.8 

9 Li‒Ni20‒Sm Li (0.350) Ni (0.704) Sm (0.058)   34.0 25.7 31.7 19.4 

10 Al‒Ni20‒Nb Al (0.545) Ni (0.704) Nb (0.102)   32.9 26.9 30.5 20.0 

11 Al‒Ni20‒Sm Al (0.545) Ni (0.704) Sm (0.058)   23.7 24.4 23.3 20.9 

12 Ni20‒Nb‒Sm Ni (0.704) Nb (0.102) Sm (0.058)   31.4 26.1 30.0 20.2 

13 Li‒Al‒Ni20‒Nb Li (0.350) Al (0.545) Ni (0.704) Nb (0.102)  36.2 27.3 33.1 19.4 

14 Li‒Al‒Ni20‒Sm Li (0.350) Al (0.545) Ni (0.704) Sm (0.058)  28.5 25.2 27.8 21.4 

15 Li‒Al‒Nb‒Sm Li (0.350) Al (0.545) Nb (0.102) Sm (0.058)  -0.2 -4.9 0.1 0.2 

16 Li‒Ni20‒Nb‒Sm Li (0.350) Ni (0.704) Nb (0.102) Sm (0.058)  34.2 26.1 30.4 18.7 

17 Al‒Ni20‒Nb‒Sm Al (0.545) Ni (0.704) Nb (0.102) Sm (0.058)  31.9 25.2 29.9 19.8 

a No. 1 corresponds to catalyst No. 209 in Table S1, which was identified during the 

random exploration. Nos. 2‒17 include variants of No. 1 with some elements intentionally 

omitted. Note that the relative loadings of the active elements are indicated after their 

respective element symbols, with 100 corresponding to 3.5 mmol/g-support. 

 



78 

 

 

Figure 2.13. Tree diagram segmented by elements, alongside a heat map illustrating the 

H2 yield, H2/CO ratio, weight loss, and combustion peak temperature in TG-DTA. The 

heat map displays normalized values for each property, ranging from minimum (blue) to 

maximum (red). 

 

2.4. Conclusion 

The design of multi-element catalysts for the DRM has not been thoroughly explored 

in the literature. Here, 256 γ-Al2O3-supported five-element catalysts with randomly 

determined elemental combinations and compositions were prepared and evaluated for 
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DRM at 500 °C in a high-throughput mode. The major findings, derived from various 

analyses of the obtained unbiased dataset and the selected catalysts, are as follows: 

• Out of the 256 catalysts, 205 were inactive for DRM. This means the majority of 

the catalyst design space belongs to negative data, and including such data in 

natural proportion is believed to be important. 

• Many of the inactive catalysts contained elements, such as Ni and platinum group 

elements, that are known to be DRM-active. Indeed, no significant correlation was 

observed between the amount of these elements and activity, highlighting the 

essentiality of careful elemental combinations. 

• DRM at 500 °C, regardless of the catalysts used, was limited by two side 

reactions: CO₂ methanation and CO disproportionation. The former was more 

pronounced at lower conversions, while the latter at higher conversions, causing 

the H2/CO ratio to increase monotonically with conversion. 

• Catalysts that exhibited DRM activity contained either Ni or platinum group 

elements, while their performance depended on the types and amounts of other 

combined elements. Rh and Ir were less sensitive to the combinations for activity, 

whereas Ni achieved the highest performance with the right combinations. 

Notably, Li, Al, Nb, Ca, Cs, Sm, Ce, and Hf frequently appeared in high-

performance catalysts containing Ni. These frequent patterns were demonstrated 

to be practically useful for the direct prediction of high-performance catalysts 

using machine learning models. 
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• The promoters affected not only activity but also carbon deposition. Notably, the 

ternary combination of Al, Cs, and Hf with Ni significantly suppressed carbon 

deposition while enhancing activity. 

Thus, exploration without prior knowledge, while not efficient for pinpointing high-

performing catalysts or optimization, is beneficial for unexpected discoveries from 

unexplored catalyst design spaces. The inefficiency can be compensated by high-

throughput experimentation, and the findings offer new perspectives for DRM catalyst 

design. Sized and qualified datasets are still scarce in the field of heterogeneous catalysis. 

The dataset publicized here will contribute to data-driven catalysis as benchmark and 

training data for further catalyst development. 
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Abstract 

Catalyst discovery is often bottlenecked by the vastness of compositional space and the 

inefficiencies of conventional trial-and-error approaches. In this chapter, I present a data-

driven discovery framework that combines high-throughput experimentation (HTE), 

automatic feature engineering (AFE), and an adaptive active learning loop to identify 

high-performance dry reforming of methane (DRM) catalysts at 500 °C. Unlike 

conventional methods that rely on handcrafted descriptors, AFE automatically generates 

features from general physicochemical properties, enabling unbiased exploration and 

reducing reliance on domain-specific assumptions. Starting from an initial dataset of 277 

multi-element γ-Al2O3-supported catalysts generated primarily through random sampling, 

I conducted 13 active learning loops that progressively expanded the elemental design 

space to 45 elements. Through strategic sampling, a total of 420 new catalysts were 

synthesized and evaluated. Catalyst phylogenetic tree was constructed to visualize over 

100 high-performance DRM catalysts discovered through the adaptive learning process. 

The compositions span three major lineages: alkali-promoted systems, platinum-group 

metal (PGM)-based systems, and Ni- or Co-based active metal systems. Catalysts 

achieving H2 yields ≥30% reaffirm the central role of Ni as the active component and 

reveal expanded elemental diversity, highlighting the role of alkali metals (Li, K, Cs, Rb), 

transition metals (Sc, Ti, Mn, Y, Nb, Hf, Ta), and the rare earth element Sm as effective 

promoters for enhancing DRM catalytic performance. Overall, this chapter highlights the 

powerful capability of adaptive active learning to overcome human intuition, 

systematically explore vast and previously inaccessible catalyst spaces, and accelerate the 

discovery of novel high-performance formulations. 
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3.1. Introduction 

Catalysts lie at the core of modern chemical industries, playing a crucial role in energy 

production, environmental protection, and materials synthesis [1–3]. However, the 

discovery of new catalysts remains a formidable scientific challenge. This difficulty arises 

from the intricate nature of catalytic systems, where the activity, selectivity, and stability 

are governed by a complex interplay of structural, electronic, and kinetic factors [4,5]. In 

addition, the space of possible compositions and combinations is extraordinarily vast, as 

catalysts are typically composed of multiple elements in varying proportions [6]. 

Conventional catalyst development has largely relied on trial-and-error experiments to 

identify the optimal catalyst compositions and reaction conditions, which are time-

consuming and costly [7,8]. Therefore, catalyst design space has long been confined to a 

narrow “known space” (Figure 3.1), where discoveries are typically restricted to regions 

close to the origin, characterized by simpler catalyst designs. For example, conventional 

systems like Ni/Al2O3, Rh/CeO2, or Pt/ZrO2, commonly used in reforming reactions, 

involve only a single active metal with typical support. However, beyond this known 

space lies a vast, unexplored “unknown space” that may harbor materials capable of 

revolutionizing catalysis. Although researchers often seek breakthroughs, traditional 

methods remain confined to known territories because hypothesis generation depends 

heavily on prior knowledge, naturally biasing exploration toward familiar regions and 

limiting access to novel catalyst compositions [9]. As a result, the search for new catalysts 

remains confined by the boundary between the known and the unknown. Although 
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accidental discoveries, while responsible for many major breakthroughs in catalysis, are 

inherently unpredictable and reliant heavily on chance [10]. Their randomness and lack 

of systematic guidance make them an inefficient approach for discovering novel catalysts. 

In this case, a paradigm shift in catalyst design strategies has become imperative. 

Advances in materials informatics have led to the widespread adoption of data-driven 

approaches in materials development [11–14]. By integrating catalysts knowledge with 

techniques like machine learning (ML), researchers have accelerated the exploration and 

discovery of new materials. Traditional hypothesis-driven strategies rely on existing 

knowledge to formulate new assumptions but often struggle to transcend the boundaries 

of established material domains and exhibit limited capability in exploring uncharted 

catalyst spaces [15,16]. In contrast, data-driven approaches are free from the constraints 

of prior intuition or predefined relationships. ML algorithms can autonomously extract 

hidden patterns and complex correlations from large datasets, thereby expanding the 

scope of catalyst discovery beyond the limitations of conventional human inference [17]. 

For example, studies have explored design guidelines for oxidative coupling of methane 

catalysts with the aid of supervised ML, indicating its effectiveness in exploring high-

performance catalysts for better C2 yields [18,19]. Additionally, by incorporating general 

physicochemical features such as the electronic and geometric properties of elements in 

ammonia decomposition catalysts into the training data, novel catalyst formulations can 

be predicted beyond the original material parameter space [20]. 
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However, the implementation of data-driven approaches across the vast combinatorial 

and compositional space remains challenged by two fundamental limitations [21]. First, 

it is undeniable that datasets in catalysis are typically limited in size, rarely exceeding a 

thousand observations. Moreover, these datasets often exhibit inconsistency and bias. 

Such constraints present significant challenges for constructing robust and generalizable 

ML models, which generally require numerous tunable parameters to capture complex 

trends [22,23]. The emergence of high-throughput experimentation (HTE), which can 

quickly generate high-quality, large-scale, and highly consistent catalyst datasets, has 

provided an effective approach to addressing the issue of insufficient experimental data 

in catalysis research [18,19,24,25]. Second, the inherent complexity and diversity of 

catalytic materials make it challenging to design robust descriptors based on researchers’ 

physicochemical insights, as it typically requires in-depth domain knowledge of the target 

catalytic system [26]. Current ML approaches primarily rely on manually engineered 

descriptors thereby constraining their ability to uncover novel chemical insights. A major 

drawback is that the resulting models often fail to identify or generalize to materials 

entirely outside the training domain [27,28]. 

In a recent work [21,24], Taniike et al. introduced an automatic feature engineering 

(AFE) technique that automatically generates descriptors that effectively capture the 

essential physicochemical characteristics of catalytic systems, without the need of prior 

knowledge of the catalytic system This approach enables the identification of meaningful 

data trends using relatively simple ML models, substantially improving predictive 
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accuracy and efficiency, particularly when dealing with small catalyst datasets. Briefly, 

AFE constructs an extensive set of features by transforming the physicochemical 

properties of catalyst components and selects those most relevant to the target catalysis. 

Combining AFE with HTE and strategic sampling in an adaptive active learning loop, 

enables systematic refinement and optimization of catalyst descriptors. Through iterative 

training and experimental validation, it is expected to develop robust models that identify 

and recommend high-performance catalysts, while comprehensively exploring the vast 

unknown materials space. 

To overcome the limitations of conventional catalyst discovery and expand the scope 

of catalyst discovery beyond established domains, I focus on methane dry reforming 

(DRM) as a representative case study—a crucial reaction which addresses both 

sustainable energy production and greenhouse gas mitigation by converting two major 

greenhouse gases (CH4 and CO2) into syngas [29–32]. An adaptive active learning 

iterative loop integrating HTE, AFE, and strategic sampling was implemented to 

progressively and efficiently expand the scope of exploration. By selecting representative 

elements from the periodic table, I constructed an unbiased dataset containing 277 multi-

element catalysts supported on γ-Al2O3 as a starting point for training, with no reliance 

on prior knowledge. Throughout the iterative process, data sampling strategies were also 

dynamically adjusted based on model predictions to maximize exploration efficiency. 

Through 13 iterative loops, an additional 420 DRM catalysts were synthesized and 

evaluated. To the end, I successfully developed a well-validated robust ML model, which 
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enabled pinpointing various high-performance catalysts from a huge space comprising of 

arbitrary combinations and compositions of a total of 45 elements, totaling ca. 109 

catalysts. 

 

  

Figure 3.1. Schematic illustration of the catalyst design space. 
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3.2. Methods 

3.2.1. Adaptive active learning loop 

In catalyst design, when the training data are limited or lack diversity in elemental 

composition, AFE tends to generate multiple models with similar performance on the 

training set. However, these models frequently exhibit significant variability when 

predicting the performance of unknown catalysts. This inconsistency arises because the 

models are prone to fitting localized patterns rather than capturing global ones essential 

for reliable predictions. To address this issue, I implemented a customized active learning 

loop to enhance the AFE process (Figure 3.2). It started with an initial training dataset 

comprising 277 DRM catalysts, primarily obtained through HTE and random sampling. 

Subsequently, AFE was employed to generate descriptors most relevant to the target 

catalysis, encompassing feature collection, assignment, synthesis, and selection.  

During the feature selection, a two-step procedure was implemented to address the 

substantial variability in feature values associated with non-catalysts (H2 yield＜2%). 

First, a random forest classifier was applied to the entire dataset, using H₂ yield as the 

target variable. Descriptors that maximized balanced accuracy were selected. In the 

second step, a refined dataset was constructed by excluding samples predicted to be non-

catalysts. Huber regression was then applied to identify descriptors that minimized the 

mean absolute error (MAE). This process ultimately yielded a robust predictive model. 

To improve the robustness of the generated descriptors and model, it employed FPS to 

select new catalysts that were most dissimilar to those in the training set within the 
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descriptor space. The sampled catalysts were then synthesized and evaluated using HTE, 

and the resulting data were added to reinforce the training set and update the descriptors 

and model through AFE. During this process, the elemental set gradually expanded. The 

final elemental set comprised 45 elements from the periodic table, which significantly 

enhanced the diversity of the training data. This expansion reduced the risk of overfitting 

to local patterns and progressively guided the model toward global applicability. Once 

such a model was established, FPS could be performed within catalysts predicted to be 

high-performing, called seeds generation. Finally, through the experimental evaluation of 

420 new catalysts predicted by the ML models over 13 iterations of the closed-loop 

discovery system, diverse high-performing catalysts were identified, and deeper insights 

into the principles governing catalyst design were also gained. 
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Figure 3.2. Workflow of adaptive active learning loop. (1) Three kinds of sampling 

strategies were employed: Initial training dataset was obtained mainly by random 

sampling; farthest point sampling (FPS) was implemented to pick up catalysts for training 

data enhancement; restricted FPS was applied to identify the most promising candidate 

catalysts, serving as seed generation. In this process, FPS targeted catalysts predicted to 

catalyst class (H2 yield ≥ 2%) and within the 25–50% performance range. (2) Synthesis 

and performance evaluation of the catalysts were performed on the in-house developed 

high-throughput experimentation (HTE) platform. (3) High-quality catalyst dataset for 

model training and correction. (4) Automatic feature engineering (AFE) generated 

descriptors most relevant to the target catalysis, by producing a predictive model capable 

of identifying candidates with novel performance potential. New catalysts were sampled, 

synthesized and evaluated, and fed back into the dataset to retrain the descriptors and 

model, thereby completing the data-driven discovery loop. 



97 

 

3.2.2. Elemental library 

My initial scope encompassed 61 elements from the periodic table, including all typical 

metals, transition metals, p-block metals, and lanthanides up to the 6th period, which was 

motivated by the intent to explore the widest possible compositional and combinatorial 

space of potential catalysts supported on γ-Al2O3, ensuring no promising candidate was 

overlooked due to preconceived notions or biases. In practice, I adopted a stepwise 

strategy to cover the 61 elements, rather than attempting to span the entire space at once. 

As the first step in this incremental approach, I previously developed and published a 

systematic element selection strategy [33]. This strategy combined physicochemical 

diversity optimization via principal component analysis (PCA) and farthest point 

sampling (FPS), while also considering practical factors such as cost, safety, and 

redundancy. Following these criteria, the initial element set comprising 17 elements was 

established: Li, Al, Ca, V, Ni, Nb, Rh, Ag, Sn, Cs, Ba, Ce, Sm, Hf, Ir, Au, and Bi. 

In this adaptive active learning loop, the primary objective was to accelerate the 

convergence of the model toward a comprehensive global model capable of accurately 

capturing the unknown catalyst design space. Expanding the element set within the 

dataset played a critical role in achieving this objective, as it eliminated potential 

alternative models that might fail to generalize effectively and reduced the risk of 

overfitting to a limited subset of elements. Therefore, I extended the elemental set during 

testing in Loops 4, 7, and 12, corresponding to the second, third and final elemental sets, 

respectively. To facilitate the effective expansion of the elemental set, I also established 
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a method for adding a specified number of new elements while simultaneously removing 

an equivalent number from the current element library. This approach allows us to control 

the rate of knowledge expansion and minimize the loss of potentially important elemental 

combinations. 

The element set was updated to the second one at Loop 4. The newly added elements 

were selected to be distant from the first element set and also from each other, where FPS 

was performed on top of the first element set within the PCA-contracted elemental feature 

space. Based on this, 8 new elements were incorporated, including Mg, K, Mn, Cu, Ga, 

Zr, Pd, and W, while the same number of elements were removed from the first element 

set to maintain the size of the test set. The selection of the removed elements was 

performed based on an elemental importance analysis. In this analysis, the predictive 

models generated during the iterative process were used to evaluate both the frequency 

of each element’s occurrence in the positive list (defined as catalysts with H2 yield ≥2%) 

and the average H2 yield associated with each element within this list. The product of 

these two metrics was defined as the elemental importance. The average of the elemental 

importance over Loops 3 and 4 was used to remove 8 elements with lower importance: 

V, Ag, Sn, Cs, Ba, Ce, Sm, and Bi (Figures 3.3a). These elements were predicted to occur 

less frequently in high-performing catalysts compared with the retained elements, 

ensuring that the removal minimally impacts the identification of optimal catalyst 

compositions. The refined second elemental set thus consisted of 17 elements: Li, Mg, 

Al, K, Ca, Mn, Ni, Cu, Ga, Zr, Nb, Rh, Pd, Hf, W, Ir, and Au. 
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A similar refinement process was performed at Loop 7, leading to the third element set. 

According to the average elemental importance across Loops 6 and 7 (Figures 3.3b), 

elements with lower importance, namely Mg, K, Ca, Cu, Ga, Zr, Hf, and Au, were 

excluded. The third elemental set was consequently established, consisting of 17 elements: 

Li, Al, Sc, Mn, Fe, Co, Ni, Zn, Y, Nb, Mo, Rh, Pd, Ta, W, Ir, and Pt. 

 

Figure 3.3. Elemental importance analysis during the active learning loop, where the 

elemental importance is defined as the product of an element’s frequency of appearance 

in the positive list and its average H2 yield in the positive list, scaled by 10-5. (a) Average 
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elemental importance of Loops 3 and 4, (b) average elemental importance of Loops 6 and 

7. 

Eventually after Loop 12, the elemental set was expanded to 45 elements, removing 16 

elements from the original 61 that were too costly and/or risky (Be, Cr, Tc, Ru, Cd, Pm, 

Dy, Ho, Tm, Yb, Lu, Re, Os, Hg, Tl, and Pb). 

 

3.2.3. Automatic feature engineering 

3.2.3.1. Feature collection 

I collected 58 features of elements from XenonPy. These features involve a wide range 

of properties that could influence catalytic behavior, such as atomic radius, 

electronegativity, and bond energies. 

 

3.2.3.2. Feature assignment 

A series of mathematical operations were applied to the aforementioned elemental 

features, assigning primary features for individual catalysts. These features account for 

the elemental composition of individual catalysts using commutative operations, 

including maximum, minimum, weighted sum, weighted average, weighted sum of 

squared distance, weighted average squared distance, weighted product, and weighted 

geometric mean. Through this process, a total of 464 primary features were assigned to 

each catalyst. 
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3.2.3.3. Feature synthesis 

To capture nonlinear relationships between elemental features and catalytic behavior, 

first-order features were synthesized by applying 12 mathematical functions (𝑥, 𝑥1/2, 𝑥2, 

𝑥3, ln(𝑥), exp(𝑥), and their reciprocals) to each of the primary features, resulting in a total 

of 5,568 first-order features. 

 

3.2.3.4. Feature selection 

Feature selection is crucial for constructing reliable predictive models, particularly 

when dealing with a large number of synthesized high-order features [21,38]. 

Additionally, to address the issue of various non-catalysts, where feature values widely 

ranged despite the target performance being constant (zero), a two-step feature selection 

process was implemented. 

In the first step, I employed random forest classification across the entire dataset. 

During this process, the H2 yield served as the target variable. A genetic algorithm (GA) 

was used in conjunction with leave-one-out cross-validation (LOOCV) to identify 8 

features that maximized balanced accuracy, a metric that accounts for class imbalances 

and ensures equitable consideration of all classes in the dataset. Subsequently, Huber 

regression was applied to the refined dataset that excluded non-catalysts with predicted 

H2 yields below 2% from the entire dataset. GA was also utilized to select 8 or 12 features 

that minimized the MAE in LOOCV. Huber regression was adopted for its robustness in 

balancing sensitivity to subtle variations with resilience against the distorting effects of 
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outliers [39]. The number of features retained at each stage was empirically determined 

to balance cross-validation performance with computational efficiency.  

 

3.2.4. Strategies for sampling 

In this chapter, I implemented three sampling strategies to construct and expand my 

dataset, demonstrating the effectiveness of an active learning iterative loop combined 

with AFE for catalyst development. The dataset was obtained through a standardized 

protocol, ensuring consistent data collection—critical for reliable machine learning. A 

brief overview of the sampling strategies is given below. 

 

3.2.4.1. Random sampling 

Random sampling is widely employed in statistics and data science to ensure that every 

sample has an equal probability of being selected, reducing human bias. It is particularly 

useful when there is no prior knowledge or when the data distribution is unknown [18,34]. 

In this chapter, the initial dataset comprised 277 catalysts, each defined by elemental 

composition and performance, primarily generated through random sampling. The 

catalysts were structured as A–B–C–…/γ-Al2O3, where elements (up to five) were 

randomly selected from the initial elemental set defined in 3.2.2. Their molar amounts 

were also randomly assigned within specified constraints. The total elemental loading 

ranged from 0.875 to 3.5 mmol per gram of support (mmol/g-support). The upper limit 

of 3.5 mmol/g-support corresponds to a nickel loading of 17 wt%, while the lower limit, 
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set at 25% of the maximum, ensured sufficient loading for meaningful results. Each 

individual element’s loading was randomly determined but required a minimum of 

0.00875 mmol/g-support, which represents 1% of the minimum total loading. 

 

3.2.4.2. Farthest point sampling 

To validate and refine the obtained machine learning model, each active learning loop 

incorporated 20 or 40 new catalysts for experimental testing. The resulting data were fed 

back into the AFE process, iteratively updating the descriptor space. In this process, PCA 

was applied to the descriptors selected by the two-step supervised machine learning 

model, representing each catalyst in a three-dimensional space and mitigating potential 

collinearity among descriptors [35]. FPS was employed within this contracted descriptor 

space to select catalysts that were most dissimilar to the catalysts contained in the training 

data. 

 

3.2.4.3. Seed generation 

The seed generation utilized both classification and regression models, rigorously 

validated through active learning loops, to capture key features of high-performance 

catalysts and propose the most promising candidates. During this process, FPS sampling 

targets a predicted class as catalyst (H2 yield ≥ 2%) and performance range of 25‒50%, 

with the upper limit set to avoid unphysical entries rooted to classification failures. To 

further enhance the seed generation efficiency, data from the recommended candidates 
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were also fed back into the AFE process, improving the model’s generalization. This 

iterative approach ultimately established robust descriptors and model, facilitating the 

identification of various promising catalysts and a deeper understanding of their 

fundamental design principles. 

 

3.2.5. High-throughput experimentation 

In this study, all catalysts were prepared and evaluated using the same experimental 

procedures and conditions as those employed during the acquisition of the initial training 

data. The detail is provided below. 

 

3.2.5.1. Chemicals 

The metal precursors utilized in this chapter were sourced from commercially available 

suppliers: LiNO3, KNO3, Mn(NO3)2·6H2O, Ni(NO3)2·6H2O, Ga(NO3)3·xH2O, AgNO3, 

In(NO3)3·3H2O, Sm(NO3)3·6H2O, Gd(NO3)3·6H2O, and Bi(NO3)3·5H2O from 

FUJIFILM Wako Pure Chemical; Mg(NO3)2·6H2O, Al(NO3)3·9H2O, Ca(NO3)2·4H2O, 

Fe(NO3)3·9H2O, Sr(NO3)2, (NH4)6Mo7O24·4H2O, 5(NH4)2O·12WO3·5H2O, 

La(NO3)3·6H2O, Eu(NO3)3·6H2O, and Tb(NO3)3·6H2O from Kanto Chemical; NaNO3, 

Sc(NO3)3·xH2O, Ti(OC2H5)4, VOSO4·xH2O, Co(NO3)2·6H2O, Cu(NO3)2·3H2O, 

Zn(NO3)2·6H2O, RbNO3, Y(NO3)3·6H2O, ZrO(NO3)2·xH2O, Nb(OC2H5)5, 

Rh(NO3)3·xH2O, Pd(NO3)2·2H2O, SnSO4, CsNO3, Ba(NO3)2, Ce(NO3)3·6H2O, 

Pr(NO3)3·6H2O, Nd(NO3)3·6H2O, Er(NO3)3·5H2O, Ta(OC2H5)5, H2IrCl6·xH2O, 
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H2PtCl6·6H2O, and HAuCl4·3H2O from Sigma-Aldrich; Hf(OC2H5)4 from Alfa Aesar. 

Aluminum oxide powder (γ-Al2O3, 164 m2/g) was purchased from Sumitomo Chemical 

Industry and used as the catalyst support. Deionized (DI) water or ethanol (99.5%, 

FUJIFILM Wako Pure Chemical Corporation) was used to dissolve metal precursors. 

 

3.2.5.2. Catalyst synthesis 

The catalysts were synthesized following parallelized wet impregnation established in 

Chapter 2 [36,37]. Support powder (1.0 g) was impregnated with a 5.0 mL solution 

containing a specified amount of metal precursors with the aid of a pipetting robot 

(Andrew+, Andrew Alliance). The mixture was stirred for 6 hours at 50 °C on a parallel 

hot stirrer (ReactiTherm, Thermo Scientific), followed by vacuum drying in a centrifugal 

evaporator (CVE-3100, EYELA) at 90 °C for 4 hours and calcination in air at 500 °C for 

4 hours using a muffle furnace (FT-001W, FULL-TECH). The catalyst thus obtained was 

milled using an automated mortar and pestle (ALM-90DM, NITTO KAGAKU) before 

any subsequent use. Each batch of preparation involved 20 or 40 catalysts. For water-

sensitive precursors, the impregnation process was performed in two steps: first, in an 

aqueous solution of non-sensitive precursors , followed by an ethanol solution of sensitive 

precursors. 

 

3.2.5.3. Evaluation of catalysts 
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All catalysts were evaluated using a previously developed in-house high-throughput 

screening (HTS) platform designed by Taniike et al. [18,19]. The setup comprises a gas 

mixing unit (MU-3504, HORIBA STEC), a flow distributor, 20 quartz reaction tubes, an 

auto sampling module, and a quadrupole mass spectrometer (QMS, Transpector CPM 3, 

INFICON). A predefined gas mixture was generated and equally divided among the 20 

parallel channels, each containing a 10 mm catalyst bed supported on quartz wool. The 

reaction tubes were arranged within a hollow tubular furnace segmented into three zones, 

with the outer zones acting as thermal buffers to maintain a stable temperature in the 

central zone where the catalyst is located. Prior to testing, catalysts were reduced under a 

hydrogen/argon atmosphere (10/90 v/v) at 800 °C for 1 hour. The dry reforming of 

methane (DRM) reaction was then carried out at 500 °C using a CH4/CO2/Ar mixture 

(3/3/4 mL/min/channel), resulting in a gas hourly space velocity (GHSV) of 

approximately 10,000 mL gas·h-1·g-1
cat. To ensure data consistency and minimize the 

influence of transient behavior, catalytic performance was assessed by averaging the 

signal between 15,000 and 20,000 seconds on stream. This steady-state window enabled 

reliable comparisons across the 20 catalysts evaluated simultaneously. 

 

3.2.6. Catalyst phylogenetic tree 

Originally developed to depict evolutionary relationships among biological species, the 

catalyst phylogenetic tree has recently been adapted as a powerful visualization 

framework for complex catalyst datasets [40]. The catalyst phylogenetic tree 
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systematically organizes catalysts based on their elemental compositions and encodes 

their physicochemical similarity into a hierarchical structure. This approach provides a 

global overview of catalyst diversity and enables intuitive interpretation of design trends, 

evolutionary trajectories, and compositional novelty within expansive catalyst design 

spaces [41]. 

Therefore, I applied the phylogenetic tree analysis to systematically compare the 

catalysts discovered through the active learning loop with literature-reported catalysts for 

DRM at 500 °C that were previously compiled by Şener et al. (2002–2014) [42]. By 

projecting both datasets onto the same phylogenetic tree, I was able to compare the variety 

of catalysts discovered in this work against history. Specifically, a unified representation 

and distance-based similarity approach were established. Each catalyst was represented 

as a combination of minor and support elements, sorted by atomic number. Then, a 

chemically informed distance matrix was constructed to quantify similarities between 

catalyst formulations. Using the derived distance matrix, a hierarchical phylogenetic tree 

was constructed via the neighbor-joining algorithm. This tree provides an intuitive 

visualization of the compositional relationships among catalysts. Each node represents a 

unique formulation, and visual enhancements such as color-coded metadata were applied 

to improve interpretability and reveal patterns across the catalyst space. 
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3.3. Results and discussion 

3.3.1. Adaptive active learning exploration of DRM catalysts 

In this chapter, I conducted a comprehensive and systematic exploration of A(X1)–

B(X2)–C(X3)–…/γ-Al2O3-type catalysts for DRM, where each formulation contained no 

more than five elements. Each catalyst was defined by a unique set of element loadings 

X, with the total loading constrained to a maximum of 3.5 mmol/g-support. The catalyst 

design space encompassed 45 elements, including 7 main active elements (Fe, Co, Ni, Rh, 

Pd, Ir, Pt), 38 promoter or additive elements, and one support material. Even when 

restricted to five-element combinations, and assuming individual elemental loadings 

ranging from 0.1 to 3.5 mmol/g-support (with a step size of 0.1), the number of possible 

catalyst candidates easily exceeds 1011. As a starting point, 277 catalysts in the initial 

dataset were predominantly generated through random sampling within the compositional 

space defined by the initial 17 elements and were labeled as “Loop 0”. Subsequently, a 

subset of candidate catalysts was selected for experimental validation based on the 

predicted performance classification and expected H2 yields generated by two-step ML 

models trained on the initial dataset using AFE. To ensure compositional diversity, the 

selection process was further guided by FPS strategy. Detailed procedures are also 

provided in the Methods section. Through this iterative approach, I progressively refined 

the dataset by eliminating descriptors not applicable to unseen catalysts, ultimately 

establishing more reliable and globally applicable catalyst design strategies. The 

complete DRM dataset is provided in Table A1. Table A2 provides a summary of the 
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selected descriptors and the corresponding model performances during the training and 

cross-validation stages for each iteration of the active learning loop. 

Figure 3.4 provides a summary of the performance scores associated with the two-step 

ML training process, consisting of classification followed by regression. Notably, during 

the classification stage, the balanced accuracy scores obtained in both the training and 

cross-validation were highly consistent across all active learning loops, ranging narrowly 

between 0.90 and 0.96. Balanced accuracy is particularly well-suited, as it compensates 

for class imbalance by averaging the recall across both classes. This metric ensures that 

the model maintains strong performance not only on the majority class (H2 yield < 2%) 

but also retains sensitivity to the minority class (H2 yield ≥ 2%), thereby offering a more 

equitable and comprehensive assessment of classification performance. In the subsequent 

regression stage, the MAE obtained from cross-validation closely matched that from the 

training phase, indicating the absence of overfitting. Both MAEtrain and MAECV remained 

below 4.0%, suggesting that the regression model achieved reasonable predictive 

accuracy despite the limited dataset size. This level of error is sufficiently low for 

practical applications, such as distinguishing between catalysts with H2 yields of 10% and 

20%. Notably, a slight upward trend in MAE was observed over the course of the active 

learning loops. This increase can be attributed to the progressive expansion of the 

elemental set that introduced greater catalyst diversity. FPS specifically prioritized the 

inclusion of compositions that were maximally distinct within the defined descriptor 

space [24]. While such diversity inevitably led to a moderate rise in prediction error, it 
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played a critical role in filtering out models lacking global generalizability. Importantly, 

the overall variation in MAE remained relatively small, indicating that the model’s 

predictive behavior became increasingly stable as the dataset expanded. 

 

Figure 3.4. The model scores during classification and regression across active learning 

loops. Balanced accuracy reflects the performance of the classification model on the 

entire catalyst dataset within each loop, accounting for class imbalance. The mean 

absolute error (MAE) was calculated for the regression models trained in each loop using 

catalysts with predicted H2 yields ≥ 2%. A lower MAE indicates greater predictive 

accuracy of the model in estimating the H2 yield. 

 

Through the experimental evaluation of 420 catalysts across the above 13 active 

learning loops, the performance of both the classification and regression models during 

the testing phase was assessed and more than 100 high-performing catalysts for low-
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temperature DRM were identified. A detailed description of this exploration process is 

presented below. 

First, a key aspect of this workflow lies in the progressive expansion of the elemental 

design space. In this work, I employed an elemental feature-based representation to 

encode each catalyst, accounting for both the compositional makeup and the invariance 

to elemental order, rather than directly treating elements as discrete categorical symbols. 

To construct this representation, I leveraged the XenonPy library to systematically collect 

58 descriptors for 94 elements, ranging from H to Pu, drawing from all available data 

sources [43]. These features include a broad range of elemental properties such as 

electronegativity, atomic radius, density, and melting point. At the outset, all features 

were assumed to carry equal prior importance. AFE was then employed to generate a 

large number of derived features and, within a supervised machine learning, to 

recommend feature combinations that optimize model performance (see Table A2). This 

enables the obtained model to capture feature-based chemical similarities between 

elements, thereby allowing for the inclusion of elements that were not present in the 

training data. While previous studies have typically relied on manually pre-selected 

elemental features to describe multi-element catalysts [44], such approaches often suffer 

from limited coverage and potential human bias, which constrain the model’s ability to 

explore unknown regions of the materials space. 

Accordingly, strategic updates to the elemental library were implemented in Loops 4, 

7, and 12. As a result, four distinct elemental sets were applied across different stages of 
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the active learning process: Loops 0–3, 4–6, 7–11, and 12–13, as defined in Section 3.2.1. 

Correspondingly, the catalyst test sets were adjusted based on the evolving elemental 

selection strategy throughout the active learning loops (Table A3). 

In addition, strategic sampling represents another critical component of active learning 

loop exploration. The initial dataset was primarily constructed through random sampling 

to minimize human bias. To develop more robust ML models, FPS was employed to 

identify catalysts that are most dissimilar in physicochemical properties from the existing 

training data, thereby promoting iterative refinement of the descriptor space. Seed 

generation, essentially a constrained form of FPS, was introduced to propose the most 

promising candidate catalysts. Together, FPS and seed generation contributed to data 

augmentation and improved the generalization performance of the model.  

Therefore, starting from Loop 7, seed generation was partially introduced, accounting 

for half of the 40 selected candidates. By Loop 10, seed generation was fully integrated 

into the sampling strategy. 
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Figure 3.5. Model performance during the testing phases of classification and regression 

across active learning loops. Line chart illustrates the classification accuracy of the model 

during the testing phase for each active learning loop. The bar chart displays the mean 

FPS (Farthest point sampling) distance of the test catalysts in each loop, reflecting their 

physicochemical similarity from the training dataset in feature space. As the active 

learning loop progressed, the elemental space was expanded from an initial set of 17 

elements to a final set of 45. Further details on the test sets and elemental sets are provided 

in Table A3. 
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Figure 3.5 shows the model’s performance during the testing phases. Classification 

accuracy was used to evaluate the ability of the random forest classifier to distinguish 

between non-catalysts (H2 yield < 2%) and catalysts (H2 yield ≥ 2%). Additionally, 

average FPS distance was used as an estimate of the diversity introduced at each loop. 

It can be observed that the classification accuracy tends to decrease when the elemental 

set is updated. This indicates that the classifier’s ability to generalize to previously unseen 

catalyst compositions remain limited, and additional learning cycles may be required to 

achieve higher predictive accuracy. Loop 0 exhibited the largest average FPS distance, 

indicating maximum compositional diversification. As the active learning process 

progressed, the FPS distances gradually declined, reflecting improved coverage of the 

explored space. However, when the elemental space was expanded, FPS distances 

increased accordingly, indicating that the introduction of new elements effectively 

broadened the diversity of the selected catalysts. Ultimately, the active learning process 

was terminated at Loop 13, by which point the model’s average FPS distance had 

substantially decreased. This suggests that the remaining novelty within the explored 

space was limited, and that the vast catalyst space constructed from the final set of 45 

elements had been effectively and comprehensively sampled. Most chemically 

meaningful regions of the design space had been successfully captured. In the following, 

a detailed visualization of the discovered catalysts and their performance profiles is 

presented. 
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Figure 3.6 visualizes the H2 yield of all 420 newly tested catalysts throughout the active 

learning loops. To distinguish different sampling strategies, catalysts selected through 

seed generation are marked with diamond-shaped symbols. It is evident that, as the 

iterative loops progressed, the maximum H2 yield of the tested catalysts increased in a 

stepwise manner, eventually exceeding 35%. This trend validates the effectiveness of the 

proposed workflow in discovering high-performance catalysts. In Loops 0–6, all catalysts 

were selected using unconstrained FPS, resulting in a limited number of high-yielding 

catalysts. However, these early data points played a crucial role in establishing a robust 

foundation for model training. A notable shift in performance was observed following the 

introduction of seed generation in Loop 7. From this point onward, the trend of H2 yield 

clearly improved, with an increasing number of high-performance catalysts successfully 

identified in subsequent loops.  

Overall, the combination of strategic sampling and progressive elemental expansion 

enabled the AFE process to capture a broad and diverse catalyst space. This, in turn, 

facilitated the generation of descriptors most relevant to high-performance catalyst 

discovery and contributed to the development of a robust, globally applicable predictive 

model. As a result, a wide range of promising DRM catalysts were effectively identified. 
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Figure 3.6. Visualization of DRM catalyst datasets. AFE-assisted active learning 

exploration of DRM catalysts. A total of 420 catalysts were newly added during the active 

learning loops. Catalysts sampled for seed generation in each loop are represented by 

diamond markers, while those added via general data enhancement using farthest point 

sampling (FPS) are shown as circles. The pink solid line indicates the highest observed 

H2 yield in each loop. 

 

In this section, the developed active learning strategy enabled systematic exploration 

of an ultra-large catalyst design space through an adaptive, data-driven process. By 

strategically diversifying compositions and progressively expanding the elemental set, 

the framework achieved a balance between exploration of unknown regions and 
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exploitation of high-performing areas. This approach not only ensured that the ML 

models progressively improved in generalizability and robustness but also accelerated the 

discovery of various promising DRM catalysts under low-temperature conditions. 

 

3.3.2. Visualization of phylogenetic tree 

To construct the catalyst phylogenetic tree, I first collected a curated DRM dataset 

compiled by Şener et al. [42], which contains 5,521 experimental data points published 

between 2005 and 2014. This dataset encompasses a wide range of catalyst types tested 

under various reaction temperatures, durations, and preparation conditions. For a 

meaningful comparison of catalyst performance under low-temperature DRM conditions 

(500 °C), I selected 252 data points from the dataset as representative literature references. 

These were subsequently combined with the 697 data points obtained from the active 

learning-driven discovery. As detailed in section 3.2.6, all catalysts were grouped 

according to their elemental compositions. Each group could contain multiple data entries, 

reflecting the common practice of repeated testing on identical compositions for 

optimization or validation purposes. 

Since many literature-reported data points lack explicit H2 yield values, I first 

established a linear relationship between CH4 conversion and H2 yield based on my 697-

catalyst dataset (Figure 3.7). This model was then used to estimate the H2 yield values 

for the literature catalysts. By excluding catalyst groups with an average H2 yield below 

20%, the final phylogenetic tree visualizes 109 catalyst groups, mapping the relationship 
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between their elemental compositions and corresponding average H2 yields (Figure 3.8a). 

Among them, 102 groups were identified in this work, and 7 were derived from literature 

sources. 

 

Figure 3.7. Relationship between CH₄ conversion and H₂ yield based on the 697-catalyst 

dataset. 

 

A clear comparison reveals that the number of high-performance catalysts identified in 

this work far exceeds those discovered over the past decade, highlighting the power of 

the adaptive active learning loop in overcoming the limitations of conventional discovery 

paradigms and expediting the search for superior catalyst formulations. Based on the 

structure of the phylogenetic tree, three distinct catalyst lineages emerge: (1) the active 

metal lineage, represented by transition metals such as Fe, Ni, and Co; (2) the platinum-

group metal (PGM) lineage; (3) the alkali metal lineage. In general, PGMs function as 

highly active centers for methane activation, whereas alkali elements increase surface 
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basicity and facilitate CO2 adsorption. transition metals such as Fe, Ni, and Co, by 

contrast, serve as more economical alternatives and frequently exhibit synergistic effects 

when integrated into bimetallic or multimetallic systems.  

In addition, distinct trends emerge within each lineage. It is evident that the alkali metal 

lineage constitutes the predominant structure within the phylogenetic tree. In the alkali 

metal lineage, several of the most outstanding catalysts were identified, including Li-Mn-

Ni-Nb/Al and Li-Ni-Ta/Al (both achieving H2 yields of 35.1%), as well as Li-Al-Ni-

Nb/Al (33.6%). A notable trend in this lineage is the frequent incorporation of Li, which 

contrasts with its limited representation in historical literature datasets. Nevertheless, 

emerging studies have underscored Li’s capacity to enhance surface basicity and facilitate 

DRM activity, positioning it as a promising alkaline promoter for future catalyst 

development [45].  

Another important branch corresponds to the PGM-based lineage. Within this group, 

the Co–Rh/Al catalyst exhibits the highest H2 yield (29.2%), followed by Al–Co–Ni–

Pd/Al with a yield of 28.2%. For high performance, PGMs are often used in combination 

with active elements such as Co and Ni. Notably, many high-performing catalysts 

reported in the literature are also located within this lineage, indicating that previous 

studies on low-temperature DRM catalysts have largely remained within this 

compositional domain. This finding underscores the effectiveness of the adaptive 

discovery framework, which combines HTE and AFE, in accelerating the identification 

of novel and efficient DRM catalysts beyond conventionally explored regions. Within the 
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active metal (Fe, Ni, Co) lineage, Ni-Y/Al stands out with a H2 yield of 33.4%, while 

other elements such as Al, Nb, Mn, and Ti also emerge as effective promoters, offering 

valuable insights for the development of cost-efficient and sustainable DRM catalysts. 

In addition, Figure 3.8a highlights the high-performance catalysts with H2 yields ≥30%, 

marked by asterisks. These catalyst combinations exhibit both notable commonality and 

compositional diversity. First, all catalysts contain Ni, confirming its role as the core 

active element. This observation aligns with the established understanding that Ni serves 

as an economically efficient and catalytically active component in DRM. Among the 

promoter elements, Li and Nb each appear 13 times, indicating their frequent use in 

enhancing catalyst performance when combined with Ni. Li, an alkali metal from Group 

I, increases the surface basicity of the catalyst, thereby promoting CO2 adsorption and 

activation, which in turn facilitates the DRM reaction [46]. Nb contributes by increasing 

the surface area and improving the dispersion of Ni, leading to improved catalytic activity 

[47]. Other frequently occurring elements include Al and Co. Although Al is rarely 

reported in the literature for DRM, Co is a commonly used active metal. Notably, 

representative ternary combinations such as Li–Ni–Nb, Al–Ni–Nb, and Li–Al–Ni were 

frequently designed and tested, suggesting their high-performance potential. Furthermore, 

these high-performance catalysts with H2 yields ≥30% discovered through active learning 

loop reveal expanded elemental diversity. In addition to known DRM-active elements, 

the compositional space also explored includes alkali metals (Li, K, Cs, Rb), transition 

metals (Sc, Ti, Mn, Y, Nb, Hf, Ta), and rare earth elements (Sm). Overall, these catalysts 
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maintain Ni as the central active component while incorporating a wide range of promoter 

elements across different categories. This reflects the potential of systematic exploration 

and data-driven methodologies beyond conventional empirical approaches. 

In Figure 3.8b, the same tree structure used in Figure 3.8a is retained, while the 

number of active learning cycles is represented through a color gradient. This allows the 

progress of catalyst discovery throughout the adaptive learning process. This 

representation helps differentiate catalysts discovered in early versus later stages of the 

study. Literature-derived catalysts, which were not included in the active learning 

workflow, are assigned a cycle index of “–1” to indicate their external origin. At the initial 

stage of training, only a limited number of high-performance catalysts were identified. 

This is primarily due to the reliance on random exploration in the absence of prior 

knowledge, which is inherently inefficient for accurately locating optimal compositions. 

Therefore, early candidates were largely concentrated around formulations containing 

active elements such as Ni, Rh, and Ir, along with promoters like Li, Al, Nb, and Sm. 

As the active learning process progressed, the number of high-performing catalysts 

increased significantly. In the later stages of the active learning process, catalysts with H2 

yields ≥30% began to appear more frequently, particularly from Loops 10 to 13. This 

improvement is primarily attributed to the seed generation strategy, which directed the 

model toward unexplored yet promising regions of the compositional space. Notably, 

several newly discovered high-performance catalysts incorporated K and Rb, such as K–

Co–Ni–Rb–Nb/Al, K–Ni–Rb/Al, and Co–Ni–Rb/Al. These compositions were entirely 
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absent in the early stages of active learning, underscoring the model’s capacity to uncover 

beneficial elements that were previously overlooked. In addition, catalysts containing rare 

earth elements (Y, Sc) and early transition metals (Ti, Ta, Mn) in combination with Ni 

were successfully identified in this phase, reflecting a broadening of the elemental scope 

driven by data-guided exploration.  

While the earlier stages of active learning loop had already recognized the performance-

enhancing roles of elements such as Li, Nb, and Cs when paired with active metals, the 

later-discovered combinations—such as Li–Mn–Ni–Nb, Li–Al–Sc–Ni–Nb, and Ni–Y–

Cs—represent novel compositional frameworks that had not been observed previously. 

These findings demonstrate the power of iterative model refinement and strategic 

sampling in discovering non-intuitive yet highly effective catalyst designs beyond 

conventional empirical knowledge. 
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Figure 3.8. Phylogenetic tree analysis for DRM catalysts. Catalysts are labeled using the 

format “elemental combination/support”, where Al2O3 is abbreviated as Al. Zeolites are 

approximated as SiO2 due to the absence of explicit Si/Al ratios in the literature dataset. 

This tree visualizes 109 catalysts with H2 yields ≥ 20%, comprising 7 literature-reported 

catalysts (outlined in black) and 102 catalysts identified in this work. The background 

color of each node represents a average H2 yield and b the corresponding active learning 

loop. Catalysts from the literature, which were not part of the active learning process, 

were assigned a loop index of “–1” to denote their external origin. Catalysts achieving 

exceptionally high H2 yields above 30% are marked with red pentagrams. Branch colors 

reflect the structure of the phylogenetic tree: blue for the active metal lineage (Fe, Ni, Co), 

orange for the platinum-group metal (PGM) lineage, and green for the alkali metal lineage. 
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3.4. Conclusion 

This chapter demonstrates the transformative potential of an adaptive active learning 

framework for catalyst discovery. By integrating HTE, AFE, and strategically guided 

sampling, I established a closed-loop discovery process capable of systematically 

navigating the vast uncharted compositional space of multi-element catalysts. Unlike 

conventional approaches constrained by prior knowledge and human intuition, this data-

driven strategy enables the iterative refinement of descriptors based on experimental 

feedback, thereby accelerating the identification of high-performance catalysts. 

Furthermore, I introduced a catalyst phylogenetic tree as an intuitive visualization tool 

to capture the evolutionary trajectories of elemental combinations, offering new insights 

into catalyst design strategies and the temporal emergence of superior compositions 

across the active learning loops. This revealed clear lineage structures associated with 

different catalyst classes, such as platinum group metal rich systems, alkali promoted 

catalysts, and transition metal-based formulations, and illuminated how high-performing 

catalysts emerged progressively over time. 
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Abstract 

Dry reforming of methane (DRM) represents a sustainable pathway for converting 

methane into syngas, but catalyst deactivation due to carbon accumulation, particularly 

under low-temperature operations, remains a major challenge. Building upon a previous 

active learning-driven exploration, a dataset comprising 141 high-performing catalysts 

was constructed. These catalysts were subjected to DRM at 500 °C, and their carbon 

formation behaviors were quantitatively assessed using thermogravimetric–differential 

thermal analysis (TG-DTA). Systematic data analysis revealed that carbon deposition is 

primarily influenced by side reactions such as CO disproportionation. Catalysts with high 

loadings of Ni and Co tended to accumulate greater amounts of carbon, whereas those 

enriched in Rh or Ir exhibited excellent carbon resistance. However, these noble metals 

often required the assistance of additional active or promoter elements to sustain 

sufficient catalytic activity. To derive interpretable design principles, a decision tree 

classifier and SHAP (Shapley Additive Explanations) analysis were employed. These 

models identified Rh loading as the most critical factor in minimizing carbon formation. 

In cases where Rh content was limited, the incorporation of Pt, Cu, or Y was found to be 

effective in mitigating carbon accumulation. Meanwhile, Li, Nb, and Ta were consistently 

associated with moderate to severe carbon deposition. Overall, these insights offer a data-

driven foundation for the rational design of carbon-resistant multi-element catalysts 

tailored for low-temperature DRM conditions. 

. 
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4.1. Introduction 

Dry reforming of methane (DRM), which converts methane (CH4) and carbon dioxide 

(CO2) into syngas, has attracted considerable attention as a promising route for 

greenhouse gas utilization and value-added chemical production [1–2]. However, the 

DRM reaction is highly endothermic, typically requiring temperatures above 700 °C to 

achieve meaningful conversions [3]. While significant progress has been made in high-

temperature DRM catalysis, operating under such harsh conditions remains energy-

intensive and often leads to undesirable effects such as metal nanoparticle sintering, 

which contribute to catalyst deactivation and reduced process stability [4]. In contrast, 

low-temperature DRM (≤500 °C) offers notable advantages, including improved energy 

efficiency, lower operational costs, and enhanced compatibility with renewable heat 

sources [5]. Nevertheless, carbon accumulation is widely recognized as a major cause of 

catalyst deactivation, particularly under low-temperature conditions where slower 

kinetics and insufficient carbon gasification, along with the thermodynamic favorability 

of the exothermic CO disproportionation, collectively promote the buildup of 

carbonaceous species on the catalyst surface [6–8]. Therefore, while the mechanisms of 

carbon formation are relatively well understood, the rational design of catalysts that can 

effectively tolerate or suppress carbon accumulation remains an ongoing challenge. 

Carbon accumulation during DRM predominantly proceeds through three mechanistic 

pathways: methane cracking (CH4→C + 2H2), CO disproportionation (2CO→C + CO2), 
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and CO hydrogenation (CO + H2→C + H2O) [9,10]. Among these, methane cracking and 

CO disproportionation are regarded as the major contributors to coke formation on Ni-

based catalysts, which are the most commonly used due to their low cost and high activity 

in C–H bond activation [11]. Thermodynamically, CO disproportionation is strongly 

favored at lower temperatures and is thus a dominant source of carbon under mild DRM 

conditions. This reaction can be suppressed at temperatures exceeding 820 °C, but 

remains active and detrimental at ≤500 °C [12]. In contrast, methane cracking becomes 

more favorable above 527 °C and tends to dominate carbon formation at high 

temperatures [13]. CO hydrogenation also contributes to carbon buildup, though to a 

lesser extent, and is influenced by the local H2 partial pressure and catalyst surface 

chemistry [14]. For example, Sokolov et al. reported that Ni/La2O3–ZrO2 catalysts 

exhibited excellent stability at 400 °C for 180 hours [15]. Catalyst deactivation was 

attributed primarily to carbon layers and NiO shell formation, rather than metal sintering, 

highlighting the relevance of CO disproportionation as a major carbon formation pathway 

at low temperatures. 

In general, multi-element strategies have been extensively explored across a wide range 

of temperatures to enhance catalyst activity and stability. Several studies suggest that the 

introduction of lattice defects, particularly oxygen vacancies, can significantly improve 

carbon tolerance [16–18]. These defects facilitate the oxidation of deposited carbon and 

inhibit key carbon-forming pathways at active sites. However, despite their demonstrated 
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potential, systematic studies on multi-element catalysts specifically designed for low-

temperature DRM applications remain scarce. 

Multi-element systems offer promising solutions for mitigating carbon accumulation. 

However, the vast combinatorial space and nonlinear interactions among components 

make their optimization inherently complex, rendering conventional trial-and-error 

approaches insufficient for identifying optimal formulations [19,20]. In this context, data-

driven methodologies [21–23], especially those incorporating machine learning [24–28], 

provide distinct advantages by uncovering hidden correlations between elemental 

composition, catalytic performance, and carbon resistance. Such approaches enable the 

systematic analysis of complex, high-dimensional datasets, thereby facilitating the 

rational design of catalysts that not only exhibit high activity but also maintain long-term 

stability against carbon buildup. 

Therefore, to address the aforementioned challenges and facilitate the rational design 

of carbon-resistant multi-element catalysts, this chapter systematically investigated the 

carbon deposition behavior of 141 high-performing catalysts identified in the Chapters 2 

and 3. These catalysts were subjected to DRM at 500 °C for 6 hours, and their carbon 

accumulation was quantitatively analyzed using thermogravimetric–differential thermal 

analysis (TG-DTA). Through comprehensive data analysis combined with model-guided 

interpretation, I elucidated the relationships among catalytic activity, carbon deposition 
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tendencies, and multi-element composition, ultimately providing practical design 

principles for the development of durable and high-performance DRM catalysts. 

 

4.2. Methods 

4.2.1. Dataset 

Within Chapters 2 and 3, a total of 697 multi-element catalysts, denoted as A–B–C–D–

E/γ-Al2O3, were evaluated for DRM at 500 °C using a consistent HTE protocol. These 

catalysts were generated through random selection or an active learning process 

integrated with AFE. The notations A–E represent the elements supported on γ-Al2O3, 

which were selected from a predefined set of 45 elements (with repetition allowed), 

including Li, Na, Mg, Al, K, Ca, Sc, Ti, V, Mn, Fe, Co, Ni, Cu, Zn, Ga, Rb, Sr, Y, Zr, 

Nb, Mo, Rh, Pd, Ag, In, Sn, Cs, Ba, La, Ce, Pr, Nd, Sm, Eu, Gd, Tb, Er, Hf, Ta, W, Ir, Pt, 

Au, and Bi.  

In this chapter, to address the challenges posed by carbon deposition and to facilitate 

the design of multi-element catalysts with enhanced carbon resistance, a subset 

comprising 141 high-performing catalysts (H2 yield ≥ 20%) were extracted from the 

entire dataset (Table A1) for further analysis. Among them, 15 originated from the initial 

training dataset, which was primarily generated via random sampling of the 

compositional space [29]. The remaining 126 were iteratively selected and evaluated as 

part of the active learning process to refine and retrain the ML model. 
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4.2.2. Data acquisition. 

To investigate the carbon deposition behavior of the selected high-performance 

catalysts and gain deeper insight into their carbon resistance, thermogravimetric–

differential thermal analysis (TG-DTA) was employed. This technique enables the 

quantitative evaluation of the amount and thermal characteristics of carbonaceous species 

formed on the catalyst surface after DRM. TG-DTA analysis was performed on all 141 

catalysts described in Section 4.2.1, which had previously undergone DRM at 500 °C for 

6 hours, to assist in identifying compositional features associated with enhanced 

resistance to carbon deposition. The measurements were carried out on a Thermo Plus 

EVO2 system (Rigaku) under dry air. Approximately 5–10 mg of each used catalyst was 

placed in an alumina crucible and subjected to a controlled heating program from 30 °C 

to 900 °C at a constant ramp rate of 10 °C min-1 under a dry air atmosphere. 

 

4.2.3. Data analysis 

Comprehensive data analysis was conducted to extract meaningful insights from the 

experimental data and to establish interpretable design principles for carbon-resistant 

catalysts. Most analyses were performed using conventional statistical methods and 

machine learning techniques implemented in standard software environments such as 

Microsoft Excel and the Scikit-learn library in Python.  
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The decision tree classification algorithm played a central role due to its inherent 

interpretability and capability to generate rule-based insights [30]. Decision trees operate 

by recursively partitioning the dataset into subsets, starting from a root node and 

progressing through internal nodes to terminal leaves. At each node, the data are split 

based on a single input variable that maximizes a selected criterion, namely GINI 

impurity. This process creates branches that correspond to increasingly homogeneous 

subsets with respect to the target variable. In this study, individual elemental molar 

contents were used as input features to classify catalysts into discrete categories of carbon 

deposition levels. To address class imbalance in the carbon deposition data, class weights 

were adjusted to be inversely proportional to class frequencies. This ensured that the 

model treated minority classes with sufficient importance and avoided bias toward the 

dominant class. To enhance generalizability and prevent overfitting, cost-complexity 

pruning (CCP) was applied. 

The final model was analyzed using Shapley Additive Explanations (SHAP) to quantify 

the contribution of each input feature to the model’s predictions. This approach provided 

a unified framework for interpreting the influence of individual elemental loadings on the 

classification outcomes, allowing the identification of key elements that govern carbon 

deposition behavior. 
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4.3. Results and discussion 

4.3.1. Carbon formation of high-performance catalysts  

Based on the dataset described in Section 4.2.1, a total of 141 high-performance 

catalysts, typically denoted as A–B–C–D–E/γ-Al2O3, had been previously synthesized 

and evaluated for DRM at 500 °C for 6 hours in Chapters 2 and 3. The spent catalysts 

from these tests were subsequently collected and subjected to TG-DTA to quantify carbon 

deposition. Finally, a high-quality dataset on carbon formation behavior for high-

performing DRM catalysts was established (Table 4.1). 

 

Table 4.1. Catalytic performance of the selected DRM catalysts with H2 yield ≥ 20%, 

emphasizing carbon deposition behavior.a 

No. A (mmol) B (mmol) C (mmol) D (mmol) E (mmol) 

CH4 

conv. 

(%) 

CO2 

conv. 

(%) 

H2 

yield 

(%) 

CO 

yield 

(%) 

Weight 

loss 

(%) 

1 Li (0.845) Al (0.558) Ni (0.282) Nb (0.700) Ce (0.426) 25.9 27.3 26.0 22.9 29.4 

2 Li (0.627) Ca (0.171) Ni (0.792) Nb (0.175) Ir (0.413) 28.7 27.7 27.3 21.8 45.4 

3 Li (0.408) Ca (0.354) Ni (0.759) Hf (0.129) Ir (0.144) 28.0 26.2 26.5 21.2 56.6 

4 Al (0.470) Nb (0.484) Rh (0.221) Ce (0.428) Hf (0.389) 21.7 29.8 20.8 27.3 0.0 

5 Al (0.096) Ni (0.975) Cs (0.160) Sm (0.365) Ir (0.092) 30.5 27.9 28.1 20.3 36.1 

6 Al (0.193) Ni (0.620) Nb (0.626) Rh (0.105) Ir (0.275) 22.2 28.5 21.6 25.8 15.8 

7 Li (0.865) Al (0.193) Ni (0.443) Cs (0.080) Hf (0.424) 34.0 29.4 30.5 20.8 34.8 

8 Li (0.096) Ni (2.255) Nb (0.101) Rh (0.114) Ir (0.096) 37.5 31.2 32.5 25.5 36.2 

9 Al (0.086) V (0.663) Ni (0.282) Nb (0.811) Rh (0.343) 23.5 29.4 23.7 25.4 17.5 

10 Al (0.582) Rh (0.398) Ba (0.338) Hf (0.557) Ir (0.074) 20.2 29.7 21.1 27.3 0.0 

11 Ca (0.914) Ni (0.352) Nb (0.306) Rh (0.259) Ir (0.203) 18.7 29.3 20.0 26.2 2.4 

12 Li (0.350) Al (0.545) Ni (0.704) Nb (0.102) Sm (0.058) 40.0 34.4 34.5 35.5 56.1 

13 Li (0.264) Al (0.416) V (0.450) Rh (0.422) Hf (0.138) 20.1 31.4 21.2 27.7 0.0 

14 Al (0.749) Ca (0.565) Ni (0.108) Nb (0.434) Rh (0.316) 19.4 30.7 20.9 27.2 1.2 

15 Ni (3.500) 
    

46.8 35.7 39.0 33.6 58.0 

16 Ni (0.704) 
    

30.3 29.9 29.5 20.2 55.9 

17 Ni (1.750) 
    

41.2 35.1 34.1 26.1 57.2 

18 Ni (2.625) 
    

43.1 35.6 36.1 30.8 47.0 
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19 Li (0.350) Al (0.545) Ni (0.704) Nb (0.102) Sm (0.058) 36.3 32.4 31.7 20.1 56.1 

20 Li (0.350) Al (0.545) Ni (0.704) Nb (0.102) 
 

36.2 32.1 33.1 19.4 53.7 

21 Li (0.350) Al (0.545) Ni (0.704) Sm (0.058) 
 

28.5 30.0 27.8 21.4 47.0 

22 Li (0.350) Ni (0.704) Nb (0.102) Sm (0.058) 
 

34.2 30.9 30.4 18.7 61.4 

23 Al (0.545) Ni (0.704) Nb (0.102) Sm (0.058) 
 

31.9 30.0 29.9 19.8 52.2 

24 Li (0.350) Ni (0.704) 
   

33.7 30.1 31.2 19.4 47.7 

25 Al (0.545) Ni (0.704) 
   

26.8 31.0 26.8 22.2 40.3 

26 Ni (0.704) Nb (0.102) 
   

32.8 30.7 30.4 19.8 53.0 

27 Ni (0.704) Sm (0.058) 
   

31.5 30.2 29.9 19.6 48.0 

28 Li (0.350) Al (0.545) Ni (0.704) 
  

29.6 30.2 28.9 21.0 51.4 

29 Li (0.350) Ni (0.704) Nb (0.102) 
  

35.4 31.6 30.8 19.8 52.0 

30 Li (0.350) Ni (0.704) Sm (0.058) 
  

34.0 30.5 31.7 19.4 55.0 

31 Al (0.545) Ni (0.704) Nb (0.102) 
  

32.9 31.7 30.5 20.0 52.8 

32 Al (0.545) Ni (0.704) Sm (0.058) 
  

23.7 29.2 23.3 20.9 40.9 

33 Ni (0.704) Nb (0.102) Sm (0.058) 
  

31.4 30.9 30.0 20.2 52.7 

34 Ir (3.000) Au (0.500) 
   

18.5 29.8 20.2 26.0 0.0 

35 Rh (0.500) Ir (2.000) 
   

19.1 31.1 20.6 26.9 0.0 

36 Ir (2.000) Au (0.500) 
   

18.3 28.8 20.0 25.2 0.0 

37 Rh (3.000) Ir (0.500) 
   

19.0 31.0 21.1 27.0 0.0 

38 Rh (0.500) 
    

17.6 33.6 20.0 27.6 0.0 

39 Rh (1.000) 
    

18.0 33.8 20.4 28.2 0.0 

40 Rh (1.500) 
    

18.7 34.7 20.5 28.1 0.0 

41 Nb (0.500) Rh (0.500) 
   

18.7 34.8 20.3 28.2 0.0 

42 Li (2.000) V (0.500) Ni (0.500) Nb (0.500) 
 

32.2 36.1 28.6 22.6 40.0 

43 Al (0.500) Mn (2.000) Ni (1.000) 
  

37.6 40.3 28.5 42.4 34.8 

44 Ni (2.500) Pd (1.000) 
   

34.3 34.1 28.9 19.4 35.5 

45 Ni (2.500) Cu (0.500) 
   

22.2 29.4 21.1 21.3 14.6 

46 Ni (2.000) Pd (0.500) 
   

35.3 35.2 28.9 38.0 38.2 

47 Mg (0.500) Ni (2.500) Cu (0.500) 
  

20.9 28.9 20.4 22.2 38.3 

48 Al (0.500) Ni (2.000) Rh (0.500) W (0.500) 
 

23.3 29.7 22.5 22.2 26.2 

49 Mg (0.500) Ni (2.500) Nb (0.500) 
  

41.9 35.4 33.0 24.9 48.0 

50 Al (0.500) Ni (2.500) Nb (0.500) 
  

42.4 37.0 34.2 32.2 40.6 

51 Al (0.500) Co (0.500) Ni (2.500) 
  

40.7 40.4 29.4 40.2 33.5 

52 Co (0.500) Ni (1.000) Pd (2.000) 
  

23.1 29.5 21.7 22.9 29.2 

53 Al (0.500) Co (1.000) Ni (1.000) Pd (1.000) 
 

32.6 34.5 28.2 32.7 23.8 

54 Co (0.500) Ni (3.000) 
   

46.8 37.7 35.1 35.5 49.4 

55 Co (2.500) Rh (1.000) 
   

31.0 35.8 29.2 21.4 29.6 

56 Co (1.500) Ni (1.500) Rh (0.500) 
  

33.5 38.5 28.1 22.2 23.5 

57 Al (0.500) Co (0.500) Ni (2.000) Rh (0.500) 
 

26.4 34.8 24.6 22.4 32.4 

58 Al (2.000) Ni (0.500) 
   

29.0 38.3 25.4 23.4 27.2 

59 Li (0.500) Al (0.500) Co (1.000) Ni (1.000) Rh (0.500) 27.1 37.1 24.4 23.0 17.1 

60 Al (0.500) Mn (0.500) Fe (0.500) Ni (1.500) Rh (0.500) 19.3 34.6 20.2 26.0 20.2 

61 Mn (1.000) Co (0.500) Ni (0.500) Nb (0.500) 
 

40.4 41.9 28.6 30.7 33.8 

62 Fe (0.500) Co (1.000) Ni (2.000) 
  

39.0 39.6 29.7 23.2 33.9 

63 Li (0.500) Al (0.500) Co (0.500) Ni (2.000) 
 

39.8 41.2 29.3 21.6 17.4 

64 Co (2.000) Y (0.500) Rh (1.000) 
  

24.2 36.8 23.4 23.9 15.8 

65 Al (0.500) Ni (0.500) 
   

34.6 39.2 27.4 23.2 30.6 

66 Co (3.000) Zn (0.500) 
   

32.4 30.3 31.6 18.7 36.5 

67 Co (3.000) Nb (0.500) 
   

40.6 38.4 33.9 28.6 32.6 

68 Li (0.200) Mn (0.400) Co (0.600) Rh (0.200) W (0.200) 21.4 31.4 22.3 26.7 2.1 

69 Co (0.600) Ni (0.200) 
   

24.3 31.0 25.1 23.4 27.5 
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70 Al (0.200) Ni (0.800) 
   

23.0 32.8 23.9 23.4 42.3 

71 Ni (0.600) Rh (0.200) 
   

19.3 33.5 21.4 26.8 4.3 

72 Li (0.400) Co (0.200) Ni (0.400) Rh (0.200) W (0.200) 19.2 33.2 21.3 26.5 4.9 

73 Li (0.200) Mn (0.600) Ni (0.800) 
  

21.2 32.9 22.8 24.4 33.2 

74 Ni (0.600) Pd (0.200) 
   

20.4 31.4 22.1 23.7 30.1 

75 Li (0.200) Al (0.200) Mn (0.400) Ni (0.600) Pd (0.200) 19.6 32.2 21.1 24.6 23.6 

76 Li (0.600) Ni (0.800) 
   

33.3 37.2 31.1 21.3 39.3 

77 Li (0.200) Co (0.200) Ni (0.600) 
  

26.0 34.7 26.5 38.4 33.4 

78 Sc (0.200) Co (0.400) Ni (0.400) 
  

18.9 29.5 20.4 23.9 26.8 

79 Li (0.400) Mn (0.200) Ni (0.600) Rh (0.200) W (0.200) 19.2 31.8 22.1 27.4 2.1 

80 Fe (0.200) Ni (0.600) Nb (0.400) 
  

26.4 32.3 27.7 22.2 32.2 

81 Al (0.400) Mn (0.400) Co (0.200) Ni (0.400) Rh (0.200) 20.0 32.1 22.1 27.4 2.5 

82 Al (0.400) Mn (0.200) Ni (0.400) Nb (0.200) Pd (0.200) 23.7 32.8 25.5 24.0 30.9 

83 Al (0.400) Co (0.200) Ni (0.600) Nb (0.200) 
 

32.8 36.3 32.2 21.6 36.0 

84 Li (0.600) Ni (0.600) 
   

30.1 30.9 28.2 19.6 38.0 

85 Li (0.200) Al (0.400) Mn (0.200) Ni (0.800) 
 

28.2 30.7 26.5 21.1 25.8 

86 Li (0.400) Al (0.200) Mn (0.200) Ni (0.800) 
 

30.1 31.2 28.1 19.7 34.5 

87 Li (0.400) Ni (0.600) Nb (0.400) 
  

32.6 31.7 30.1 18.4 31.3 

88 Li (0.600) Ni (0.600) Nb (0.200) 
  

30.3 31.0 28.3 19.7 30.9 

89 Li (0.200) Al (0.200) Mn (0.200) Ni (0.800) Nb (0.200) 30.6 31.8 28.3 19.2 26.4 

90 Li (0.400) Al (0.200) Sc (0.200) Ni (0.800) 
 

33.3 34.1 30.0 20.7 31.7 

91 Li (0.200) Co (0.400) Ni (0.400) Y (0.200) 
 

30.3 31.2 28.1 18.7 27.9 

92 Li (0.800) Ni (0.800) 
   

34.6 32.7 32.3 18.4 25.5 

93 Li (0.400) Al (0.400) Ni (0.600) 
  

30.0 31.6 28.2 20.8 30.6 

94 Al (0.400) Ni (0.600) Y (0.200) 
  

31.1 32.2 29.3 19.8 26.1 

95 Al (0.200) Sc (0.200) Mn (0.200) Ni (0.800) Y (0.200) 31.8 32.8 29.5 19.1 26.8 

96 Ni (0.800) Nb (0.200) 
   

30.8 31.1 28.5 19.7 32.0 

97 Al (0.200) Mn (0.400) Ni (0.800) Nb (0.200) 
 

27.3 31.0 26.2 21.8 26.4 

98 Li (0.200) Al (0.400) Ni (0.800) Y (0.200) 
 

27.3 31.0 25.6 20.5 21.0 

99 Li (0.400) Ni (0.600) Nb (0.200) 
  

34.9 33.4 32.1 18.3 27.3 

100 Ni (0.600) Y (0.200) 
   

36.5 36.4 33.4 19.1 40.0 

101 Li (0.200) Al (0.200) Sc (0.200) Ni (0.800) Nb (0.200) 36.3 35.8 32.7 18.8 41.1 

102 Li (0.600) Co (0.400) Ni (0.400) Nb (0.200) 
 

34.9 37.5 31.3 19.1 42.8 

103 Li (0.400) Ni (0.800) Ta (0.200) 
  

39.8 40.4 35.3 29.6 39.2 

104 Li (0.200) Al (0.400) Sc (0.200) Ni (0.800) 
 

30.2 34.8 28.8 20.1 37.2 

105 Li (0.600) Ni (0.600) Ta (0.200) 
  

36.3 37.5 32.3 18.8 45.4 

106 Al (0.600) Ni (0.800) Nb (0.200) 
  

34.4 35.8 31.7 18.6 40.0 

107 Li (0.400) Sc (0.200) Co (0.200) Ni (0.600) Nb (0.200) 32.2 34.6 29.9 19.0 44.5 

108 Li (0.600) Al (0.200) Ni (0.800) 
  

40.3 39.2 34.9 36.3 36.9 

109 Li (0.400) Mn (0.200) Ni (0.800) Nb (0.200) 
 

40.8 40.0 35.1 20.2 42.4 

110 Li (0.200) Al (0.400) Ni (0.800) Nb (0.200) 
 

39.4 39.3 34.1 17.6 39.5 

111 Li (0.200) Al (0.600) Ni (0.800) 
  

26.8 31.9 27.0 22.1 41.8 

112 Li (0.600) Ni (0.800) Ta (0.200) 
  

43.0 40.8 36.8 28.5 38.0 

113 Li (0.200) Sc (0.200) Ni (0.800) 
  

34.5 36.2 31.6 18.7 49.3 

114 Li (0.400) Co (0.200) Ni (0.600) Nb (0.400) 
 

38.1 38.9 33.6 18.4 44.7 

115 Li (0.400) Ni (0.800) Ta (0.400) 
  

42.8 42.0 35.8 19.8 40.3 

116 Co (0.400) Ni (0.800) 
   

35.3 37.8 31.9 36.2 38.6 

117 Fe (0.100) Co (0.500) Ni (0.800) 
  

33.8 35.9 31.3 18.4 48.7 

118 Fe (0.200) Co (0.100) Ni (0.800) Ba (0.500) 
 

31.2 33.6 29.5 19.5 42.3 

119 Mn (0.200) Ni (0.800) 
   

22.1 32.2 22.7 23.0 37.1 

120 Ti (0.200) Ni (0.800) Ga (0.100) 
  

25.8 34.3 25.9 21.9 43.8 
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121 Li (0.100) Ti (0.100) Ni (0.800) 
  

35.1 37.3 31.7 20.0 47.6 

122 Sc (0.400) Ti (0.100) Ni (0.800) Y (0.100) Pd (0.100) 25.6 33.6 25.9 23.0 43.2 

123 Mn (0.800) Ni (0.800) 
   

21.4 32.7 22.4 24.6 34.3 

124 Ni (0.800) Rh (0.200) 
   

20.2 32.7 21.6 25.9 19.5 

125 Mg (0.100) Ti (0.100) Ni (0.800) 
  

33.2 37.3 30.1 41.5 41.0 

126 Ti (0.100) Ni (0.800) 
   

32.6 37.1 30.4 19.9 46.4 

127 Co (0.100) Ni (0.800) Cs (0.100) 
  

35.3 40.7 28.0 21.7 43.7 

128 Ni (0.800) Nb (0.100) Ta (0.200) 
  

33.0 38.6 26.9 18.5 40.7 

129 V (0.100) Ni (0.800) Rh (0.100) 
  

34.5 39.6 27.3 20.2 2.2 

130 Co (0.200) Ni (0.800) Hf (0.100) 
  

36.4 37.5 26.8 15.5 40.3 

131 Co (0.100) Ni (0.800) Rb (0.400) Nd (0.200) Hf (0.100) 30.7 35.1 24.9 19.1 42.7 

132 Co (0.100) Ni (0.800) Sr (0.600) 
  

32.4 36.9 26.6 18.3 41.0 

133 Mn (0.100) Co (0.600) Ni (0.800) 
  

30.3 35.7 25.4 18.9 44.2 

134 Ni (0.800) Cs (0.400) Pr (0.200) Sm (0.200) 
 

30.9 41.0 27.1 24.9 42.1 

135 Ti (0.100) Ni (0.800) Pd (0.100) 
  

32.0 36.5 26.7 18.4 40.5 

136 Li (0.100) Co (0.100) Ni (0.800) 
  

29.7 35.6 25.3 19.3 45.8 

137 Mn (0.300) Ni (0.800) 
   

33.9 36.5 26.7 17.1 43.9 

138 V (0.300) Ni (0.800) Pt (0.100) 
  

33.6 40.2 27.7 21.4 0.0 

139 Co (0.600) Ni (0.800) 
   

34.5 40.3 28.1 19.6 44.3 

140 Ti (0.200) Co (0.200) Ni (0.800) 
  

24.6 31.9 20.9 22.2 40.6 

141 Ti (0.100) Ni (0.800) Rh (0.100)     33.5 38.2 26.8 17.4 9.0 

a Nos. 1–15 originated from the initial training dataset, which was primarily generated 

via random sampling. Nos. 16–141 were iteratively selected and evaluated as part of the 

active learning process to progressively refine and retrain the ML model. 

b Catalysts used in the DRM reaction at 500 °C for 6 h on stream were subjected to TG-

DTA analysis. The weight loss corresponds to the difference in sample weight at the onset 

and termination temperatures of the exothermic peak on the DTA curve. 

 

Most studies have focused on noble metal catalysts such as Pt, Pd, Rh and Ir, which 

exhibit high activity and strong resistance to carbon accumulation. These noble metals 

possess excellent catalytic activity for CH4 and CO2 activation, enabling rapid turnover 

rates that minimize the surface residence time of carbonaceous intermediates. In addition, 

strong metal–support interactions enhance metal dispersion and thermal stability, thereby 

mitigating sintering and localized carbon buildup. Moreover, their pronounced redox 

properties allow activation of surface oxygen species or utilization of support-derived 
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oxygen to oxidize carbon intermediates in situ [31]. In addition to noble metals, transition 

metals such as Ni, Co, and Fe, which are more cost-effective than noble metals, have also 

been extensively investigated. Depending on the catalyst formulation and reaction 

conditions, the carbon formed can manifest as either desirable structures, such as carbon 

nanotubes, or detrimental graphitic layers that lead to catalyst deactivation [8]. Although 

significant progress has been made in understanding carbon formation during the DRM 

reaction, large-scale, high-quality datasets systematically evaluating carbon deposition 

across a broad range of catalysts remain scarce. 

To address this gap, I performed a series of data analyses and ML model training on 

the carbon deposition dataset obtained from high-performing catalysts identified through 

a previous active learning process, aiming to extract actionable design principles for the 

development of durable multi-element catalysts.  

To explore the potential correlation between reactant utilization and carbon formation, 

I analyzed the ratio of CH4 conversion to CO2 conversion as an indicator of the surface 

carbon balance during DRM. This ratio reflects the relative rates at which methane is 

activated, and carbon dioxide is consumed, and has direct implications for the likelihood 

of carbon deposition via side reactions. From a mechanistic perspective, methane 

cracking and CO disproportionation are the dominant pathways leading to carbon 

accumulation under DRM conditions. While the DRM reaction itself is carbon-neutral at 

the stoichiometric ratio, a CH4/CO2 conversion ratio significantly greater than 1 suggests 



143 

 

that methane is being consumed at a faster rate than CO2, which may indicate CO2-

deficient conditions. Such conditions can suppress the gasification of surface carbon 

species and promote the thermodynamically favorable carbon-forming side reactions, 

especially CO disproportionation at low temperatures. Conversely, a CH4/CO2 

conversion ratio closer to 1, or below, implies sufficient CO2 availability to oxidize 

carbon intermediates and suppress coke accumulation. Therefore, this ratio serves as a 

useful proxy to evaluate the redox environment surrounding the active sites and the 

catalyst’s tendency toward either carbon formation or self-cleaning. Therefore, Figure 

4.1a and Figure 4.1b illustrate the relationships between CH4 conversion/CO2 conversion 

and H2 yield, and between CH4 conversion/CO2 conversion and weight loss, respectively. 

To capture the influence of different metal elements on catalytic activity and carbon 

deposition behavior, I adopted a composition-based visualization strategy. In this 

approach, each catalyst is color-coded based on the relative proportions of three elemental 

categories: blue represents the combined percentage of transition metals Ni and Co, pink 

indicates the percentage of platinum-group metals (PGMs), and green corresponds to 

other additional elements. For consistency, the total metal content of each catalyst is 

normalized to 100%.  

Analysis of Figures 4.1a and 4.1b reveals several important trends regarding the 

catalytic behavior of the studied catalysts. First, a strong positive correlation is observed 

between H2 yield and the CH4 conversion to CO2 conversion ratio, indicating that H2 
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production generally increases with higher CH4 conversion. However, not all elemental 

combinations yield the same benefit. Catalysts with a high fraction of PGMs (pink) tend 

to cluster near the H2 yield threshold of 20%, suggesting that PGMs alone are insufficient 

for achieving high performance if the catalyst lacks adequate amounts of Ni, Co, or key 

additive elements. In contrast, catalysts with a higher proportion of Ni and Co (blue) 

display a broader and more upward-spread distribution in H2 yield, indicating their 

stronger contribution to CH4 activation. This observation aligns with findings in Chapter 

2 and suggests that Ni and Co, when combined with carefully selected additives, can 

deliver more effective catalytic performance than PGMs alone. 

In Figure 4.1b, when the CH4 conversion is lower than the CO2 conversion, methane 

formation via CO2 methanation becomes significant. This secondary reaction consumes 

H2 and CO2 to regenerate CH4, thereby lowering the CH4 conversion and reducing the 

CH4/CO2 conversion ratio [32]. Conversely, when CH4 conversion exceeds CO2 

conversion, the Boudouard reaction becomes more prominent, leading to the 

disproportionation of CO into C and CO2 and thereby decreasing CO2 conversion 

disproportionately [33]. A generally positive correlation is also observed between the 

CH4/CO2 conversion ratio and carbon deposition. However, this positive trend is not 

absolute. Certain catalysts exhibit CH4/CO2 conversion ratios approaching unity yet 

possess relatively high weight loss, suggesting that carbon accumulation does not 

necessarily increase monotonically with time. Instead, carbon buildup may reach a 
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saturation point beyond which further accumulation is suppressed, resulting in CH4/CO2 

conversion ratios stabilizing near stoichiometric values. 

Moreover, catalysts containing a high proportion of Ni and Co tend to exhibit more 

substantial carbon deposition overall (Figure 4.1b). Interestingly, several catalysts 

combine high catalytic activity with negligible carbon deposition (further visualized in 

Figure 4.1c). These carbon-tolerant catalysts are primarily composed of high PGM 

loadings (particularly Rh, Ir, and Pt) or specific additive elements, which is consistent 

with the well-documented carbon resistance of PGMs. However, these carbon-free 

catalysts are mostly located in the CH4 conversion/CO2 conversion < 1 region, suggesting 

that CO2 methanation may play a role in enhancing CO2 utilization while suppressing 

CH4 conversion, thereby reducing the carbon formation potential. 
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Figure 4.1. Visualization of the high-performance DRM catalyst dataset. Scatter plots for 

catalyst performance and carbon deposition are shown in terms of (a) CH4 

conversion/CO2 conversion versus H2 yield and (b) CH4 conversion/CO2 conversion 

versus weight loss (as a measure of carbon deposition determined by TG-DTA). Catalysts 

are color-coded based on their elemental composition: blue represents the relative content 

of transition metals (Ni and Co), pink corresponds to platinum-group metals (PGMs), and 
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green indicates the proportion of other added elements. The total metal content for each 

catalyst is normalized to 100%. (c) Pie chart showing the elemental composition of 

catalysts with no detectable carbon deposition, selected from Figure 4.1b. The values in 

parentheses indicate the loading amounts of elements in mmol per gram of support. The 

corresponding H2 yields for each composition are also annotated. 

 

 

Figure 4.2. Histograms showing catalysts with less than 15% carbon deposition based on 

TG-DTA analysis. Catalyst names are abbreviated using the ordinal numbers 

corresponding to the detailed compositions listed in Table 4.1. 

 

To further elucidate the compositional trends associated with low carbon deposition, 

Figure 4.2 summarizes the formulations and catalytic performance of the 22 catalysts 

exhibiting carbon deposition below 15%. Among these, Rh appeared most frequently, 

being present in 18 compositions, confirming its effectiveness as a noble metal 
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component for achieving carbon-resistant catalysts when supported on γ-Al2O3. Ir was 

also observed in 6 compositions, further highlighting the role of PGMs in mitigating 

carbon accumulation. In contrast, Ni, though generally associated with increased carbon 

formation due to its high intrinsic activity for CH4 dissociation and limited ability to 

activate CO2 [34], was present in 10 of the low-carbon catalysts. This suggests a 

functional complementarity: while Ni enables high H2 yields, PGMs like Rh suppress 

carbon formation, allowing their combinations to balance activity and stability under low-

temperature DRM conditions. 

Given this interplay between catalytic performance and carbon resistance, a meaningful 

interpretation of carbon deposition trends must account for the underlying selection bias 

imposed by the 20% H2 yield threshold. Since all catalysts included in the present dataset 

are high-performing by design, elements that contribute to high activity, such as Ni, are 

inherently overrepresented. In contrast, elements that may suppress carbon deposition but 

perform poorly in terms of activity, such as isolated PGMs, tend to be underrepresented. 

Consequently, any analysis of the relationship between individual elements and carbon 

formation must first consider their association with catalytic activity. To address this 

complexity, the dataset was partitioned into four subsets based on carbon deposition 

thresholds of 15%, 30%, and 45%. Specifically, catalysts were classified into four groups: 

22 catalysts with carbon deposition <15%, 26 catalysts with deposition between 15% and 

30%, 65 catalysts between 30% and 45%, and 28 catalysts with deposition >45%. This 
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stratification enables a more nuanced examination of how elemental distributions 

correlate with varying levels of carbon deposition among already high-performing 

catalysts. 

Figure 4.3 illustrates the distribution of elemental occurrences across different carbon 

deposition categories among high-performance DRM catalysts. The frequency of each 

element provides a clear indication of its prevalence within the high-performing catalyst 

dataset (Figure 4.3a). Firstly, Ni appears most frequently, being present in more than 85% 

of all catalysts (125 out of 141), reaffirming its essential role in achieving H2 yields above 

the 20% threshold, , followed by Li, Al, Nb, Co, Rh, Mn, Ir, Sm, and Pd in descending 

order of frequency. Among them, Co, Rh, Ir, and Pd are well-known for their intrinsic 

catalytic activity in DRM. In contrast, elements such as Li, Al, Nb, Mn, and Sm do not 

exhibit catalytic activity when loaded individually onto support and are therefore likely 

functioning as promoters. In other words, when carefully combined with active metals 

such as Ni, these elements can enhance catalytic performance through mechanisms such 

as improving the dispersion of the primary active phase or increasing surface basicity to 

promote CO2 adsorption. This promotional effect is consistent with the findings in 

Chapter 2, where elements such as Li, Al, Nb, and Sm frequently appeared in high-

performance Ni-based catalysts. 

In Figure 4.3b, the percentage distribution of each element across the four carbon 

deposition levels reveals compositional trends related to carbon formation. As expected, 
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Rh and Ir exhibit the strongest resistance to carbon deposition, whereas Ni and Co are 

more prone to carbon accumulation. Promoter elements such as Li, Al, Nb, and Mn show 

variable carbon resistance, likely depending on the specific combination and loading used 

in each formulation. Notably, catalysts containing Sm tend to fall into higher carbon 

deposition categories, suggesting that Sm may function as a potential inhibitor to carbon 

suppression. Surprisingly, Pd-containing catalysts also show relatively high carbon 

deposition, despite Pd being a platinum-group metal. Moreover, although elements such 

as Au, Pt, W, Ce and V appear infrequently across the dataset, they are often associated 

with low-carbon-deposition catalysts. This observation suggests their potential role in 

suppressing carbon accumulation when appropriately incorporated into catalyst 

formulations. 
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Figure 4.3. Histograms showing the elemental distribution among high-performance 

DRM catalysts (H2 yield ≥ 20%), categorized by carbon deposition levels. The dataset 

was partitioned into four classes based on carbon deposition thresholds: <15%, 15–30%, 

30–45%, and >45%. The upper panel (a) displays the absolute occurrence count of each 

element within each carbon deposition category, while the lower panel (b) presents the 

corresponding percentage distribution, normalized by the total number of occurrences for 

each element. 
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In this section, a comprehensive analysis of carbon deposition behavior across high-

performing DRM catalysts was conducted by integrating TG-DTA data with elemental 

composition and reactant conversion metrics. Key trends were identified linking catalyst 

formulations to both H2 yields and carbon accumulation. While Ni and Co were 

confirmed as essential components for high H2 yields, their use often coincided with 

increased carbon deposition. In contrast, PGMs such as Rh and Ir exhibit excellent 

resistance to carbon deposition, although they generally need to be functionally 

complemented by active or promoter elements to achieve sufficient catalytic activity. 

Promoters like Li, Al, Nb, and Mn showed variable carbon resistance, depending on their 

pairing with active metals. To further clarify the design guidelines for carbon-resistant 

catalysts, the next section will address this issue through more advanced ML techniques. 

 

4.3.2. Design guidelines for carbon-resistant catalysts 

To establish interpretable guidelines linking elemental composition to carbon 

deposition under low-temperature DRM conditions, a decision tree classification method 

was employed. In this study, the elemental loadings were used as input features, and 

carbon deposition served as the target variable. This classification scheme mirrors the 

thresholds adopted in Figure 4.4 to ensure consistency across analyses. To address the 

inherent class imbalance within the dataset, class weights were adjusted inversely 

proportional to the frequency of each class, ensuring that minority classes exerted 
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appropriate influence during model training. Additionally, to prevent overfitting and 

enhance the generalizability of the decision tree, cost complexity pruning was applied. 

The optimal pruning parameter was determined through cross-validation, where 90% of 

the data was allocated to training and 10% to testing, repeated over 50 iterations. The 

accuracy score was employed as the evaluation metric, and the best ccp_alpha was 

identified as 0.0057, ensuring a balanced trade-off between model complexity and 

classification performance. 

Figure 4.4 presents the resulting classification tree for carbon deposition. At the top 

root node, the classification tree initially splits based on the Rh loading. The 141 catalysts 

were divided into four carbon deposition classes: 22 catalysts with <15%, 26 catalysts 

with 15–30%, 65 catalysts with 30–45%, and 28 catalysts with ≥45%. The “value” 

associated with each node indicates the weighted number of samples belonging to each 

class, where the class weights were adjusted to be inversely proportional to class 

frequencies. As the total number of samples is 141 and equal class weights were applied, 

the value for each class at the root node is standardized to 32.25, ensuring that the sum 

across all classes matches the dataset size. Through recursive splitting at each node, the 

decision tree ultimately enables the extraction of interpretable design principles for the 

rational development of carbon-resistant DRM catalysts. 

When the catalyst contains a relatively high loading of Rh, it is necessary to reduce the 

contents of Co and Ni to achieve carbon deposition below 15%. Notably, when the Ni 
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loading exceeds a certain threshold, the Rh content must be carefully controlled to 

maintain carbon resistance. In addition, it is worth mentioning that in specific samples, 

an increased V loading also correlates with higher levels of carbon deposition.  

When the Rh content in the catalyst is insufficient, two major branches emerge 

depending on the Ni loading. On the left branch, where the Ni content is relatively low, 

achieving carbon deposition below 15% requires the incorporation of Au, while 

simultaneously avoiding the excessive use of Ta, Nb, and Li, which tend to promote 

carbon formation. On the other branch, associated with higher Ni loadings, suppressing 

carbon deposition necessitates the addition of substantial amounts of Pt and Cu. 

Furthermore, Al and Y also contribute to mitigating carbon accumulation to some extent. 
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Figure 4.4. Classification tree based on elemental loadings and carbon deposition. The 

141 catalysts were classified based on the loading amounts of the elements into four 

carbon formation classes: 0–15%, 15–30%, 30–45%, and ≥ 45%, represented by orange, 

green, blue, and purple, respectively. Class weights were assigned inversely proportional 

to class frequencies to address imbalance. The tree was pruned using cost complexity 

pruning (CCP) to optimize generalizability. The nodes are colored according to the class 

with the largest weighted frequency. The yellow highlight traces the routes for catalysts 

with carbon deposition <15%. 
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Subsequently, the resulting model was analyzed using SHAP analysis. This approach 

is particularly well-suited for capturing complex non-monotonic relationships within the 

data. It quantifies the contribution of each feature, specifically the elemental loading, to 

the predicted carbon deposition, thereby enabling global interpretability [35]. Figure 4.5a 

presents the global feature importance ranking based on the mean absolute SHAP values. 

A higher mean absolute SHAP value indicates a greater influence of the corresponding 

elemental loading on determining carbon formation. In addition, the distribution of SHAP 

values reveals how each element contributes across different levels of carbon deposition. 

It is evident that among all the elements investigated, the relative importance in 

influencing carbon formation follows the order of Ni > Rh > Al > Li > Co > Mn > Nb > 

Au > Ta > Y > Cu > Pt > Pd > V. Other elements showed lower overall importance and 

were therefore not explicitly discussed. 

Figure 4.5b–e illustrates the local feature contributions, where the x-axis represents the 

SHAP values of individual data points, and the color scale reflects the corresponding 

elemental loading. This visualization enables a detailed understanding of how variations 

in elemental content influence carbon deposition behavior. In the 0–15% carbon 

deposition class (Figure 4.5b), the most influential elements are Rh > Ni > Co > Au > 

Cu, Pt, V. Notably, higher Rh loadings are predominantly associated with positive SHAP 

values (red points on the right), indicating that Rh strongly suppresses carbon formation. 
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Conversely, low Rh loadings correlate with negative SHAP values (blue points on the 

left), implying that insufficient Rh may promote carbon accumulation. Additionally, high 

Ni and Co loadings consistently contribute positively to carbon formation. Elements such 

as Au, Cu, and Pt appear in only a few catalysts, exhibiting limited but notable influence. 

These observations also align with the classification patterns in Figure 4.4. 

In the 15–30% carbon deposition class (Figure 4.5c), Al emerges as a prominent 

contributor. Catalysts with higher Al loadings tend to exhibit positive SHAP values, 

suggesting that elevated Al content may moderately promote carbon formation. However, 

this trend becomes less clear in the 30–45% class (Figure 4.5d). Instead, Li and Nb 

emerge as more significant contributors to higher carbon formation in this range. 

Furthermore, elements such as Co, Mn, and Y show increased association with the 15–

30% class, implying a possible role in sustaining intermediate carbon deposition levels. 

In the ≥45% carbon deposition class (Figure 4.5e), catalysts containing high Ta loadings 

are distinctly visible, suggesting that Ta probably serves as a driving factor for severe 

carbon deposition under the studied reaction conditions. 
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Figure 4.5. Feature importance analysis based on SHAP values. (a) Global feature 

importance was assessed using the mean absolute SHAP (Shapley Additive Explanations) 

values to identify the most influential elements contributing to carbon formation. (b)–(e) 

Local feature importance plots illustrate how each element influences the predicted 

carbon formation within specific carbon deposition classes: (b) 0–15%, (c) 15–30%, (d) 

30–45%, and (e) ≥45%. Each dot corresponds to a single catalyst. The horizontal position 

represents the SHAP value, while the color indicates the magnitude of elemental loading 

in millimoles, with darker red reflecting higher values. A positive SHAP value implies 

that an increase in the corresponding elemental loading is associated with greater carbon 

formation. 
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4.4. Conclusion 

In this chapter, the carbon deposition behavior of high-performance multi-element 

catalysts for low-temperature DRM was systematically investigated. A carbon deposition 

dataset comprising 141 catalysts was successfully constructed by performing DRM at 

500 °C and quantitatively analyzing their carbon deposition behavior via TG-DTA. These 

catalysts were previously identified as high-performing candidates through an active 

learning loop that combined AFE with HTE to explore unknown compositional spaces. 

Initial analyses revealed that while Ni and Co are indispensable for achieving high H2 

yields, their elevated loadings tend to promote carbon deposition. In contrast, Rh and Ir 

exhibit strong resistance to carbon accumulation but require the presence of active or 

promoter elements to complement their limited intrinsic activity. 

To derive generalized design principles, a decision tree classifier and SHAP-based 

feature interpretation were applied. The tree revealed that high Rh loadings are essential 

for minimizing carbon deposition, while in Rh-deficient systems, alternative mitigation 

strategies involving Pt, Cu, and Y can be effective. SHAP analysis further quantified 

element-specific contributions and uncovered class-specific trends, such as the strong 

influence of Li, Nb, and Ta in promoting moderate to severe carbon accumulation. 

Overall, this chapter provides critical insights and actionable guidelines for the rational 

design of carbon-resistant multi-element catalysts for low-temperature DRM applications. 
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Chapter 5 General conclusion 

 



164 

 

The rational design of solid catalysts remains one of the most formidable challenges in 

heterogeneous catalysis, primarily due to the immense compositional complexity and 

intricate interdependencies among active metals, supports, and promoters. Traditional 

development strategies have largely depended on iterative experimentation guided by 

chemical intuition, which inherently restricts exploration to familiar systems and limits 

the potential for discovering novel and high-performing catalysts. In recent years, data-

driven approaches have gained increasing traction in catalyst development. However, 

they still face two major limitations. First, in complex material systems such as solid 

catalysts, there is often a lack of sufficient high-quality experimental data. Second, 

designing universal and informative descriptors typically requires deep domain expertise 

and system-specific assumptions. Dry reforming of methane (DRM) is an important 

catalytic reaction, but it conventionally requires high temperatures above 700 °C to 

achieve adequate conversion. Operating at lower temperatures, such as 500 °C, is an 

attractive alternative. However, under such mild conditions, undesired side reactions 

become more severe, posing significant challenges for catalyst stability. Addressing this 

issue which often requires the careful integration of multiple elements. To overcome these 

limitations, this dissertation proposes a systematic, data-driven strategy for the design of 

multi-element catalysts for low-temperature DRM, under the assumption of no prior 

knowledge. By integrating HTE, ML, and AFE within an adaptive experimental design 

framework, it enables efficient exploration of high-dimensional catalyst spaces and 

accelerates the identification of active and carbon-resistant formulations. 
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In Chapter 2, the research commenced with the construction of a large-scale, 

compositionally unbiased dataset consisting of 256 γ-Al2O3-supported catalysts. These 

catalysts were synthesized through random sampling from a representative library of 17 

elements and systematically evaluated for DRM at 500 °C. This dataset served as a 

foundational platform for subsequent ML applications by capturing diverse 

compositional patterns without imposing prior assumptions. Statistical analyses revealed 

that superior catalytic performance was not exclusively associated with the inclusion of 

conventionally active metals such as Ni or platinum group elements. Rather, unexpected 

synergies involving elements such as Al, Nb, and Hf were found to play pivotal roles in 

enhancing H2 yield and mitigating carbon deposition. These findings underscored the 

effectiveness of an unbiased experimental design strategy in uncovering non-obvious but 

chemically meaningful design principles. 

In Chapter 3, the research expanded upon the initial dataset by establishing an adaptive 

active learning framework that systematically guided catalyst exploration. This 

framework integrated AFE to generate thousands of composition-based descriptors and 

employed farthest point sampling (FPS) to strategically select candidates from 

underexplored regions of the compositional space. Through successive loops of model 

retraining and HTE validation, the elemental design space was expanded from 17 to 45 

elements. This iterative strategy led to the identification of more than 100 previously 

unreported catalysts exhibiting outstanding H2 yields. Catalysts with H₂ yields of 30% or 

higher not only reaffirm the pivotal role of Ni as the core active element but also 
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demonstrate a broadened promoter landscape. Notably, elements including alkali metals 

(Li, K, Cs, Rb), early transition metals (Sc, Ti, Mn, Y, Nb, Hf, Ta), and the rare earth 

element Sm emerged as effective contributors to enhanced DRM performance. Overall, 

this chapter underscores the powerful capability of adaptive active learning to overcome 

the limitations of human intuition and accelerate the discovery of novel high-performance 

DRM catalysts. 

In Chapter 4, the focus shifted to one of the most critical challenges in low-temperature 

DRM: carbon deposition. Using thermogravimetric and differential thermal analysis, this 

chapter systematically investigated the carbon deposition behavior of the high-

performing catalysts identified through the adaptive learning loop presented in Chapter 3. 

The results revealed that carbon deposition was primarily governed by the Boudouard 

reaction, and its severity strongly depended on catalyst composition. Preliminary analysis 

revealed that Ni and Co are indispensable for achieving high H2 yields, yet their high 

loadings tend to promote carbon deposition. In contrast, Rh and Ir exhibit strong 

resistance to carbon accumulation but require the presence of active or promoter elements 

to compensate for their limited intrinsic activity. Decision tree analysis indicated that high 

Rh loadings are critical for minimizing carbon formation, while in systems with low Rh 

content, the incorporation of Pt, Cu, or Y proved to be effective alternatives. SHAP 

analysis further revealed the strong contributions of Li, Nb, and Ta to moderate and severe 

carbon accumulation. Overall, this chapter provides valuable insights and practical 
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guidelines for the rational design of carbon-resistant multi-element catalysts for low-

temperature DRM applications. 

I believe that this dissertation presents a robust adaptive catalyst design strategy that 

integrates HTE, AFE, and ML to accelerate the discovery of high-performance multi-

element DRM catalysts without requiring prior system-specific knowledge. Moreover, it 

is also expected to provide practical and generalizable guidelines for the rational design 

of catalysts in other complex catalytic systems, especially those involving high-

dimensional compositional spaces. 
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Appendix A – Catalyst dataset, descriptors and test set 

Table A1. Entire DRM dataset obtained by HTE. Individual catalysts are described by 

their elemental combinations, compositions and performances.a,b,c,d 

No. A (mmol) B (mmol) C (mmol) D (mmol) E (mmol) 

Mtotal 

(mmol/g-

support) 

CH4 

conv. 

(%) 

CO2 

conv. 

(%) 

H2 

yield 

(%) 

CO 

yield 

(%) 

1 Al (0.837) V (0.650) Rh (0.293) Ce (0.710) Sm (0.248) 2.74 2.4 -2.6 0.1 0.7 

2 Ca (0.681) Nb (0.700) Ag (0.402) Cs (0.529) Sm (0.373) 2.68 2.0 -3.1 0.0 0.2 

3 Li (0.845) Al (0.558) Ni (0.282) Nb (0.700) Ce (0.426) 2.81 25.9 27.3 26.0 22.9 

4 Ca (0.545) Ni (0.565) Ba (0.913) Sm (0.373) Au (0.371) 2.77 2.7 -3.4 0.0 0.3 

5 Al (0.837) V (0.390) Cs (0.661) Sm (0.248) Bi (0.452) 2.59 2.3 -4.0 0.0 0.1 

6 Li (0.704) Ca (0.273) Ni (0.565) Ag (0.803) Hf (0.421) 2.77 2.2 -3.1 0.1 0.4 

7 Al (0.558) Ni (0.706) Cs (0.529) Ce (0.568) Ir (0.400) 2.76 10.9 16.8 9.0 16.5 

8 Al (0.279) Ca (0.818) Ag (0.536) Sm (0.621) Au (0.371) 2.62 2.3 -3.4 0.0 0.1 

9 Nb (0.700) Ce (0.426) Sm (0.745) Hf (0.421) Au (0.371) 2.66 2.6 -3.3 0.1 0.3 

10 Li (1.126) Nb (0.420) Rh (0.440) Ag (0.670) Hf (0.140) 2.80 3.1 -2.7 0.5 1.0 

11 Nb (0.280) Cs (0.793) Ba (0.760) Ce (0.710) Ir (0.267) 2.81 6.4 7.5 3.0 8.3 

12 Li (0.704) Cs (0.396) Ce (0.568) Sm (0.373) Hf (0.701) 2.74 2.2 -3.1 0.0 0.2 

13 Ca (0.409) Nb (1.120) Ag (0.536) Hf (0.421) Au (0.248) 2.73 1.9 -3.2 0.0 0.1 

14 Ca (1.226) V (0.260) Ni (0.847) Hf (0.140) Ir (0.267) 2.74 2.5 -2.7 0.1 0.5 

15 V (0.260) Nb (0.420) Ag (0.536) Cs (0.793) Hf (0.701) 2.71 2.5 -3.5 0.0 0.1 

16 Al (0.279) V (0.520) Cs (0.529) Ir (0.667) Bi (0.565) 2.56 2.3 -3.7 0.0 0.1 

17 Li (0.845) Ca (0.273) V (0.130) Ni (0.847) Ag (0.670) 2.76 2.2 -3.7 0.0 0.3 

18 Ni (0.706) Nb (0.140) Cs (0.661) Sm (0.745) Ir (0.400) 2.65 7.2 9.8 3.8 9.9 

19 Al (0.837) Nb (0.700) Rh (0.293) Ag (0.402) Hf (0.561) 2.79 9.2 12.4 8.0 13.2 

20 Ni (0.424) Rh (0.440) Ag (0.937) Ce (0.710) Ir (0.267) 2.78 5.9 7.1 2.8 8.0 

21 Ca (0.514) Nb (0.175) Ce (0.198) Sm (0.678) Bi (0.354) 1.92 3.0 -3.3 0.0 0.0 

22 Al (0.295) Ni (0.792) Ag (0.358) Sn (0.233) Cs (0.615) 2.29 2.9 -2.6 0.0 0.1 

23 Ag (0.358) Sn (0.698) Ba (0.849) Sm (0.226) Hf (0.286) 2.42 3.3 -2.9 0.0 0.0 

24 Al (0.591) V (0.158) Ni (0.528) Sm (0.678) Bi (0.354) 2.31 3.2 -3.0 0.0 0.0 

25 Ca (0.171) Ag (0.179) Sn (0.698) Sm (0.452) Bi (0.531) 2.03 3.1 -3.0 0.0 0.0 

26 Ni (0.528) Nb (0.175) Ag (0.536) Sm (0.452) Hf (0.572) 2.26 3.1 -2.6 0.0 0.3 

27 Sn (0.465) Ba (0.566) Hf (0.858) Ir (0.207) Bi (0.354) 2.45 2.7 -3.2 0.0 0.1 

28 Li (0.209) Ca (0.342) V (0.316) Au (0.325) Bi (0.531) 1.72 3.2 -3.1 0.0 0.0 

29 Al (0.591) V (0.158) Rh (0.172) Sn (0.698) Cs (0.615) 2.23 3.4 -2.7 0.0 0.1 

30 Li (0.627) Ca (0.171) Ni (0.792) Nb (0.175) Ir (0.413) 2.18 28.7 27.7 27.3 21.8 

31 V (0.316) Ni (0.264) Ag (0.536) Ce (0.395) Au (0.325) 1.84 3.3 -2.5 0.0 0.1 

32 V (0.316) Cs (0.615) Ba (0.283) Sm (0.452) Bi (0.354) 2.02 3.4 -3.1 0.0 0.0 

33 Al (0.886) Ni (0.528) Ag (0.179) Sn (0.233) Sm (0.678) 2.50 3.0 -3.2 0.0 0.1 

34 Al (0.295) Ca (0.342) Ba (0.849) Sm (0.678) Bi (0.177) 2.34 3.4 -3.4 0.0 0.0 
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35 Li (0.418) Al (0.295) Ni (0.792) Sn (0.698) Cs (0.205) 2.41 3.7 -2.7 0.0 0.4 

36 Ca (0.514) Ni (0.264) Ba (0.849) Ir (0.207) Au (0.325) 2.16 7.9 8.6 3.4 9.0 

37 Ca (0.514) V (0.316) Cs (0.205) Ba (0.283) Sm (0.678) 2.00 4.5 -3.0 0.0 0.1 

38 Ca (0.514) Nb (0.175) Rh (0.172) Cs (0.410) Ir (0.620) 1.89 11.5 15.2 9.6 15.2 

39 Ni (0.264) Sn (0.233) Ce (0.593) Sm (0.452) Hf (0.858) 2.40 2.9 -3.1 0.0 0.1 

40 Li (0.209) Ag (0.715) Sn (0.465) Au (0.163) Bi (0.354) 1.91 2.7 -3.3 0.0 0.0 

41 Li (0.612) V (0.614) Ni (0.380) Cs (0.188) Bi (0.159) 1.95 3.5 -3.2 0.0 0.1 

42 Sn (0.148) Cs (0.376) Ce (0.770) Sm (0.249) Au (0.165) 1.71 3.8 -3.1 0.0 0.1 

43 Li (0.408) Rh (0.223) Ag (0.490) Sn (0.443) Ce (0.192) 1.76 4.1 -2.1 0.1 0.8 

44 Al (0.306) V (0.205) Rh (0.446) Ba (0.589) Ce (0.385) 1.93 3.9 -1.7 0.1 0.9 

45 Al (0.459) Ni (0.569) Nb (0.128) Ag (0.163) Sn (0.295) 1.61 3.5 -2.9 0.0 0.1 

46 Ag (0.327) Sn (0.148) Cs (0.376) Hf (0.386) Au (0.331) 1.57 3.1 -3.1 0.0 0.1 

47 Li (0.408) V (0.410) Ni (0.569) Rh (0.223) Ag (0.327) 1.94 6.1 4.1 1.3 5.3 

48 Ca (0.531) V (0.410) Nb (0.128) Hf (0.257) Ir (0.288) 1.61 3.5 -3.0 0.0 0.2 

49 Al (0.306) Ca (0.531) Sn (0.148) Cs (0.188) Ba (0.589) 1.76 4.1 -3.3 0.0 0.1 

50 Li (0.408) Ca (0.354) Ce (0.577) Ir (0.144) Au (0.331) 1.81 10.6 13.4 6.9 13.4 

51 V (0.205) Nb (0.384) Ag (0.327) Cs (0.376) Bi (0.317) 1.61 3.5 -3.0 0.0 0.1 

52 Al (0.459) Rh (0.223) Ag (0.490) Sm (0.249) Au (0.165) 1.59 4.7 0.4 0.9 2.5 

53 Li (0.408) Ca (0.354) Ni (0.759) Hf (0.129) Ir (0.144) 1.79 28.0 26.2 26.5 21.2 

54 Nb (0.384) Sn (0.295) Ba (0.392) Ce (0.385) Ir (0.144) 1.60 4.0 -2.9 0.0 0.2 

55 Ca (0.177) Ni (0.380) Ba (0.392) Sm (0.249) Bi (0.476) 1.67 3.7 -3.6 0.0 0.1 

56 Al (0.153) Ca (0.531) Ag (0.327) Sn (0.443) Au (0.165) 1.62 3.6 -3.3 0.0 0.1 

57 Al (0.306) Nb (0.511) Ce (0.385) Hf (0.129) Ir (0.144) 1.47 5.7 3.8 1.3 5.0 

58 V (0.205) Ni (0.569) Cs (0.564) Ba (0.392) Bi (0.159) 1.89 3.6 -2.8 0.0 0.2 

59 Li (0.612) Ni (0.190) Sn (0.148) Sm (0.373) Bi (0.317) 1.64 3.5 -3.0 0.0 0.1 

60 Al (0.313) Ca (0.166) Sn (0.786) Ce (0.642) Au (0.203) 2.11 5.1 -1.5 0.0 0.1 

61 Ca (0.332) Ag (0.352) Cs (0.810) Hf (0.195) Bi (0.191) 1.88 5.2 -1.0 0.0 0.1 

62 Rh (0.221) Ag (0.352) Sm (0.693) Ir (0.500) Bi (0.191) 1.96 5.2 -1.6 0.0 0.1 

63 Nb (0.726) Ag (0.176) Ba (0.707) Ce (0.214) Hf (0.389) 2.21 5.3 -1.5 0.0 0.1 

64 Li (0.231) V (0.661) Ni (0.804) Rh (0.221) Bi (0.382) 2.30 5.6 -1.2 0.0 0.1 

65 Al (0.627) Ca (0.166) Rh (0.221) Ag (0.352) Ce (0.428) 1.79 14.4 17.8 10.5 16.2 

66 Ni (0.536) Nb (0.726) Sn (0.524) Ba (0.471) Hf (0.195) 2.45 5.1 -1.6 0.0 0.1 

67 V (0.441) Nb (0.968) Sm (0.173) Ir (0.250) Au (0.407) 2.24 5.5 -1.1 0.1 0.4 

68 Al (0.157) Ca (0.332) V (0.441) Au (0.203) Bi (0.765) 1.90 5.5 -1.9 0.0 0.0 

69 Li (0.463) Ni (0.268) Nb (0.242) Ba (0.707) Ir (0.750) 2.43 18.2 24.8 15.6 22.1 

70 Ca (0.497) Rh (0.221) Ba (0.471) Ce (0.642) Bi (0.191) 2.02 4.9 -1.6 0.0 0.1 

71 Li (0.463) Rh (0.221) Sn (0.786) Cs (0.607) Bi (0.191) 2.27 4.9 -1.3 0.0 0.1 

72 Al (0.470) Nb (0.484) Rh (0.221) Ce (0.428) Hf (0.389) 1.99 21.7 29.8 20.8 27.3 

73 Ca (0.166) Ag (0.352) Sn (0.786) Sm (0.520) Au (0.203) 2.03 5.5 -2.2 0.0 0.0 

74 Al (0.470) Cs (0.405) Sm (0.520) Hf (0.195) Au (0.203) 1.79 5.7 -1.5 0.0 0.1 

75 Li (0.463) Al (0.470) Ca (0.166) V (0.661) Au (0.203) 1.96 5.4 -1.6 0.0 0.0 

76 Ni (0.268) Ag (0.176) Sn (0.786) Cs (0.405) Ce (0.642) 2.28 4.9 -1.4 0.0 0.1 

77 Li (0.463) Ca (0.332) Nb (0.484) Ag (0.352) Sm (0.347) 1.98 4.9 -1.7 0.0 0.1 

78 V (0.441) Ni (0.536) Ag (0.176) Sm (0.520) Bi (0.382) 2.05 5.1 -1.7 0.0 0.0 

79 Al (0.218) Ni (0.166) Nb (0.708) Sn (0.373) Sm (0.238) 1.70 4.4 -2.2 0.0 0.1 

80 Li (0.485) V (0.244) Rh (0.203) Cs (0.517) Ce (0.741) 2.19 4.5 -0.9 0.0 0.2 
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81 Li (0.728) V (0.733) Nb (0.177) Cs (0.259) Sm (0.476) 2.37 4.8 -1.7 0.0 0.1 

82 Al (0.218) Ca (0.449) V (0.977) Sn (0.124) Ir (0.344) 2.11 4.7 -1.3 0.0 0.2 

83 Al (0.218) Ca (0.449) Nb (0.708) Ag (0.451) Sm (0.238) 2.06 4.5 -1.6 0.0 0.2 

84 Li (0.243) Ca (0.674) Ba (0.621) Sm (0.714) Au (0.217) 2.47 4.1 -2.1 0.0 0.1 

85 Ca (0.674) Rh (0.203) Ag (0.226) Cs (0.776) Sm (0.476) 2.35 10.6 13.4 5.9 12.1 

86 V (0.489) Sn (0.248) Ce (0.370) Ir (0.344) Bi (0.444) 1.90 4.5 -1.9 0.0 0.1 

87 Ni (0.332) Nb (0.177) Ag (0.451) Ba (0.311) Ce (0.741) 2.01 5.0 -1.5 0.1 0.7 

88 Ca (0.449) Ni (0.332) Rh (0.203) Sn (0.497) Au (0.217) 1.70 5.0 -1.7 0.0 0.2 

89 Li (0.485) V (0.733) Ag (0.226) Ba (0.621) Bi (0.444) 2.51 4.9 -2.2 0.0 0.1 

90 Li (0.485) Al (0.654) Rh (0.203) Sn (0.248) Au (0.434) 2.02 5.3 0.8 0.2 1.7 

91 Li (0.243) V (0.244) Ag (0.226) Sn (0.373) Ir (0.689) 1.77 4.8 -0.7 0.1 0.6 

92 Li (0.728) Al (0.436) Rh (0.203) Ag (0.451) Au (0.434) 2.25 4.8 -1.5 0.1 0.4 

93 Li (0.728) Al (0.436) V (0.244) Ce (0.370) Au (0.434) 2.21 5.0 -1.9 0.0 0.2 

94 Ni (0.498) Nb (0.354) Ag (0.451) Ce (0.370) Sm (0.238) 1.91 5.4 -1.4 0.1 0.4 

95 V (0.489) Nb (0.354) Rh (0.203) Sm (0.476) Au (0.650) 2.17 5.2 0.5 0.2 1.5 

96 Ca (0.449) Ni (0.664) Nb (0.177) Sn (0.248) Bi (0.222) 1.76 4.3 -2.0 0.0 0.1 

97 Ca (0.225) Nb (0.531) Ag (0.451) Cs (0.517) Ba (0.621) 2.35 4.2 -2.2 0.0 0.2 

98 Ca (0.225) Rh (0.203) Cs (0.517) Ir (0.344) Bi (0.888) 2.18 4.0 -2.2 0.0 0.1 

99 Ba (0.654) Ce (0.211) Sm (0.153) Hf (0.220) Au (0.519) 1.76 4.9 -2.5 0.0 0.2 

100 Al (0.232) Nb (0.204) Cs (0.242) Ce (1.267) Hf (0.220) 2.16 4.2 -2.7 0.0 0.2 

101 Li (0.692) Sn (0.203) Cs (1.088) Hf (0.329) Ir (0.114) 2.43 4.7 -2.6 0.0 0.2 

102 V (0.926) Ni (0.379) Nb (0.204) Ba (0.374) Ir (0.455) 2.34 4.8 -2.8 0.0 0.2 

103 Li (0.138) Sn (1.521) Ce (0.106) Hf (0.220) Au (0.074) 2.06 4.6 -3.1 0.0 0.1 

104 Rh (0.227) Sn (0.608) Cs (0.363) Ba (0.374) Au (0.371) 1.94 4.1 -3.0 0.0 0.2 

105 Nb (0.816) Sn (0.203) Ce (0.317) Sm (0.076) Bi (0.159) 1.57 4.6 -2.8 0.0 0.1 

106 Rh (0.227) Cs (0.846) Hf (0.549) Ir (0.341) Au (0.223) 2.19 9.6 9.0 4.4 9.1 

107 Li (0.553) Nb (0.612) Rh (0.113) Ag (0.821) Ba (0.093) 2.19 4.8 -2.0 0.3 0.7 

108 Li (0.830) Al (0.232) Sn (0.811) Ba (0.187) Ce (0.211) 2.27 4.4 -2.7 0.0 0.1 

109 Li (0.415) Rh (0.227) Cs (1.329) Ce (0.211) Au (0.148) 2.33 7.9 7.0 2.6 7.4 

110 Nb (1.020) Rh (0.113) Ba (0.187) Ce (0.633) Hf (0.110) 2.06 20.5 27.9 19.7 26.9 

111 Ca (0.774) Nb (0.714) Ba (0.187) Ce (0.211) Bi (0.219) 2.11 4.4 -3.3 0.0 0.2 

112 Li (0.830) Ni (0.253) Rh (0.113) Cs (0.483) Ba (0.654) 2.33 15.2 19.9 11.1 18.8 

113 Ca (0.442) V (0.529) Ni (1.010) Rh (0.227) Ir (0.227) 2.44 4.7 -2.6 0.1 0.4 

114 Al (0.232) Ni (0.126) Sn (0.507) Ir (1.023) Au (0.223) 2.11 5.2 -0.8 0.1 1.3 

115 Sn (0.304) Cs (0.242) Ba (0.841) Hf (0.439) Bi (0.071) 1.90 4.4 -2.7 0.0 0.2 

116 Li (1.798) V (0.265) Ag (0.205) Cs (0.121) Ir (0.227) 2.62 5.7 1.2 0.7 2.9 

117 Li (0.415) V (0.529) Rh (0.227) Cs (0.725) Hf (0.549) 2.44 4.3 -2.9 0.0 0.2 

118 Li (0.433) Ag (0.469) Cs (0.160) Ba (0.380) Hf (0.424) 1.87 4.2 -1.8 0.1 0.2 

119 Ni (0.886) Sn (0.633) Cs (0.160) Ir (0.092) Bi (0.106) 1.88 3.9 -1.6 0.0 0.2 

120 Li (0.649) Al (0.193) Ni (0.354) Ce (0.575) Au (0.057) 1.83 9.8 12.3 5.0 10.9 

121 V (0.854) Rh (0.314) Ce (0.411) Sm (0.073) Ir (0.367) 2.02 19.3 27.0 18.3 25.4 

122 Ca (0.181) Nb (0.089) Cs (0.400) Ba (0.951) Hf (0.212) 1.83 4.4 -2.1 0.0 0.1 

123 Al (0.096) Ni (0.975) Cs (0.160) Sm (0.365) Ir (0.092) 1.69 30.5 27.9 28.1 20.3 

124 Li (0.865) V (0.244) Ba (0.380) Sm (0.292) Bi (0.271) 2.05 4.3 -1.6 0.0 0.2 

125 Ca (0.271) Ag (0.703) Sn (0.311) Cs (0.080) Ir (0.367) 1.73 4.2 -1.9 0.0 0.2 

126 Cs (0.320) Ce (0.411) Sm (0.365) Hf (0.212) Au (0.226) 1.53 4.4 -1.9 0.0 0.1 
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127 Nb (0.089) Ag (0.469) Ba (0.665) Ce (0.082) Au (0.283) 1.59 4.8 -1.8 0.0 0.1 

128 Al (0.193) Ni (0.620) Nb (0.626) Rh (0.105) Ir (0.275) 1.82 22.2 28.5 21.6 25.8 

129 Li (0.433) Ca (0.090) Ni (0.266) Sn (0.279) Bi (0.093) 1.16 4.4 -2.0 0.0 0.2 

130 Al (0.289) Nb (0.268) Rh (0.314) Ag (0.625) Hf (0.318) 1.81 11.2 13.1 8.5 12.7 

131 Ca (0.903) Cs (0.320) Ce (0.329) Sm (0.073) Au (0.057) 1.68 4.0 -1.8 0.1 0.3 

132 Ni (0.798) Sn (0.122) Cs (0.240) Hf (0.424) Bi (0.122) 1.71 4.7 -2.0 0.0 0.2 

133 Al (0.193) Ca (0.181) Rh (0.418) Sn (0.332) Ce (0.657) 1.78 5.0 -0.6 0.1 0.8 

134 V (0.366) Cs (0.720) Sm (0.219) Ir (0.183) Au (0.170) 1.66 4.3 -2.1 0.0 0.2 

135 Li (0.865) Al (0.193) Ni (0.443) Cs (0.080) Hf (0.424) 2.01 34.0 29.4 30.5 20.8 

136 Ni (0.089) Ce (0.164) Sm (0.877) Ir (0.367) Au (0.057) 1.55 11.2 14.9 6.7 13.4 

137 Ca (0.632) Nb (0.089) Rh (0.105) Hf (0.424) Bi (1.176) 2.43 4.4 -1.7 0.0 0.1 

138 Li (0.823) Ca (0.130) V (0.613) Ce (0.254) Ir (0.373) 2.19 4.7 1.6 0.2 1.6 

139 Ca (0.130) Nb (0.405) Sn (0.869) Cs (0.411) Ir (0.093) 1.91 3.7 0.0 0.0 0.2 

140 Li (0.137) Ca (0.909) V (0.102) Rh (0.138) Cs (0.924) 2.21 3.9 -0.8 0.0 0.1 

141 Li (0.137) Ni (1.099) Rh (0.069) Ag (0.084) Ba (0.057) 1.45 8.1 9.5 3.6 8.2 

142 Cs (0.513) Ce (0.338) Hf (0.165) Ir (0.280) Bi (0.465) 1.76 4.0 -0.3 0.1 0.5 

143 Ca (0.909) Ni (0.481) Ag (0.168) Ce (0.085) Ir (0.280) 1.92 6.2 6.0 1.5 5.0 

144 Al (0.210) Sn (0.095) Ce (0.846) Hf (0.221) Ir (0.187) 1.56 4.2 0.8 0.1 1.2 

145 Al (0.105) Nb (0.243) Sn (1.572) Ba (0.057) Bi (0.393) 2.37 3.7 -0.7 0.0 0.1 

146 V (0.511) Ag (0.336) Sm (1.090) Ir (0.093) Au (0.067) 2.10 4.2 0.3 0.1 1.1 

147 Ni (0.206) Nb (0.486) Sn (0.143) Cs (0.616) Ba (0.114) 1.56 4.0 -0.9 0.0 0.1 

148 Li (0.549) V (0.307) Ag (0.840) Cs (0.103) Bi (0.064) 1.86 3.7 -0.9 0.0 0.1 

149 Al (0.315) Ca (0.649) Ni (0.069) Cs (0.924) Sm (0.242) 2.20 3.6 -1.0 0.0 0.1 

150 Al (0.525) V (0.204) Rh (0.413) Ba (0.114) Au (0.335) 1.59 3.6 -0.6 0.0 0.4 

151 Al (1.155) V (0.307) Ni (0.137) Ag (0.252) Ba (0.057) 1.91 3.7 -0.8 0.0 0.2 

152 Nb (0.486) Ba (0.057) Hf (0.165) Ir (0.373) Bi (0.165) 1.25 4.0 -0.9 0.0 0.1 

153 Al (0.105) Sn (0.265) Ba (0.398) Ce (0.254) Au (0.268) 1.29 3.9 -1.2 0.0 0.1 

154 Li (1.235) Nb (0.324) Rh (0.138) Ce (0.085) Bi (0.618) 2.40 3.7 -1.1 0.0 0.1 

155 Ca (0.519) Ag (0.252) Sn (0.446) Ce (0.254) Au (0.402) 1.87 3.4 -0.9 0.0 0.2 

156 Li (2.058) V (0.102) Ni (0.069) Ce (0.085) Sm (0.242) 2.56 3.9 -0.7 0.0 0.2 

157 Li (0.137) Ca (0.260) V (0.102) Ni (1.030) Au (0.067) 1.60 3.7 -0.8 0.0 0.1 

158 Al (0.172) Ca (0.135) Rh (0.229) Ba (0.783) Ir (0.577) 1.90 19.1 27.0 19.4 24.9 

159 V (0.331) Cs (0.112) Ce (0.104) Sm (0.813) Au (0.346) 1.71 3.5 -0.2 0.0 0.2 

160 Al (0.600) Nb (0.709) Ag (0.118) Sm (0.068) Ir (0.385) 1.88 5.0 2.7 1.2 3.1 

161 Li (0.482) Ni (0.846) Ag (0.118) Cs (0.224) Bi (0.663) 2.33 4.2 -1.0 0.0 0.1 

162 Al (0.086) Ca (0.203) Nb (0.912) Ce (0.104) Ir (0.577) 1.88 9.1 11.5 4.6 10.0 

163 Li (0.096) Ni (2.255) Nb (0.101) Rh (0.114) Ir (0.096) 2.66 37.5 31.2 32.5 25.5 

164 V (0.442) Ni (0.423) Sm (0.271) Au (0.231) Bi (1.008) 2.37 3.7 -1.1 0.0 0.1 

165 Li (0.675) Ca (0.068) Ir (0.192) Au (0.231) Bi (1.084) 2.25 3.6 -1.1 0.0 0.1 

166 Al (0.686) V (0.442) Ni (0.141) Ba (0.489) Ir (0.192) 1.95 3.8 -0.9 0.0 0.2 

167 Ca (0.203) Sn (0.412) Ba (0.293) Au (0.461) Bi (0.103) 1.47 3.7 -1.5 0.0 0.1 

168 Al (0.086) V (0.663) Ni (0.282) Nb (0.811) Rh (0.343) 2.18 23.5 29.4 23.7 25.4 

169 V (0.221) Ni (0.423) Nb (0.405) Sm (0.407) Au (0.576) 2.03 4.8 1.6 0.3 1.8 

170 Rh (0.229) Cs (0.672) Ba (0.587) Sm (0.203) Hf (0.302) 1.99 11.8 17.2 7.8 14.6 

171 Nb (0.101) Rh (0.343) Ag (0.236) Cs (0.896) Ir (0.577) 2.15 4.6 1.2 0.8 1.8 

172 Cs (0.336) Ba (0.293) Hf (0.201) Ir (0.481) Au (0.807) 2.12 6.7 6.0 2.4 5.4 
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173 Ca (0.271) Ag (0.118) Ce (0.728) Hf (0.403) Bi (0.202) 1.72 3.8 -1.0 0.0 0.2 

174 V (0.221) Ag (1.180) Cs (0.112) Ce (0.312) Ir (0.385) 2.21 4.6 2.2 0.4 2.2 

175 Li (0.482) Ca (0.203) Ce (0.104) Sm (0.474) Bi (0.064) 1.33 3.5 -0.9 0.0 0.2 

176 Rh (0.457) Ag (0.472) Sn (0.248) Ir (0.577) Au (0.461) 2.22 4.1 0.4 0.1 1.3 

177 Ca (0.203) Ba (0.293) Ce (0.936) Au (0.461) Bi (0.162) 2.06 3.8 -1.3 0.0 0.1 

178 Ca (0.053) V (0.261) Nb (0.744) Ce (0.415) Ir (0.370) 1.84 3.7 -0.2 0.1 1.0 

179 Al (0.582) V (0.087) Cs (0.808) Sm (0.593) Hf (0.159) 2.23 3.6 0.0 0.0 0.3 

180 Al (0.233) Sn (0.188) Ba (0.113) Hf (0.398) Au (0.586) 1.52 3.3 -1.0 0.0 0.2 

181 Al (0.466) Ag (0.225) Ba (1.015) Ir (0.296) Au (0.073) 2.08 4.8 1.7 1.0 2.6 

182 Cs (0.462) Ce (0.104) Sm (0.356) Hf (0.637) Au (0.293) 1.85 3.5 -1.4 0.0 0.2 

183 V (0.435) Ni (0.186) Cs (0.115) Ce (0.622) Sm (0.711) 2.07 3.6 -0.7 0.0 0.2 

184 Li (0.178) Ca (0.265) V (0.695) Ce (0.311) Ir (0.148) 1.60 3.8 -0.9 0.0 0.2 

185 Ca (0.212) V (0.261) Hf (0.080) Ir (0.666) Au (0.220) 1.44 3.7 -1.0 0.0 0.3 

186 Ni (0.093) Sn (0.406) Ba (0.451) Au (0.367) Bi (0.609) 1.93 4.0 -1.0 0.0 0.2 

187 Li (0.624) V (0.261) Ni (0.464) Rh (0.298) Ba (0.226) 1.87 4.1 -0.7 0.0 0.3 

188 V (0.087) Nb (0.213) Ba (0.226) Sm (0.711) Bi (1.292) 2.53 3.3 -1.6 0.0 0.1 

189 Li (0.357) V (0.261) Ni (0.649) Cs (0.231) Au (0.293) 1.79 3.7 -1.3 0.0 0.2 

190 Al (0.233) Nb (0.425) Ag (0.789) Cs (0.692) Au (0.073) 2.21 3.5 -1.3 0.0 0.2 

191 Li (0.178) Ni (0.278) Ag (0.451) Ba (0.789) Bi (0.328) 2.02 3.2 -1.9 0.0 0.2 

192 Al (0.233) V (0.087) Sn (0.149) Hf (0.637) Ir (0.444) 1.55 4.5 1.1 0.2 1.5 

193 Ni (0.186) Nb (0.850) Rh (0.398) Ag (0.225) Bi (0.256) 1.92 3.4 -1.3 0.0 0.2 

194 Al (0.582) Rh (0.398) Ba (0.338) Hf (0.557) Ir (0.074) 1.95 20.2 29.7 21.1 27.3 

195 Al (0.116) Ca (0.106) Hf (0.398) Au (0.513) Bi (0.383) 1.52 3.2 -1.1 0.0 0.2 

196 Al (0.815) V (0.174) Rh (0.199) Sn (0.738) Ba (0.338) 2.26 3.4 -1.2 0.0 0.3 

197 Rh (0.597) Ag (0.225) Sm (0.119) Hf (0.080) Ir (0.740) 1.76 9.2 10.2 6.7 9.9 

198 Al (0.623) Ca (0.114) Rh (0.345) Ce (0.314) Au (0.160) 1.56 18.5 29.3 19.7 26.3 

199 Nb (0.306) Ag (0.082) Sn (0.256) Ce (0.314) Hf (0.267) 1.22 1.2 0.0 0.0 0.3 

200 Ce (0.126) Hf (0.623) Ir (0.135) Au (0.480) Bi (0.281) 1.64 1.1 -0.9 0.0 0.2 

201 Li (0.210) Ca (0.229) V (0.764) Ba (0.342) Au (0.320) 1.86 0.9 -1.1 0.0 0.1 

202 V (0.109) Nb (1.019) Rh (0.259) Cs (0.294) Au (0.240) 1.92 3.0 4.2 0.9 3.8 

203 V (0.218) Rh (0.517) Cs (0.588) Ir (0.338) Au (0.080) 1.74 0.9 -0.4 0.1 0.6 

204 Ca (0.914) Ni (0.352) Nb (0.306) Rh (0.259) Ir (0.203) 2.03 18.7 29.3 20.0 26.2 

205 Li (0.140) Al (0.156) Cs (0.588) Ce (0.126) Au (0.640) 1.65 1.2 -1.0 0.0 0.1 

206 Rh (0.086) Ag (0.576) Cs (0.588) Au (0.080) Bi (0.648) 1.98 1.3 -1.1 0.0 0.1 

207 V (0.109) Ni (0.117) Nb (0.306) Cs (1.175) Hf (0.267) 1.97 1.2 -1.0 0.0 0.2 

208 Al (0.311) Ca (0.114) V (0.218) Ni (0.469) Ba (0.770) 1.88 1.2 -1.4 0.0 0.2 

209 Li (0.350) Al (0.545) Ni (0.704) Nb (0.102) Sm (0.058) 1.76 40.0 34.4 34.5 35.5 

210 Al (0.623) Ag (0.082) Ba (0.342) Ir (0.338) Au (0.160) 1.55 2.9 3.9 2.0 3.7 

211 Ba (0.513) Ce (0.063) Sm (0.289) Ir (0.203) Bi (0.183) 1.25 0.8 -0.9 0.0 0.2 

212 Rh (0.517) Ag (0.247) Cs (0.098) Sm (0.289) Hf (0.445) 1.60 13.1 21.1 13.6 19.1 

213 Li (0.280) Al (0.156) Ag (0.329) Ba (0.428) Ir (0.338) 1.53 2.2 1.3 1.3 2.3 

214 Al (0.467) Nb (0.102) Ce (0.377) Sm (0.231) Ir (0.203) 1.38 6.6 11.6 4.2 9.5 

215 Li (0.140) Ca (0.571) V (0.437) Rh (0.517) Ir (0.203) 1.87 1.1 -0.5 0.0 0.4 

216 Ca (0.229) Nb (0.510) Sn (0.372) Hf (0.356) Au (0.480) 1.95 1.2 -0.7 0.0 0.2 

217 Ca (0.343) V (0.655) Ni (0.352) Ba (0.257) Bi (0.673) 2.28 1.0 -1.3 0.0 0.1 

218 Li (0.264) Al (0.416) V (0.450) Rh (0.422) Hf (0.138) 1.69 20.1 31.4 21.2 27.7 
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219 Li (0.264) Al (0.083) Ca (0.424) Rh (0.422) Ba (1.092) 2.28 14.7 26.1 14.0 21.3 

220 Sn (0.140) Sm (0.533) Hf (0.275) Au (0.105) Bi (0.280) 1.33 2.1 0.2 0.0 0.1 

221 Al (0.333) Ca (0.706) Rh (0.316) Ag (0.077) Sm (0.747) 2.18 18.8 30.0 19.7 26.0 

222 Al (0.333) Ni (0.108) Ce (0.195) Ir (0.900) Bi (0.228) 1.76 1.7 0.1 0.0 0.2 

223 Li (0.132) Nb (0.434) Sm (0.213) Hf (0.963) Bi (0.918) 2.66 1.5 0.3 0.0 0.2 

224 Ca (0.141) Nb (1.158) Rh (0.211) Sn (0.497) Hf (0.825) 2.83 1.9 1.7 0.1 1.0 

225 Li (0.330) Nb (0.290) Ag (0.540) Ce (0.391) Sm (0.213) 1.76 1.8 0.4 0.0 0.2 

226 Al (0.166) V (0.675) Ni (0.325) Rh (0.211) Ag (0.308) 1.69 7.1 12.2 4.1 9.2 

227 Ca (0.706) Rh (0.211) Cs (0.738) Ce (0.586) Sm (0.107) 2.35 10.1 17.9 7.5 14.3 

228 Li (0.066) Ni (0.217) Sn (0.615) Cs (1.107) Hf (0.413) 2.42 1.8 0.4 0.0 0.1 

229 V (0.375) Ba (0.546) Ce (0.586) Ir (0.450) Au (0.105) 2.06 1.3 0.0 0.0 0.3 

230 Ni (0.325) Rh (0.843) Cs (0.492) Ce (0.195) Ir (0.337) 2.19 18.4 29.8 19.3 25.9 

231 Ag (0.231) Ce (0.586) Sm (0.747) Hf (0.413) Ir (0.112) 2.09 5.2 9.1 2.3 6.8 

232 Li (0.595) Al (0.333) Cs (0.246) Ce (0.098) Bi (0.132) 1.40 1.9 -0.1 0.0 0.1 

233 Ag (0.231) Cs (0.369) Ba (0.136) Hf (0.825) Ir (0.787) 2.35 3.3 3.5 0.9 2.6 

234 Al (0.749) Ca (0.565) Ni (0.108) Nb (0.434) Rh (0.316) 2.17 19.4 30.7 20.9 27.2 

235 Ni (0.325) Nb (1.014) Ag (0.077) Ba (0.409) Ir (0.675) 2.50 5.5 10.2 3.1 7.8 

236 Sn (1.044) Cs (0.246) Ce (0.488) Ir (0.675) Au (0.105) 2.56 1.6 0.0 0.0 0.3 

237 Sm (0.640) Hf (1.100) Ir (0.112) Au (0.105) Bi (0.636) 2.59 1.3 -0.1 0.0 0.1 

238 V (0.585) Ag (0.073) Ce (0.419) Hf (0.676) Au (0.471) 2.22 1.5 0.3 0.1 0.1 

239 Al (0.160) V (0.227) Ni (0.285) Ba (0.167) Hf (0.078) 0.92 1.0 1.2 0.0 0.2 

240 Nb (1.069) Ag (1.097) Ba (0.053) Hf (0.249) Ir (0.354) 2.82 1.0 0.3 0.3 0.5 

241 Cs (0.200) Ba (1.096) Sm (0.698) Au (0.152) Bi (1.192) 3.34 1.2 -0.1 0.0 0.1 

242 Al (0.283) V (0.036) Rh (0.564) Ce (0.075) Ir (0.578) 1.54 9.3 16.8 7.7 13.7 

243 Al (0.092) Ca (0.381) Nb (0.368) Ag (0.117) Ir (0.253) 1.21 1.8 1.9 0.5 1.5 

244 Ca (0.037) V (0.695) Rh (0.234) Ag (0.097) Sm (0.781) 1.84 1.4 1.2 0.1 0.7 

245 Rh (0.229) Sn (0.500) Ce (0.134) Sm (0.595) Au (0.480) 1.94 1.5 0.9 0.1 0.7 

246 Al (0.440) Nb (0.425) Ag (0.536) Hf (0.321) Au (0.540) 2.26 1.1 -0.4 0.1 0.2 

247 Li (1.013) Al (0.348) Cs (0.619) Sm (0.849) Bi (0.202) 3.03 1.4 -0.2 0.0 0.1 

248 Li (0.600) Sn (1.059) Ir (1.119) Au (0.182) Bi (0.495) 3.45 1.3 0.3 0.0 0.1 

249 Ni (0.626) Sn (0.465) Ba (0.040) Hf (0.580) Bi (0.728) 2.44 1.0 -0.1 0.0 0.2 

250 Li (0.193) Al (0.550) V (0.443) Nb (0.552) Ag (0.210) 1.95 1.3 0.1 0.0 0.2 

251 Li (0.358) V (0.158) Nb (0.113) Sn (0.350) Ce (0.049) 1.03 1.1 0.2 0.0 0.2 

252 Ni (0.662) Nb (0.055) Rh (0.372) Au (1.188) Bi (0.913) 3.19 1.3 -0.1 0.0 0.2 

253 Li (0.556) Ca (0.458) Rh (0.481) Sn (0.394) Sm (0.200) 2.09 2.2 2.0 0.1 1.0 

254 Ca (0.296) V (0.298) Ce (0.198) Sm (0.257) Hf (0.041) 1.09 1.3 0.0 0.0 0.2 

255 Ni (0.973) Nb (0.351) Ag (0.697) Cs (0.114) Ba (0.974) 3.11 1.4 0.8 0.0 0.3 

256 Al (0.164) Nb (0.147) Rh (0.524) Cs (0.446) Ir (0.161) 1.44 14.1 21.3 15.4 19.0 

257 Ni (3.500)     3.50 46.8 35.7 39.0 33.6 

258 Ni (0.704)     0.70 30.3 29.9 29.5 20.2 

259 Ni (0.443)     0.44 19.1 30.8 18.4 22.5 

260 Ni (1.750)     1.75 41.2 35.1 34.1 26.1 

261 Ni (2.625)     2.63 43.1 35.6 36.1 30.8 

262 Li (0.350) Al (0.545) Ni (0.704) Nb (0.102) Sm (0.058) 1.76 36.3 32.4 31.7 20.1 

263 Li (0.350) Al (0.545) Ni (0.704) Nb (0.102)  1.70 36.2 32.1 33.1 19.4 

264 Li (0.350) Al (0.545) Ni (0.704) Sm (0.058)  1.66 28.5 30.0 27.8 21.4 
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265 Li (0.350) Ni (0.704) Nb (0.102) Sm (0.058)  1.21 34.2 30.9 30.4 18.7 

266 Al (0.545) Ni (0.704) Nb (0.102) Sm (0.058)  1.41 31.9 30.0 29.9 19.8 

267 Li (0.350) Ni (0.704)    1.05 33.7 30.1 31.2 19.4 

268 Al (0.545) Ni (0.704)    1.25 26.8 31.0 26.8 22.2 

269 Ni (0.704) Nb (0.102)    0.81 32.8 30.7 30.4 19.8 

270 Ni (0.704) Sm (0.058)    0.76 31.5 30.2 29.9 19.6 

271 Li (0.350) Al (0.545) Ni (0.704)   1.60 29.6 30.2 28.9 21.0 

272 Li (0.350) Ni (0.704) Nb (0.102)   1.16 35.4 31.6 30.8 19.8 

273 Li (0.350) Ni (0.704) Sm (0.058)   1.11 34.0 30.5 31.7 19.4 

274 Al (0.545) Ni (0.704) Nb (0.102)   1.35 32.9 31.7 30.5 20.0 

275 Al (0.545) Ni (0.704) Sm (0.058)   1.31 23.7 29.2 23.3 20.9 

276 Ni (0.704) Nb (0.102) Sm (0.058)   0.86 31.4 30.9 30.0 20.2 

277 Li (0.350) Al (0.545) Nb (0.102) Sm (0.058)  1.05 -0.2 -0.1 0.1 0.2 

278 Cs (0.500)     0.50 0.8 0.6 0.1 0.2 

279 Ir (3.500)     3.50 16.1 28.2 16.1 23.3 

280 Li (0.500)     0.50 -0.1 -0.2 0.1 0.2 

281 Cs (0.500) Ba (3.000)    3.50 0.4 0.1 0.1 0.2 

282 Ir (3.000) Au (0.500)    3.50 18.5 29.8 20.2 26.0 

283 Sm (3.500)     3.50 0.5 0.8 0.1 0.5 

284 Rh (0.500) Ir (2.000)    2.50 19.1 31.1 20.6 26.9 

285 Ca (0.500) Cs (0.500) Ba (0.500)   1.50 0.3 -0.1 0.0 0.2 

286 Ir (1.000) Au (2.000)    3.00 13.8 20.4 16.1 18.8 

287 Sn (0.500) Cs (0.500) Sm (2.500)   3.50 0.3 0.1 0.0 0.2 

288 Ir (2.000) Au (0.500)    2.50 18.3 28.8 20.0 25.2 

289 Cs (0.500) Ba (0.500) Sm (0.500)   1.50 0.4 0.3 0.1 0.2 

290 Ag (0.500) Ir (2.000) Au (1.000)   3.50 10.4 17.5 11.8 15.4 

291 Ir (2.500) Au (1.000)    3.50 17.9 28.7 19.6 25.0 

292 Li (0.500) Cs (3.000)    3.50 0.4 0.2 0.1 0.3 

293 Ir (1.500) Au (1.000)    2.50 17.1 26.9 18.8 23.7 

294 Rh (3.000) Ir (0.500)    3.50 19.0 31.0 21.1 27.0 

295 Bi (2.500)     2.50 0.1 0.2 0.0 0.2 

296 Ag (3.500)     3.50 0.1 -0.1 0.0 0.3 

297 Rh (1.500) Au (0.500)    2.00 15.9 24.6 17.9 21.9 

298 Cs (3.500)     3.50 0.1 3.3 0.1 0.8 

299 Ba (0.500)     0.50 0.4 2.0 0.1 0.5 

300 Nb (0.500)     0.50 0.5 2.3 0.1 0.4 

301 Cs (3.000) Hf (0.500)    3.50 0.3 2.1 0.0 0.4 

302 Cs (2.000) Au (0.500)    2.50 0.3 1.6 0.0 0.5 

303 Nb (3.500)     3.50 0.4 1.4 0.1 0.3 

304 Sm (0.500)     0.50 0.4 1.5 0.1 0.3 

305 Au (0.500)     0.50 0.7 1.7 0.1 0.3 

306 Cs (1.000)     1.00 0.7 2.0 0.0 0.3 

307 Ba (2.500)     2.50 0.0 1.5 0.0 0.3 

308 Ni (0.500) Cs (3.000)    3.50 -2.3 1.8 0.0 0.6 

309 Ce (2.000)     2.00 -2.0 2.0 0.0 0.6 

310 Al (0.500) V (2.500) Nb (0.500)   3.50 -1.7 1.6 0.1 0.5 
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311 Al (1.000)     1.00 -2.3 1.7 0.1 0.5 

312 Cs (1.500) Ce (0.500) Sm (0.500)   2.50 -2.1 2.6 0.0 0.7 

313 V (0.500) Cs (2.000) Ba (1.000)   3.50 -1.9 2.0 0.0 0.4 

314 Ce (0.500)     0.50 -2.2 1.8 0.0 0.4 

315 Sn (1.500) Cs (1.000) Ba (1.000)   3.50 -2.2 2.3 0.0 0.6 

316 Ca (0.500)     0.50 -2.0 1.8 0.1 0.5 

317 Cs (3.000) Ce (0.500)    3.50 -2.1 2.3 0.0 0.5 

318 Sn (0.500)     0.50 -3.3 2.8 0.0 1.2 

319 Cs (3.000) Sm (0.500)    3.50 -3.2 3.1 0.0 0.7 

320 Cs (0.500) Sm (0.500)    1.00 -3.8 2.4 0.1 1.2 

321 Li (1.500) Cs (0.500)    2.00 -3.7 2.2 0.0 0.5 

322 Sn (3.500)     3.50 -3.4 2.5 0.0 0.5 

323 Sn (0.500) Cs (3.000)    3.50 -4.0 2.4 0.0 0.5 

324 Bi (0.500)     0.50 -3.9 2.6 0.0 0.7 

325 Nb (1.000)     1.00 -3.8 2.4 0.0 0.6 

326 Li (0.500) Al (0.500) Cs (1.000) Ba (1.000) Sm (0.500) 3.50 -3.4 3.0 0.0 0.7 

327 Li (1.000) Sm (0.500)    1.50 -3.8 2.4 0.1 0.5 

328 Rh (0.500)     0.50 17.6 33.6 20.0 27.6 

329 V (0.500)     0.50 -3.2 2.8 0.1 0.7 

330 Ni (0.500) Cs (2.000) Ba (0.500) Hf (0.500)  3.50 -3.6 2.4 0.0 0.7 

331 Rh (0.500) Cs (2.000)    2.50 -0.7 10.5 1.6 6.6 

332 Rh (1.000)     1.00 18.0 33.8 20.4 28.2 

333 Rh (1.500)     1.50 18.7 34.7 20.5 28.1 

334 V (0.500) Nb (0.500)    1.00 -3.8 2.4 0.1 0.5 

335 Nb (0.500) Rh (0.500)    1.00 18.7 34.8 20.3 28.2 

336 Rh (0.500) Cs (3.000)    3.50 -1.7 8.2 0.8 4.6 

337 Li (2.000) V (0.500) Ni (0.500) Nb (0.500)  3.50 32.2 36.1 28.6 22.6 

338 Cs (3.000) Ba (0.500)    3.50 -1.7 6.0 0.1 47.6 

339 Cs (1.500) Ba (0.500)    2.00 -4.3 4.3 0.1 2.1 

340 Cs (2.000)     2.00 -1.8 6.1 0.1 74.6 

341 Ca (1.500)     1.50 -4.2 4.2 0.1 2.4 

342 Au (1.500)     1.50 -4.3 4.6 0.1 5.5 

343 Cs (2.000) Au (1.500)    3.50 -4.3 4.1 0.0 1.9 

344 Li (0.500) Au (0.500)    1.00 -4.3 4.1 0.1 1.3 

345 Li (1.500)     1.50 -5.0 3.0 0.1 1.5 

346 Ca (3.000)     3.00 -4.8 3.0 0.1 1.4 

347 Cs (1.500) Ba (0.500) Sm (1.000) Au (0.500)  3.50 -4.4 3.4 0.0 1.8 

348 Ni (0.500) Au (0.500)    1.00 24.0 33.4 19.5 24.4 

349 Hf (1.500) Ir (2.000)    3.50 19.1 36.3 17.1 30.1 

350 Ni (0.500) Au (1.500)    2.00 21.5 34.0 18.0 25.9 

351 Nb (0.500) Rh (0.500) Ir (0.500) Au (2.000)  3.50 18.3 35.2 16.7 29.1 

352 Hf (2.500) Ir (1.000)    3.50 17.2 33.7 15.8 28.2 

353 Li (0.500) Ni (0.500) Au (1.500)   2.50 23.5 34.1 18.8 25.5 

354 Ni (0.500) Ir (0.500) Au (2.000)   3.00 18.2 34.3 15.5 27.4 

355 Ni (0.500) Ag (0.500) Au (1.000)   2.00 -2.5 7.5 0.8 5.2 

356 Ba (1.500) Sm (0.500) Ir (0.500) Au (1.000)  3.50 5.9 20.7 6.1 15.7 
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357 Ce (0.500) Ir (1.500) Au (1.500)   3.50 18.1 35.0 16.1 29.1 

358 K (3.500)     3.50 -2.3 0.5 0.0 0.3 

359 Mn (0.500)     0.50 -2.0 1.1 0.1 0.5 

360 Ca (0.500) Mn (3.000)    3.50 -2.3 0.9 0.0 0.5 

361 K (2.500) Mn (1.000)    3.50 -2.5 0.7 0.0 0.7 

362 K (3.000) Nb (0.500)    3.50 -1.8 1.0 0.0 0.3 

363 K (3.000) Au (0.500)    3.50 -2.1 1.3 0.0 0.3 

364 K (3.000) Mn (0.500)    3.50 -2.0 0.8 0.0 0.3 

365 K (2.500) Mn (0.500) Ga (0.500)   3.50 -1.8 1.4 0.1 0.8 

366 Mn (3.000) Ga (0.500)    3.50 -1.9 0.8 0.0 0.4 

367 K (0.500) Mn (2.500) Ga (0.500)   3.50 -1.9 1.0 0.0 0.4 

368 K (3.000) Ir (0.500)    3.50 2.8 11.4 2.5 7.9 

369 K (2.500) Rh (0.500) Ir (0.500)   3.50 7.8 18.7 7.7 14.6 

370 K (1.000) Ir (2.500)    3.50 15.4 28.3 16.9 24.5 

371 K (1.500) Nb (0.500) Rh (0.500) Ir (1.000)  3.50 11.6 24.1 12.0 19.9 

372 K (2.000) Rh (1.500)    3.50 12.1 24.7 12.1 20.6 

373 K (0.500) Pd (2.000)    2.50 11.0 21.4 11.9 18.1 

374 K (1.000) Rh (0.500) W (0.500) Ir (1.000)  3.00 7.7 19.2 7.5 15.1 

375 Al (0.500) Mn (2.500) Au (0.500)   3.50 -2.0 0.9 0.1 0.5 

376 K (0.500) Nb (0.500) Ir (2.500)   3.50 16.1 29.6 16.9 24.9 

377 Li (1.000) K (2.000) Ir (0.500)   3.50 3.3 11.9 3.0 8.5 

378 Ni (1.000) W (2.500)    3.50 -3.0 1.0 0.1 0.7 

379 Mn (0.500) Nb (1.000) W (2.000)   3.50 -3.3 0.5 0.0 0.6 

380 Pd (0.500)     0.50 5.9 10.5 9.5 9.6 

381 K (1.000) Nb (0.500) W (2.000)   3.50 -2.6 1.0 0.0 0.5 

382 Mn (3.500)     3.50 -2.9 0.4 0.1 0.5 

383 Mg (0.500) Nb (1.000) W (2.000)   3.50 -2.6 1.3 0.0 23.2 

384 Mn (3.000) Cu (0.500)    3.50 -2.5 0.4 0.0 0.8 

385 Mn (0.500) Nb (0.500) Hf (0.500) W (2.000)  3.50 -2.0 0.9 0.0 0.5 

386 Mn (1.000) Ni (1.000) W (0.500) Ir (1.000)  3.50 18.4 31.4 19.6 27.1 

387 Mn (1.500) Ir (0.500)    2.00 11.1 23.9 11.6 19.8 

388 K (0.500)     0.50 -3.0 0.3 0.1 0.6 

389 Al (0.500) K (3.000)    3.50 -2.7 0.5 0.0 0.6 

390 K (1.000) Nb (0.500) Rh (1.000) Pd (0.500)  3.00 15.7 29.5 17.3 26.1 

391 Rh (2.500) W (0.500)    3.00 18.3 33.0 19.8 28.4 

392 Nb (0.500) Hf (0.500) W (2.000) Ir (0.500)  3.50 -1.8 2.0 0.5 1.8 

393 Al (1.500) Mn (1.500) Ga (0.500)   3.50 -2.3 0.8 0.1 0.6 

394 K (3.000) Pd (0.500)    3.50 1.6 9.7 2.1 7.3 

395 Mn (2.000) Cu (0.500) Rh (0.500) Hf (0.500)  3.50 16.6 30.3 17.6 26.1 

396 Li (0.500) Rh (2.000) Pd (0.500) Ir (0.500)  3.50 16.8 30.1 18.6 26.1 

397 Al (0.500) Mn (2.000) Ni (1.000)   3.50 37.6 40.3 28.5 42.4 

398 K (0.500) Au (3.000)    3.50 -1.7 1.2 0.0 0.2 

399 W (0.500)     0.50 -1.1 1.0 0.0 0.2 

400 Au (3.500)     3.50 -1.1 1.0 0.1 0.4 

401 Al (0.500) K (0.500) Ca (0.500)   1.50 -1.0 0.4 0.0 0.2 

402 Mg (0.500) K (2.000)    2.50 -1.1 0.7 0.0 0.2 
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403 Al (0.500) K (0.500) Au (2.500)   3.50 -0.7 1.1 0.0 0.3 

404 W (0.500) Ir (3.000)    3.50 17.7 31.5 19.3 26.7 

405 Mg (0.500) Ca (1.000)    1.50 -0.3 1.2 0.0 0.2 

406 Mg (0.500) Al (1.000)    1.50 -0.8 0.7 0.1 0.2 

407 Ni (0.500) W (0.500)    1.00 12.9 22.7 14.2 19.1 

408 W (1.500) Ir (0.500)    2.00 2.2 8.1 2.3 5.6 

409 K (1.000) Rh (0.500) Au (2.000)   3.50 7.6 14.9 8.7 12.1 

410 Al (0.500) Ca (0.500) Ga (0.500)   1.50 -0.8 1.2 0.1 0.4 

411 Mn (1.000)     1.00 -0.6 1.8 0.4 0.8 

412 Ir (1.000)     1.00 13.5 22.6 17.0 20.6 

413 Hf (0.500) Ir (1.500) Au (1.000)   3.00 16.1 28.5 17.3 24.0 

414 Pd (0.500) Au (3.000)    3.50 5.9 11.6 7.2 9.4 

415 K (2.500) Ni (0.500) Ga (0.500)   3.50 -1.0 1.4 0.0 0.2 

416 Ga (0.500)     0.50 -1.0 0.7 0.0 0.3 

417 K (0.500) Ni (1.000) Cu (0.500) Ga (1.500)  3.50 1.0 6.8 1.0 4.2 

418 Ni (2.500) Pd (1.000)    3.50 34.3 34.1 28.9 19.4 

419 Al (0.500) Ni (2.500) Cu (0.500)   3.50 20.4 29.0 19.6 22.2 

420 Ni (2.000) Ga (1.000) Rh (0.500)   3.50 16.8 28.6 16.8 24.3 

421 Ni (2.500) Cu (0.500)    3.00 22.2 29.4 21.1 21.3 

422 Ni (2.000) Pd (0.500)    2.50 35.3 35.2 28.9 38.0 

423 Mg (0.500) Ni (2.500) Cu (0.500)   3.50 20.9 28.9 20.4 22.2 

424 Al (0.500) Ni (2.000) Rh (0.500) W (0.500)  3.50 23.3 29.7 22.5 22.2 

425 Mn (2.000) Ga (0.500) Zr (1.000)   3.50 0.5 0.7 0.1 0.3 

426 Mn (1.000) Ni (1.000) Ga (0.500)   2.50 18.4 30.1 18.9 25.5 

427 Mg (0.500) Ni (2.500) Nb (0.500)   3.50 41.9 35.4 33.0 24.9 

428 Ni (1.500) Ga (2.000)    3.50 17.9 30.7 18.0 34.7 

429 Mn (0.500) Ni (2.000) Cu (0.500)   3.00 20.4 27.7 19.2 20.4 

430 Ni (0.500) Ga (0.500) Rh (1.000)   2.00 16.5 25.3 15.3 22.5 

431 Ni (1.500) Ga (0.500) Rh (0.500) Pd (0.500)  3.00 17.5 29.4 18.0 25.4 

432 Ni (1.000) Zr (0.500) Rh (1.500)   3.00 18.6 31.0 18.9 26.4 

433 Ni (2.500) Cu (0.500) Nb (0.500)   3.50 23.4 29.3 20.0 19.6 

434 Mn (1.000) Ni (1.000) Ga (1.500)   3.50 13.3 22.9 12.2 18.5 

435 Mn (0.500) Ni (2.500) Ga (0.500)   3.50 18.5 28.8 18.6 24.2 

436 Al (0.500) Ni (2.500) Nb (0.500)   3.50 42.4 37.0 34.2 32.2 

437 Mn (2.000) Ni (0.500) Ga (1.000)   3.50 12.0 21.7 10.7 17.7 

438 Pd (3.500)     3.50 16.9 27.6 17.5 23.7 

439 Co (0.500) Pd (3.000)    3.50 17.2 29.0 17.4 24.6 

440 Li (0.500) Pd (3.000)    3.50 16.5 27.0 17.2 23.3 

441 Al (0.500) Co (0.500) Ni (2.500)   3.50 40.7 40.4 29.4 40.2 

442 Pd (3.000) Ta (0.500)    3.50 15.5 20.9 15.2 19.4 

443 Li (3.000) Al (0.500)    3.50 3.1 -0.7 0.0 0.1 

444 Li (0.500) Pd (2.500) Ta (0.500)   3.50 13.3 16.0 12.6 15.4 

445 Co (0.500) Ni (1.000) Pd (2.000)   3.50 23.1 29.5 21.7 22.9 

446 Co (0.500) Mo (0.500) Pd (2.500)   3.50 15.8 23.7 13.9 20.6 

447 Li (0.500) Mn (0.500) Mo (0.500) Pd (2.000)  3.50 10.5 17.3 8.2 14.4 

448 Co (0.500) Pd (2.500)    3.00 16.7 24.0 14.7 20.4 
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449 Mn (0.500) Ni (0.500) Mo (0.500) Pd (2.000)  3.50 11.3 15.5 7.1 11.1 

450 Mn (0.500) Pd (2.500) Pt (0.500)   3.50 11.7 15.5 10.1 13.9 

451 Al (0.500) Co (1.000) Ni (1.000) Pd (1.000)  3.50 32.6 34.5 28.2 32.7 

452 Ta (1.000) Pt (2.000)    3.00 15.9 23.7 15.0 21.5 

453 Ta (2.000) Pt (1.000)    3.00 14.4 20.8 12.1 18.3 

454 Co (0.500) Ni (3.000)    3.50 46.8 37.7 35.1 35.5 

455 Li (1.500) Pd (2.000)    3.50 14.4 18.2 14.4 17.3 

456 Y (2.500) Pd (1.000)    3.50 16.2 24.2 14.7 21.4 

457 Mn (0.500) Nb (0.500) Pd (2.000) Ta (0.500)  3.50 12.1 15.7 9.7 13.4 

458 Al (0.500) Mn (0.500)    1.00 -3.7 3.0 0.1 0.4 

459 Al (0.500)     0.50 -3.5 3.4 0.1 0.4 

460 Y (1.000) W (2.500)    3.50 -3.8 3.6 0.1 0.6 

461 Al (3.500)     3.50 -4.0 3.1 0.1 0.3 

462 Y (1.000) W (1.000)    2.00 -3.5 3.9 0.1 0.3 

463 Mn (1.500)     1.50 -3.6 3.5 0.1 0.4 

464 Y (2.000) W (1.000)    3.00 -3.6 3.3 0.1 0.4 

465 Co (2.500) Rh (1.000)    3.50 31.0 35.8 29.2 21.4 

466 Al (1.000) Zn (0.500)    1.50 -3.5 3.2 0.1 0.3 

467 Y (0.500) Ta (0.500) W (1.500) Pt (0.500)  3.00 -3.8 3.9 0.1 0.5 

468 Y (1.000) Nb (1.500) Ta (0.500) W (0.500)  3.50 -3.7 4.0 0.1 0.4 

469 Y (0.500) W (3.000)    3.50 -4.1 3.3 0.1 0.4 

470 Y (3.500)     3.50 -3.1 5.3 0.3 1.5 

471 Li (1.000) Fe (0.500) W (2.000)   3.50 -4.1 3.0 0.1 0.3 

472 Al (1.500)     1.50 -3.8 3.1 0.1 0.3 

473 Ta (1.000)     1.00 -3.7 2.9 0.1 0.4 

474 Li (0.500) Nb (0.500) Mo (0.500) Pd (1.000) W (1.000) 3.50 -2.3 5.8 1.1 2.3 

475 Li (0.500) Y (1.500) Mo (1.000) W (0.500)  3.50 -4.1 3.1 0.1 0.3 

476 Li (0.500) Y (0.500) Ta (1.500) W (1.000)  3.50 -3.8 3.5 0.1 0.3 

477 Mn (0.500) Rh (0.500) W (2.500)   3.50 15.7 31.4 19.5 25.1 

478 Co (1.500) Ni (1.500) Rh (0.500)   3.50 33.5 38.5 28.1 22.2 

479 Al (0.500) Co (0.500) Ni (2.000) Rh (0.500)  3.50 26.4 34.8 24.6 22.4 

480 Fe (0.500) Co (1.500) Ni (0.500) Y (0.500) Ir (0.500) 3.50 15.0 32.1 16.4 25.3 

481 Al (1.500) Mn (0.500) Zn (1.000)   3.00 -3.6 5.6 0.9 2.0 

482 Al (0.500) Co (1.000) Ni (0.500) Rh (1.500)  3.50 18.2 35.4 19.4 27.3 

483 Al (2.000) Ni (0.500)    2.50 29.0 38.3 25.4 23.4 

484 Al (3.000) Pt (0.500)    3.50 11.5 27.1 14.1 20.7 

485 Li (0.500) Al (0.500) Co (1.000) Ni (1.000) Rh (0.500) 3.50 27.1 37.1 24.4 23.0 

486 Mn (0.500) Zn (3.000)    3.50 -4.6 3.8 0.2 0.5 

487 Al (0.500) Mn (0.500) Fe (0.500) Ni (1.500) Rh (0.500) 3.50 19.3 34.6 20.2 26.0 

488 Pt (2.500)     2.50 14.2 30.2 16.1 23.2 

489 Mn (1.000) Co (0.500) Ni (0.500) Nb (0.500)  2.50 40.4 41.9 28.6 30.7 

490 Fe (0.500) Co (1.000) Ni (2.000)   3.50 39.0 39.6 29.7 23.2 

491 Li (0.500) Al (0.500) Co (0.500) Ni (2.000)  3.50 39.8 41.2 29.3 21.6 

492 Co (2.000) Y (0.500) Rh (1.000)   3.50 24.2 36.8 23.4 23.9 

493 Al (0.500) Ni (0.500)    1.00 34.6 39.2 27.4 23.2 

494 Li (0.500) Fe (1.500) Ni (1.000) Ir (0.500)  3.50 -2.2 9.3 0.9 4.3 
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495 Al (2.000) Mn (0.500) Ni (0.500) Rh (0.500)  3.50 18.7 36.0 19.3 27.7 

496 Li (0.500) Al (1.000) Mn (1.000) Zn (1.000)  3.50 -4.9 3.7 0.2 0.6 

497 Sc (0.500) Mn (1.500) Zn (1.500)   3.50 -5.0 3.6 0.1 0.4 

498 Mn (1.000) Fe (1.500)    2.50 3.2 0.6 0.0 0.3 

499 Co (3.000) Zn (0.500)    3.50 32.4 30.3 31.6 18.7 

500 Co (0.500) Ni (0.500) Y (2.500)   3.50 18.3 28.3 18.8 23.8 

501 Li (0.500) Al (0.500) Zn (1.500) Rh (0.500) Pt (0.500) 3.50 14.0 21.1 13.2 18.1 

502 Li (1.000) Al (0.500) Sc (0.500) Fe (0.500) Y (1.000) 3.50 2.8 0.4 0.1 0.2 

503 Ta (3.500)     3.50 3.4 1.1 0.1 0.3 

504 Mn (2.000) Fe (0.500) Co (0.500) W (0.500)  3.50 2.9 0.2 0.1 0.3 

505 Co (1.000) Ni (0.500) Nb (0.500) Rh (0.500) W (1.000) 3.50 14.8 23.3 13.3 18.8 

506 Al (0.500) Sc (0.500) Mn (2.500)   3.50 3.0 0.6 0.1 0.4 

507 Co (3.000) Nb (0.500)    3.50 40.6 38.4 33.9 28.6 

508 Zn (0.500) Y (3.000)    3.50 3.3 0.5 0.1 0.3 

509 Li (1.000) Co (0.500) Mo (0.500) Ta (0.500) W (1.000) 3.50 3.6 1.3 0.0 0.2 

510 Co (0.500) Y (3.000)    3.50 3.1 0.4 0.1 1.3 

511 Y (0.500) Ta (2.500)    3.00 2.8 0.8 0.1 0.3 

512 Li (0.500) Sc (0.500) Fe (0.500) Y (1.500) Mo (0.500) 3.50 2.6 0.4 0.0 0.3 

513 Fe (0.500) Y (3.000)    3.50 3.0 0.7 0.0 0.3 

514 Al (0.500) Mo (0.500) Ta (2.000) W (0.500)  3.50 2.9 0.7 0.0 0.2 

515 Li (0.500) Fe (0.500) Mo (0.500) Ta (1.500) W (0.500) 3.50 3.1 0.8 0.0 0.3 

516 Li (0.500) Fe (1.500) Co (0.500) Mo (0.500) W (0.500) 3.50 3.4 0.0 0.0 0.3 

517 Mn (0.500) Y (3.000)    3.50 2.4 0.6 0.0 0.3 

518 Co (0.800) Zn (0.200)    1.00 3.4 0.7 0.0 0.3 

519 Co (0.800) Nb (0.200)    1.00 3.7 1.1 0.1 0.2 

520 Co (0.400)     0.40 3.0 0.6 0.1 0.3 

521 Li (0.200) Al (0.200) Co (0.200) Ni (0.600) Zn (0.400) 1.60 15.3 23.7 13.9 19.4 

522 Co (0.800) Zn (0.200) Nb (0.200)   1.20 3.3 0.7 0.0 0.2 

523 Al (0.200) Mn (0.400) Co (0.800) Nb (0.200)  1.60 2.6 1.9 0.1 0.1 

524 Al (0.200) Co (0.800)    1.00 3.3 0.3 0.0 0.2 

525 Li (0.200) Mn (0.200) Co (0.800) Nb (0.200) Mo (0.200) 1.60 3.0 0.9 0.1 0.2 

526 Mn (0.200) Fe (0.400) Co (0.400)   1.00 2.9 0.3 0.1 0.2 

527 Fe (0.200) Co (0.400) Ni (0.200) Y (0.200)  1.00 3.1 0.3 0.0 0.3 

528 Fe (0.200) Co (0.400) Ni (0.200) Zn (0.600)  1.40 2.8 -0.2 0.0 0.3 

529 Al (0.200) Sc (0.200) Fe (0.200) Co (0.600)  1.20 2.8 0.8 0.0 0.2 

530 Mn (0.200) Co (0.400) Ni (0.200) Zn (0.400) Y (0.200) 1.40 3.4 1.3 0.1 0.3 

531 Al (0.200) Sc (0.400) Mn (0.200) Co (0.400) Ni (0.200) 1.40 2.8 0.9 0.0 0.2 

532 Li (0.400) Mn (0.200) Co (0.800) Nb (0.200)  1.60 3.2 0.7 0.1 0.2 

533 Li (0.200) Mn (0.400) Co (0.600) Rh (0.200) W (0.200) 1.60 21.4 31.4 22.3 26.7 

534 Al (0.200) Co (0.800) Zn (0.200)   1.20 14.4 22.9 12.1 18.3 

535 Co (0.600) Ni (0.200)    0.80 24.3 31.0 25.1 23.4 

536 Al (0.200) Mn (0.200) Fe (0.800) Zn (0.200) Nb (0.200) 1.60 3.5 0.9 0.1 0.3 

537 Sc (0.200) Fe (0.600) Ni (0.200)   1.00 3.3 0.6 0.1 0.2 

538 Mn (0.200) Co (0.200) Ni (0.600)   1.00 -0.7 3.0 0.1 0.3 

539 Mn (0.600) Co (0.200) Ni (0.600)   1.40 -0.7 2.7 0.1 0.3 

540 Co (0.400) Ni (0.400)    0.80 18.3 30.9 19.7 23.9 
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541 Al (0.200) Ni (0.800)    1.00 23.0 32.8 23.9 23.4 

542 Ni (0.600) Rh (0.200)    0.80 19.3 33.5 21.4 26.8 

543 Li (0.400) Co (0.200) Ni (0.400) Rh (0.200) W (0.200) 1.40 19.2 33.2 21.3 26.5 

544 Mn (0.200) Fe (0.200) Co (0.200) Ni (0.400)  1.00 13.4 26.5 14.2 20.5 

545 Li (0.200) Mn (0.600) Ni (0.800)   1.60 21.2 32.9 22.8 24.4 

546 Ni (0.600) Pd (0.200)    0.80 20.4 31.4 22.1 23.7 

547 Fe (0.200) Ni (0.600)    0.80 16.0 30.1 17.6 23.4 

548 Al (0.200) Mn (0.200) Co (0.200) Ni (0.400) Nb (0.200) 1.20 -0.7 3.1 0.1 0.2 

549 Sc (0.200) Ni (0.600)    0.80 8.5 20.1 8.0 14.1 

550 Al (0.200) Mn (0.600) Co (0.400) Ni (0.200) Pd (0.200) 1.60 14.6 27.4 15.4 20.8 

551 Li (0.200) Al (0.400) Ni (0.600)   1.20 10.4 23.1 10.5 16.6 

552 Li (0.200) Al (0.200) Mn (0.400) Ni (0.600) Pd (0.200) 1.60 19.6 32.2 21.1 24.6 

553 Co (0.200) Ni (0.400)    0.60 -0.4 2.6 0.1 0.2 

554 Li (0.600) Ni (0.800)    1.40 33.3 37.2 31.1 21.3 

555 Li (0.200) Co (0.200) Ni (0.600)   1.00 26.0 34.7 26.5 38.4 

556 Mn (0.400) Co (0.400) Ni (0.200) Nb (0.200)  1.20 -0.5 2.5 0.1 0.3 

557 Al (0.200) Fe (0.400) Ni (0.400) Nb (0.200)  1.20 8.9 20.3 8.4 14.7 

558 Al (0.200) Ni (0.400)    0.60 8.3 16.3 6.2 12.0 

559 Mn (0.600) Co (0.400) Nb (0.200) Pd (0.200)  1.40 6.1 10.8 3.7 7.2 

560 Co (0.200) Ni (0.200) Nb (0.200) Pd (0.400)  1.00 16.7 25.6 17.4 19.9 

561 Al (0.200) Mn (0.200) Co (0.200) Ni (0.600)  1.20 17.0 27.7 18.2 22.4 

562 Al (0.800) Co (0.600)    1.40 7.9 16.2 5.8 11.8 

563 Sc (0.200) Co (0.400) Ni (0.400)   1.00 18.9 29.5 20.4 23.9 

564 Mn (0.600) Nb (0.200) Pd (0.600)   1.40 8.0 14.3 6.7 10.5 

565 Mn (0.200) Co (0.600) Ni (0.200)   1.00 16.0 26.6 16.5 21.6 

566 Al (0.600) Sc (0.200) Fe (0.200) Co (0.600)  1.60 1.4 1.0 0.0 0.3 

567 Al (0.200) Mn (0.200) Fe (0.200) Ni (0.600) Y (0.200) 1.40 17.7 29.9 19.6 24.9 

568 Li (0.200) Ni (0.600)    0.80 14.9 25.3 15.7 20.2 

569 Li (0.400) Mn (0.200) Ni (0.600) Rh (0.200) W (0.200) 1.60 19.2 31.8 22.1 27.4 

570 Li (0.800) Fe (0.400) Co (0.200) Ni (0.200)  1.60 7.7 15.8 5.6 11.6 

571 Fe (0.200) Ni (0.600) Nb (0.400)   1.20 26.4 32.3 27.7 22.2 

572 Mn (0.600) Co (0.400) Ni (0.400) Nb (0.200)  1.60 10.0 18.8 8.7 14.6 

573 Al (0.400) Mn (0.400) Co (0.200) Ni (0.400) Rh (0.200) 1.60 20.0 32.1 22.1 27.4 

574 Al (0.400) Mn (0.200) Ni (0.400) Nb (0.200) Pd (0.200) 1.40 23.7 32.8 25.5 24.0 

575 Mn (0.200) Ni (0.600)    0.80 11.0 20.8 10.2 16.2 

576 Al (0.400) Co (0.200) Ni (0.600) Nb (0.200)  1.40 32.8 36.3 32.2 21.6 

577 Li (0.200) Mn (0.600) Fe (0.200) Co (0.400) Ni (0.200) 1.60 9.8 18.4 7.4 13.6 

578 Li (0.600) Ni (0.600)    1.20 30.1 30.9 28.2 19.6 

579 Li (0.200) Al (0.400) Mn (0.200) Ni (0.800)  1.60 28.2 30.7 26.5 21.1 

580 Li (0.400) Al (0.200) Mn (0.200) Ni (0.800)  1.60 30.1 31.2 28.1 19.7 

581 Li (0.400) Ni (0.600) Nb (0.400)   1.40 32.6 31.7 30.1 18.4 

582 Al (0.600) Ni (0.600) Y (0.200)   1.40 19.0 25.8 16.8 20.4 

583 Li (0.600) Ni (0.600) Nb (0.200)   1.40 30.3 31.0 28.3 19.7 

584 Li (0.200) Al (0.200) Mn (0.200) Ni (0.800) Nb (0.200) 1.60 30.6 31.8 28.3 19.2 

585 Li (0.400) Al (0.200) Ni (0.400)   1.00 20.8 26.5 18.8 20.2 

586 Li (0.400) Al (0.400) Ni (0.400) Rh (0.200) Ir (0.200) 1.60 19.2 27.3 17.6 22.7 
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587 Li (0.400) Al (0.200) Sc (0.200) Ni (0.800)  1.60 33.3 34.1 30.0 20.7 

588 Li (0.200) Co (0.400) Ni (0.400) Y (0.200)  1.20 30.3 31.2 28.1 18.7 

589 Li (0.800) Ni (0.800)    1.60 34.6 32.7 32.3 18.4 

590 Li (0.400) Al (0.400) Ni (0.600)   1.40 30.0 31.6 28.2 20.8 

591 Al (0.400) Ni (0.600) Y (0.200)   1.20 31.1 32.2 29.3 19.8 

592 Al (0.200) Sc (0.200) Mn (0.200) Ni (0.800) Y (0.200) 1.60 31.8 32.8 29.5 19.1 

593 Ni (0.800) Nb (0.200)    1.00 30.8 31.1 28.5 19.7 

594 Al (0.200) Mn (0.400) Ni (0.800) Nb (0.200)  1.60 27.3 31.0 26.2 21.8 

595 Li (0.600) Al (0.200) Ni (0.400) Rh (0.200) Ir (0.200) 1.60 19.3 27.2 17.2 22.4 

596 Li (0.200) Al (0.400) Ni (0.800) Y (0.200)  1.60 27.3 31.0 25.6 20.5 

597 Li (0.400) Ni (0.600) Nb (0.200)   1.20 34.9 33.4 32.1 18.3 

598 Ni (0.600) Y (0.200)    0.80 36.5 36.4 33.4 19.1 

599 Li (0.200) Al (0.200) Sc (0.200) Ni (0.800) Nb (0.200) 1.60 36.3 35.8 32.7 18.8 

600 Li (0.600) Co (0.400) Ni (0.400) Nb (0.200)  1.60 34.9 37.5 31.3 19.1 

601 Li (0.600) Al (0.200) Ni (0.200) Rh (0.200) Ir (0.400) 1.60 17.5 25.8 16.4 21.7 

602 Li (0.400) Ni (0.800) Ta (0.200)   1.40 39.8 40.4 35.3 29.6 

603 Li (0.200) Al (0.400) Sc (0.200) Ni (0.800)  1.60 30.2 34.8 28.8 20.1 

604 Li (0.600) Ni (0.600) Ta (0.200)   1.40 36.3 37.5 32.3 18.8 

605 Al (0.600) Ni (0.800) Nb (0.200)   1.60 34.4 35.8 31.7 18.6 

606 Li (0.400) Sc (0.200) Co (0.200) Ni (0.600) Nb (0.200) 1.60 32.2 34.6 29.9 19.0 

607 Li (0.600) Al (0.200) Ni (0.800)   1.60 40.3 39.2 34.9 36.3 

608 Li (0.800) Rh (0.200) Ir (0.600)   1.60 16.5 23.0 17.1 20.3 

609 Li (0.400) Mn (0.200) Ni (0.800) Nb (0.200)  1.60 40.8 40.0 35.1 20.2 

610 Li (0.200) Al (0.400) Ni (0.800) Nb (0.200)  1.60 39.4 39.3 34.1 17.6 

611 Li (0.800) Ni (0.400) Rh (0.200) Ir (0.200)  1.60 17.3 25.6 16.3 21.7 

612 Li (0.200) Al (0.600) Ni (0.800)   1.60 26.8 31.9 27.0 22.1 

613 Li (0.600) Ni (0.800) Ta (0.200)   1.60 43.0 40.8 36.8 28.5 

614 Li (0.200) Sc (0.200) Ni (0.800)   1.20 34.5 36.2 31.6 18.7 

615 Li (0.800) Ni (0.200) Rh (0.400) Ir (0.200)  1.60 17.1 24.4 16.1 20.9 

616 Li (0.400) Co (0.200) Ni (0.600) Nb (0.400)  1.60 38.1 38.9 33.6 18.4 

617 Li (0.400) Ni (0.800) Ta (0.400)   1.60 42.8 42.0 35.8 19.8 

618 Mn (0.500) Ni (0.800)    1.30 14.9 27.2 14.9 20.1 

619 V (0.100) Co (0.200) Ni (0.800)   1.10 0.5 2.7 0.0 0.2 

620 V (0.200) Fe (0.100) Ni (0.800) Rh (0.100)  1.20 10.7 22.1 9.7 16.2 

621 Co (0.400) Ni (0.800)    1.20 35.3 37.8 31.9 36.2 

622 Fe (0.100) Co (0.500) Ni (0.800)   1.40 33.8 35.9 31.3 18.4 

623 Fe (0.200) Co (0.100) Ni (0.800) Ba (0.500)  1.60 31.2 33.6 29.5 19.5 

624 Mn (0.200) Ni (0.800)    1.00 22.1 32.2 22.7 23.0 

625 Ti (0.200) Ni (0.800) Ga (0.100)   1.10 25.8 34.3 25.9 21.9 

626 Li (0.100) Ti (0.100) Ni (0.800)   1.00 35.1 37.3 31.7 20.0 

627 V (0.100) Ni (0.800) Pd (0.400)   1.30 1.2 4.6 0.3 1.4 

628 Sc (0.400) Ti (0.100) Ni (0.800) Y (0.100) Pd (0.100) 1.50 25.6 33.6 25.9 23.0 

629 Mn (0.800) Ni (0.800)    1.60 21.4 32.7 22.4 24.6 

630 V (0.300) Ni (0.800) Pd (0.100)   1.20 8.0 16.2 7.2 11.3 

631 Ni (0.800) Rh (0.200)    1.00 20.2 32.7 21.6 25.9 

632 V (0.100) Ni (0.800) Zn (0.100)   1.00 0.7 2.6 0.0 0.2 
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633 V (0.100) Fe (0.100) Co (0.500) Ni (0.800) Nd (0.100) 1.60 0.5 2.6 0.1 0.3 

634 V (0.100) Ni (0.800)    0.90 0.8 2.5 0.0 0.2 

635 Mg (0.100) Ti (0.100) Ni (0.800)   1.00 33.2 37.3 30.1 41.5 

636 V (0.300) Co (0.200) Ni (0.800)   1.30 0.6 3.0 0.0 0.2 

637 Ti (0.100) Ni (0.800)    0.90 32.6 37.1 30.4 19.9 

638 Co (0.100) Ni (0.800) Cs (0.100)   1.00 35.3 40.7 28.0 21.7 

639 Ni (0.800) Nb (0.100) Ta (0.200)   1.10 33.0 38.6 26.9 18.5 

640 Al (0.100) Ti (0.300) Ni (0.800) Zn (0.300) Nb (0.100) 1.60 18.7 25.8 15.0 20.8 

641 Li (0.200) Ti (0.300) Ni (0.800) Rh (0.100)  1.40 16.1 23.3 12.9 18.7 

642 V (0.100) Ni (0.800) Rh (0.100)   1.00 34.5 39.6 27.3 20.2 

643 Co (0.200) Ni (0.800) Hf (0.100)   1.10 36.4 37.5 26.8 15.5 

644 Co (0.100) Ni (0.800) Rb (0.400) Nd (0.200) Hf (0.100) 1.60 30.7 35.1 24.9 19.1 

645 Co (0.100) Ni (0.800) Sr (0.600)   1.50 32.4 36.9 26.6 18.3 

646 Mn (0.100) Co (0.600) Ni (0.800)   1.50 30.3 35.7 25.4 18.9 

647 Ni (0.800) Sr (0.400)    1.20 7.9 16.8 5.8 12.0 

648 Ni (0.800) Cs (0.400) Pr (0.200) Sm (0.200)  1.60 30.9 41.0 27.1 24.9 

649 Ti (0.100) Ni (0.800) Pd (0.100)   1.00 32.0 36.5 26.7 18.4 

650 Li (0.100) Co (0.100) Ni (0.800)   1.00 29.7 35.6 25.3 19.3 

651 Mn (0.300) Ni (0.800)    1.10 33.9 36.5 26.7 17.1 

652 Fe (0.300) Co (0.200) Ni (0.800) Rb (0.100) Nb (0.200) 1.60 13.9 21.6 11.3 17.1 

653 V (0.300) Ni (0.800) Pt (0.100)   1.20 33.6 40.2 27.7 21.4 

654 Co (0.600) Ni (0.800)    1.40 34.5 40.3 28.1 19.6 

655 Ti (0.200) Co (0.200) Ni (0.800)   1.20 24.6 31.9 20.9 22.2 

656 Al (0.100) Sc (0.100) Ni (0.800)   1.00 19.5 26.7 15.6 21.5 

657 Ti (0.100) Ni (0.800) Rh (0.100)   1.00 33.5 38.2 26.8 17.4 

658 Ni (0.800) Cs (0.700)    1.50 14.3 24.2 12.7 20.0 

659 Ni (0.800) Cs (0.600)    1.40 16.8 26.4 15.7 22.2 

660 Fe (0.600) Ni (0.800) Rb (0.100) Cs (0.100)  1.60 5.1 7.8 1.3 5.4 

661 Fe (0.100) Ni (0.800) Rb (0.700)   1.60 2.3 0.3 0.0 0.1 

662 Fe (0.700) Ni (0.800) Gd (0.100)   1.60 16.1 25.8 14.6 21.7 

663 K (0.500) Fe (0.100) Ni (0.800) Rb (0.100) Sm (0.100) 1.60 29.5 31.2 26.8 19.0 

664 Mn (0.600) Ni (0.800) Bi (0.100)   1.50 2.7 0.3 0.0 0.1 

665 Ni (0.800) In (0.100) Cs (0.600) Tb (0.100)  1.60 2.9 0.5 0.0 0.1 

666 Mn (0.500) Ni (0.800) In (0.100) Nd (0.100) Bi (0.100) 1.60 2.5 0.3 0.0 0.1 

667 Ti (0.200) Ni (0.800) Cs (0.600)   1.60 15.2 25.2 13.8 21.0 

668 Ni (0.800) Cs (0.600) Ce (0.200)   1.60 14.7 24.4 13.1 20.4 

669 Fe (0.700) Ni (0.800) Rb (0.100)   1.60 13.0 21.9 11.0 18.1 

670 Fe (0.700) Ni (0.800) Ce (0.100)   1.60 12.5 21.4 10.4 17.6 

671 Ni (0.800) Sr (0.100) Cs (0.400)   1.30 33.3 33.2 29.8 19.4 

672 Ni (0.800) Rb (0.100) Cs (0.600) Nd (0.100)  1.60 14.3 23.8 12.4 19.7 

673 Fe (0.100) Ni (0.800) Rb (0.600) Er (0.100)  1.60 19.6 26.6 18.2 21.5 

674 Co (0.100) Ni (0.800) Rb (0.400)   1.30 38.4 38.0 32.5 29.8 

675 Fe (0.600) Ni (0.800) Rb (0.100) Nb (0.100)  1.60 3.0 1.4 0.1 1.0 

676 Co (0.100) Ni (0.800) Cs (0.300)   1.20 40.7 38.6 32.4 40.2 

677 Fe (0.100) Ni (0.800) Ba (0.700)   1.60 30.1 33.0 28.5 21.0 

678 Ni (0.800) Cu (0.300) Bi (0.100)   1.20 2.4 -0.2 0.0 0.1 
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679 Al (0.600) Ni (0.800) In (0.100) Bi (0.100)  1.60 2.3 -0.3 0.0 0.1 

680 Ni (0.800) Y (0.100) Cs (0.300)   1.20 36.1 35.6 31.7 18.9 

681 Ni (0.800) Rb (0.400) Cs (0.300)   1.50 24.9 28.7 22.4 18.0 

682 Ni (0.800) Rb (0.100) Cs (0.700)   1.60 13.8 22.7 11.9 18.4 

683 Mn (0.400) Ni (0.800) In (0.300) Bi (0.100)  1.60 2.3 -0.2 0.0 0.1 

684 Ni (0.800) Cs (0.300)    1.10 35.6 34.9 31.4 19.3 

685 K (0.500) Co (0.100) Ni (0.800) Rb (0.100) Cs (0.100) 1.60 32.1 32.9 28.0 17.2 

686 K (0.300) Co (0.200) Ni (0.800) Rb (0.200) Nb (0.100) 1.60 39.7 40.0 33.2 33.3 

687 Ni (0.800) Ba (0.700) Nd (0.100)   1.60 27.3 32.3 26.5 32.0 

688 Li (0.400) Al (0.200) Ni (0.800) Y (0.100) Bi (0.100) 1.60 1.9 -0.1 0.0 0.1 

689 Ni (0.800) Zn (0.100) Bi (0.100)   1.00 2.5 -0.1 0.0 0.1 

690 Ni (0.800) Cs (0.500)    1.30 29.4 30.4 26.9 18.3 

691 Sc (0.100) Fe (0.300) Ni (0.800) Nb (0.100)  1.30 27.6 31.2 26.7 21.8 

692 Ni (0.800) Rb (0.300) Cs (0.500)   1.60 11.6 19.6 9.1 16.2 

693 K (0.100) Ni (0.800) Cs (0.700)   1.60 12.6 20.8 10.4 17.5 

694 Ni (0.800) In (0.100)    0.90 5.4 7.9 1.5 5.6 

695 K (0.300) Fe (0.300) Ni (0.800) Er (0.100)  1.50 17.9 28.0 17.7 24.2 

696 K (0.300) Ni (0.800) Rb (0.100)   1.20 37.2 35.9 32.2 27.1 

697 Al (0.300) Co (0.200) Ni (0.800) Rb (0.200)   1.50 37.4 38.0 32.8 31.1 

a Individual catalysts are denoted as A‒B‒C‒D‒E/γ-Al2O3, where the elements A‒E are 

ordered by atomic number, and the values in parentheses correspond to their amounts in 

mmol/g-support.  

b Mtotal is the total amount of the supported elements in mmol/g-support. 

c The conversions and yields were determined as the averages of the time-on-stream 

data from 15,000 to 20,000 seconds during the DRM reaction at 500 ºC under a 

CH4/CO2/Ar stream of 3/3/4 mL/min/channel (approx. 10000 mLgas∙h
-1∙gcat

-1 of GHSV) 

for 6 hours. 

d Nos. 1–277 were primarily generated through random sampling of the compositional 

space without relying on any prior knowledge. Catalyst Nos. 278–697 were iteratively 

selected and evaluated during the active learning process to refine and retrain the machine 

learning model. 

d Nos. 1–256 corresponded to the unbiased dataset constructed in Chapter 2 through 

random sampling. Nos. 1–697 comprise the complete dataset described in Chapter 3, 

which was employed to comprehensively explore an exceptionally vast catalyst design 

space. 
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Table A2. Development of descriptors for DRM catalysts across the active learning loops. 

The corresponding machine learning scores are also included.a,b 

Loop Step Scoretrain ScoreLOOCV Descriptors 

0 

1 0.92 0.93 

1. 1/(electron_negativity_max)2 

2. 1/(num_valance_sum) 

3. 1/exp(lattice_constant_min) 

4. 1/(icsd_volume_avg)1/2 

5. exp(bulk_modulus_min) 

6. exp(num_d_valence_max) 

7. ln(lattice_constant_min) 

8. (icsd_volume_min)3 

2 2.27% 2.50% 

1. (atomic_number_ase)2 

2. 1/(bulk_modulus_sum) 

3. exp(fusion_enthalpy_ase) 

4. (thermal_conductivity_ssd)1/2 

5. 1/ln(density_gmean) 

6. 1/exp(hhi_p_max) 

7. 1/(en_pauling_max)3 

8. (bulk_modulus_max)2 

 1 

1 0.95 0.95 

1. 1/(covalent_radius_pyykko_triple_min)3 

2. 1/(num_p_valence_max)1/2 

3. exp(atomic_volume_avg) 

4. exp(lattice_constant_min) 

5. exp(num_d_valence_max) 

6. ln(en_pauling_ase) 

7. 1/(bulk_modulus_min)1/2 

8. exp(covalent_radius_pyykko_triple_max) 

2 2.50% 2.67% 

1. (thermal_conductivity_max)2 

2. 1/(melting_point_max)3 

3. 1/(num_d_unfilled_avg) 

4. 1/(sound_velocity_sum) 

5. exp(vdw_radius_mm3_gmean) 

6. gs_volume_per_sum 

7. 1/(en_pauling_max)2 

8. (hhi_p_min)1/2 

2 

1 0.9 0.93 

1. (covalent_radius_pyykko_triple_max)2 

2. (gs_est_bcc_latcnt_min)3 

3. 1/exp(atomic_radius_sum), 

4. 1/(lattice_constant_min)1/2 

5. ln(num_d_valence_max) 

6. (gs_volume_per_avg)1/2 

7. (melting_point_max)1/2 

8. 1/ln(evaporation_heat_max) 

2 2.63% 2.90% 

1. (covalent_radius_pyykko_min)2 

2. (thermal_conductivity_max)3 

3. (hhi_p_min)1/2 

4. 1/(num_s_valence_sum)3 
5. Polarizability_sum 
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6. (lattice_constant_min)3 

7. exp(sound_velocity_sum) 

8. exp(electron_negativity_max) 

3 

1 0.95 0.93 

1. (gs_volume_per_avg)3 

2. 1/(en_pauling_max) 

3. 1/(num_p_valence_max)3 

4. 1/exp(en_ghosh_ase) 

5. 1/ln(gs_volume_per_min) 

6. 1/(atomic_radius_rahm_avg)1/2 

7. ln(lattice_constant_min) 

8. 1/exp(atomic_radius_rahm_avg) 

2 2.60% 2.75% 

1. (density_gmean)3 

2. (thermal_conductivity_max)3 

3. 1/ln(hhi_p_min) 

4. vdw_radius_mm3_sum 

5. (covalent_radius_pyykko_min)2 

6. 1/exp(atomic_weight_avg) 

7. ln(vdw_radius_alvarez_sum) 

8. exp(en_pauling_max) 

4 

1 0.96 0.94 

1. 1/(lattice_constant_min)3 

2. 1/(num_p_valence_max)3 

3. 1/exp(bulk_modulus_max) 

4. 1/(covalent_radius_pyykko_triple_avg) 1/2 

5. exp(lattice_constant_min) 

6. ln(gs_volume_per_avg) 

7. 1/ln(gs_volume_per_ssd) 

8. 1/ln(covalent_radius_pyykko_double_ssd) 

2 2.70% 2.88% 

1. (density_max)3 

2. (thermal_conductivity_max)3 

3. 1/(bulk_modulus_sum)3 

4. covalent_radius_pyykko_triple_avg 

5. ln(lattice_constant_min) 

6. ln(num_s_unfilled_sum) 

7. (hhi_r_gmean)3 

8. 1/(atomic_number_ase) 

5 

1 0.95 0.92 

1. 1/(gs_est_bcc_latcnt_avg)2 

2. 1/(lattice_constant_min)1/2 

3. exp(num_p_valence_ssd) 

4. ln(num_d_valence_max) 

5. (bulk_modulus_ssd)1/2 

6. (lattice_constant_min)1/2 

7. 1/ln(c6_gb_ssd) 

8. 1/ln(gs_energy_ssd) 

2 2.76% 2.91% 

1. (thermal_conductivity_max)2 

2. 1/(bulk_modulus_sum)3 

3. 1/exp(hhi_r_prod) 

4. ln(covalent_radius_pyykko_triple_avg) 

5. ln(electron_affinity_ssd) 

6. (num_s_valence_max)1/2 

7. exp(density_max) 

8. 1/(num_s_unfilled_ase)3 
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6 

1 0.93 0.93 

1. 1/(gs_volume_per_avg) 

2. 1/(num_p_unfilled_avg)3 

3. 1/ln(vdw_radius_mm3_ssd) 

4. 1/(num_d_valence_max)1/2 

5. (lattice_constant_min)1/2 

6. 1/(num_unfilled_min)1/2 

7. (en_pauling_ssd)2 

8. (num_d_valence_avg)3 

2 2.74% 2.91% 

1. (thermal_conductivity_max)3 

2. 1/(bulk_modulus_sum)3 

3. (density_max)1/2 

4. ln(covalent_radius_slater_avg) 

5. (period_max)3 

6. gs_mag_moment_ase 

7. (density_prod)2 

8. mendeleev_number_prod 

7 

1 0.92 0.92 

1. (gs_volume_per_avg)2 

2. 1/(en_pauling_ase)3 

3. 1/(num_p_unfilled_max)2 

4. 1/(lattice_constant_min)1/2 

5. 1/(num_d_valence_max)1/2 

6. 1/exp(atomic_number_min) 

7. 1/(melting_point_max)1/2 

8. (num_d_valence_avg)2 

2 2.72% 2.86% 

1. (num_s_unfilled_max)3 

2. (thermal_conductivity_max)3 

3. 1/(bulk_modulus_sum)3 

4. 1/(density_max) 

5. 1/(num_d_valence_ssd)2 

6. exp(num_s_valence_ssd) 

7. ln(covalent_radius_pyykko_double_gmean) 

8. num_f_valence_gmean 

8 

1 0.94 0.94 

1. 1/(bulk_modulus_max)2 

2. 1/(gs_est_fcc_latcnt_min)2 

3. 1/(vdw_radius_uff_min)2 

4. exp(gs_volume_per_avg) 

5. num_p_valence_max 

6. vdw_radius_min 

7. 1/ln(icsd_volume_avg) 

8. (lattice_constant_min)3 

2 2.98% 3.15% 

1. (hhi_p_max)2 

2. (num_f_valence_gmean)2 

3. 1/(bulk_modulus_max)3 

4. 1/(num_d_valence_max)2 

5. 1/(num_d_valence_max)3 

6. 1/(bulk_modulus_ssd)1/2 

7. ln(covalent_radius_cordero_avg) 

8. melting_point_ase 

9 1 0.95 0.93 

1. 1/(en_pauling_max) 

2. 1/(lattice_constant_min)2 

3. 1/ln(mendeleev_number_max) 

4. (lattice_constant_min)1/2 

5. vdw_radius_uff_min 

6. 1/ln(molar_volume_avg) 
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7. (heat_of_formation_max)3 

8. (atomic_volume_avg)3 

2 3.07% 3.22% 

1. (en_pauling_max)2 

2. (num_d_valence_max)2 

3. (num_f_valence_sum)2 

4. 1/(density_max) 

5. 1/ln(num_unfilled_min) 

6. 1/(heat_capacity_mass_min)1/2 

7. covalent_radius_pyykko_triple_avg 

8. num_d_valence_max 

10 

1 0.93 0.91 

1. 1/(en_pauling_max) 

2. 1/(lattice_constant_min)2 

3. 1/ln(mendeleev_number_max) 

4. (lattice_constant_min)1/2 

5. vdw_radius_uff_min 

6. 1/ln(molar_volume_avg) 

7. (heat_of_formation_max)3 

8. (atomic_volume_avg)3 

2 2.99% 3.14% 

1. (en_pauling_max)2 

2. (num_d_valence_max)2 

3. (num_f_valence_sum)2 

4. 1/(density_max) 

5. 1/ln(num_unfilled_min) 

6. 1/(heat_capacity_mass_min)1/2 

7. covalent_radius_pyykko_triple_avg 

8. num_d_valence_max 

11 

1 0.91 0.9 

1. 1/(bulk_modulus_ssd) 

2. 1/(molar_volume_avg) 

3. 1/exp(num_p_valence_ssd) 

4. 1/(lattice_constant_min)1/2 

5. lattice_constant_min 

6. (en_pauling_max)3 

7. 1/ln(vdw_radius_mm3_ssd) 

8. (dipole_polarizability_prod)2 

2 3.76% 3.94% 

1. (atomic_number_ase)2 

2. 1/(bulk_modulus_max) 

3. 1/(bulk_modulus_max)3 

4. 1/(period_max)3 

5. 1/(thermal_conductivity_sum) 

6. 1/exp(gs_mag_moment_ase) 

7. 1/ln(heat_capacity_molar_sum) 

8. 1/(en_pauling_ssd)1/2 

9. exp(gs_mag_moment_avg) 

10. exp(num_d_valence_max) 

11. ln(num_d_valence_max) 

12. molar_volume_sum 

12 1 0.92 0.91 

1. (lattice_constant_min)3 

2. 1/(covalent_radius_pyykko_triple_max) 

3. 1/exp(lattice_constant_min) 

4. 1/ln(num_d_valence_max) 

5. 1/(lattice_constant_min)1/2 

6. hhi_r_ssd 

7. 1/(atomic_radius_rahm_min) 
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8. 1/(en_pauling_ase) 

2 3.36% 3.53% 

1. (gs_mag_moment_max)2 

2. (sound_velocity_prod)2 

3. 1/(c6_gb_gmean) 

4. 1/(covalent_radius_slater_gmean) 

5. 1/(gs_est_bcc_latcnt_max)2 

6. 1/ln(first_ion_en_avg) 

7. 1/ln(heat_of_formation_gmean) 

8. 1/(lattice_constant_avg)1/2 

9. density_max 

10. ln(vdw_radius_mm3_gmean) 

11. (atomic_radius_rahm_min)1/2 

12. (heat_capacity_mass_min)1/2 

13 

1 0.94 0.92 

1. (gs_mag_moment_avg)3 

2. 1/(atomic_radius_min)2 

3. 1/(en_pauling_max) 

4. 1/(icsd_volume_min)3 

5. 1/(mendeleev_number_max)3 

6. (lattice_constant_min)1/2 

7. (gs_volume_per_avg)2 

8. (sound_velocity_prod)1/2 

2 3.70% 3.86% 

1. (bulk_modulus_max)2 

2. (gs_mag_moment_max)2 

3. (num_d_valence_max)3 

4. 1/(bulk_modulus_max)2 

5. 1/(bulk_modulus_ssd) 

6. 1/(lattice_constant_max) 

7. 1/(num_d_valence_ssd)2 

8. 1/(period_max)3 

9. 1/(sound_velocity_min) 

10. 1/exp(atomic_weight_sum) 

11. 1/ln(en_allen_max) 

12. (covalent_radius_pyykko_double_gmean)1/2 
a Step denotes the stage in the two-step feature selection process. Step 1 employed 

random forest classification to extract informative features, while Step 2 applied Huber 

regression to further refine feature selection. A genetic algorithm was utilized in both 

steps to determine the optimal number of features, striking a balance between model 

robustness and computational efficiency. 

b Scoretrain and ScoreLOOCV represent the evaluation metrics for the training and cross-

validation stages, respectively, corresponding to balanced accuracy in Step 1 and mean 

absolute error (MAE) in Step 2.  
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Table A3. Summary of the test set used in active learning exploration process. 

Test 

set 

Elemental 

set 

Selection 

rule 

Elemental 

loading 

Total 

loading 

limit 

Active 

learning 

loop 

1 

Li, Al, Ca, V, Ni, Nb, Rh, 

Ag, Sn, Cs, Ba, Ce, Sm, Hf, 

Ir, Au, Bi. 

1–5 elements 

randomly selected 

0.5–3.5 mmol/g-

support in 0.5 

intervals 

≤ 3.5 

mmol/g-

support 

Loops0–3 

2 

Li, Mg, Al, K, Ca, Mn, Ni, 

Cu, Ga, Zr, Nb, Rh, Pd, Hf, 

W, Ir, Au 

1–5 elements 

randomly selected 

0.5–3.5 mmol/g-

support in 0.5 

intervals 

≤ 3.5 

mmol/g-

support 

Loops4–6 

3 

Li, Al, Sc, Mn, Fe, Co, Ni, 

Zn, Y, Nb, Mo, Rh, Pd, Ta, 

W, Ir, Pt 

1–5 elements 

randomly selected 

0.5–3.5 mmol/g-

support in 0.5 

intervals 

≤ 3.5 

mmol/g-

support 

Loops7–9 

4 

Li, Al, Sc, Mn, Fe, Co, Ni, 

Zn, Y, Nb, Mo, Rh, Pd, Ta, 

W, Ir, Pt 

1–5 elements 

randomly selected 

Fe, Co, Ni, Rh, Pd, 

Ir, Pt ≤ 0.8 mmol/g-

support; others ≤ 

0.8 mmol/g-support 

Total ≤ 1.6 

mmol/g-

support 

Loops10–11 

5 45-element refined seta 

1–4 elements 

randomly selected 

(excluding Ni) 

Ni fixed at 0.8 

mmol/g-support; 

others vary 0.1–0.8 

mmol/g-support 

Total ≤ 1.6 

mmol/g-

support 

Loops12–13 

a 16 elements excluded from the original 61 that were too costly and/or risky (Be, Cr, 

Tc, Ru, Cd, Pm, Dy, Ho, Tm, Yb, Lu, Re, Os, Hg, Tl, and Pb). 


