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Abstract 

Reducing human reliance on inefficient energy systems and fossil fuels has become more urgent 

due to the consequences of global climate change. However, traditional trial-and-error approaches 

have hampered our ability to accelerate the discovery and implementation of functional materials 

for efficient energy conversion devices, such as polymer electrolyte fuel cells (PEFCs). To address 

this, we develop an adaptive learning framework that integrates machine learning and state-of-the-

art capabilities in high-throughput synthesis to achieve expedited optimization of iron-nitrogen-

carbon PEFC oxygen reduction reaction (ORR) electrocatalysts. We use statistical inference, 

uncertainty quantification, and global optimization to build a computational design-of-experiment 

tool that identifies the optimum compositions to be investigated next to reduce the demands placed 

on experimental materials discovery. We benchmark the ability of the proposed strategy to 

discover optimum catalyst synthesis conditions in a six-dimensional search space when starting 

with a thirty-six-sample database. By following the adaptive learning strategy, we synthesize 

fourteen new catalysts from approximately ten billion unique compositions and discover four 

catalysts that outperform all original samples. The best machine learning-optimized catalyst is 

33% more active than the highest-performing one in the initial database, showing an ORR activity 

seven times larger than those typically reported for the same class of materials. 
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Highlights 

• Optimized Fe-N-C oxygen reduction reaction catalysts via adaptive learning 

• Elucidated the role of high-throughput synthesis conditions on catalyst activity 

• Developed a computational design-of-experiment tool to pick catalysts to test next 

• Discovered four catalysts that outperform the best materials in the initial dataset 

• Demonstrated an activity increase of ~33% relative to the previous best sample 
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1. Introduction 

High-performance and cost-competitive hydrogen fuel cells comprised of earth-abundant 

materials have been a sought-after goal that would have a transformative effect on renewable 

energy technologies [1, 2]. In particular, the design and experimental realization of electrocatalysts 

addressing the sluggish kinetics of the oxygen reduction reaction (ORR) and resulting high ORR 

overpotentials in polymer electrolyte fuel cells (PEFCs) [3-6] could enable large-scale deployment 

of these electrochemical devices with major economic and energy security benefits. The best ORR 

catalysts are based on platinum, which is one of the main factors limiting large-scale application 

of the technology in automotive transportation due to the high cost and geographic scarcity of 

platinum [7, 8]. The development of alternative catalysts derived from earth-abundant materials, 

targeting activity and stability comparable to or higher than those of platinum, has thus been an 

active research area for several decades. Although progress in developing novel platinum group 

metal-free (PGM-free) catalysts with enhanced ORR performance [8-16] has been made, 

significant improvements to ORR catalyst activity and performance durability are still needed to 

make them viable for real-world applications. 

PGM-free catalysts with the highest ORR activity have been derived from iron precursors and 

metal-organic frameworks, as well as carbon-nitrogen-containing polymers [15,17-20]. While 

representing substantial progress in the field, the ORR turnover frequency and volumetric active 

site density of these materials are still approximately one order of magnitude lower than those of 

the state-of-the-art platinum alloy nanoparticle catalysts [13,16]. For the general class of pyrolyzed 

iron-nitrogen-carbon PGM-free materials, it has been determined that variables such as the iron 

loading, the type of the carbon and nitrogen precursors, their relative concentrations, as well as the 

temperature, heating and cooling rates, pyrolysis time, and pyrolysis atmosphere are critical in 
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determining the activity and stability of the electrocatalysts [9,14,17, 21-23]. The experimental 

effort required to explore the effect of all these variables on the catalyst properties is an 

overwhelmingly time-consuming process. Most approaches seeking to develop optimum synthesis 

paths have been guided by designer’s intuition, with only a small fraction of the composition and 

temperature search space explored to date for this broad class of materials [24]. However, the 

interplay between the multiple degrees of freedom in typical synthesis methods is often complex 

and the combinatorial possibilities are too large to be practically handled via trial-and-error 

approaches, resulting in suboptimal outcomes. 

Machine learning (ML) has become a promising tool for materials science [25, 26] and has 

been a trending approach to tackle challenging problems in renewable energy [27-29]. It has 

enabled the development and implementation of elaborate numerical models that surrogate 

multidimensional data for expedited discovery, optimization, and property prediction of 

electrocatalysts and photocatalysts [30-33]. Recent works have also leveraged the capabilities of 

ML algorithms to guide experimental efforts in batteries [34, 35], solid oxide fuel cells [36], and 

PEFCs electrode development [37]. The focus of these efforts has often been on feature selection 

and dimensionality reduction of the search space or the use of regression techniques to predict 

material properties (dependent outcomes) given a set of parameter values describing the system 

(independent variables). These investigations routinely have little or no iterative experimental 

feedback, are susceptible to large uncertainty due to the vastness of the search space, and suffer 

from the usually limited availability of data, leading to a poor generalization of the model. 

Moreover, exclusive exploitation of model outputs may result in suboptimal learning due to 

existing local maxima, which prevent the exploration of regions of the search space with greater 

uncertainty. These challenges can be overcome through adaptive learning frameworks: 
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computational methods that leverage machine learning surrogate models and their uncertainties to 

balance the trade-offs between testing materials likely to perform better (exploitation) versus 

probing materials with large uncertainty (exploration), but which could improve the quality of the 

models in the long term. Adaptive learning algorithms minimize the number of measurements 

needed to achieve an improved property outcome via an iterative positive feedback loop that 

provides a robust guide for optimally selecting the next set of experiments. These computational 

methods have been successfully demonstrated, among others, in computer science [38], solid-state 

physics [39], and electrochemical reduction of CO2 [40]. Optimizing the synthesis of PGM-free 

ORR electrocatalysts via adaptive design remains largely uncharted to date. 

In this paper, we introduce an adaptive learning framework tailored to optimizing the synthesis 

conditions for Fe-N-C-based ORR catalysts with enhanced activity and durability, as measured via 

the rotating ring disk electrode (RRDE) technique. Inspired by the method developed by Proietti 

et al. [17], we synthesize nitrogen-coordinated iron-doped carbon electrocatalysts using physical 

mixing, through ball milling, of a zeolitic imidazolate framework (ZIF-8), 1,10-phenanthroline, 

and iron acetate. Ball milling is a process in which the moving balls apply their kinetic energy to 

the milled material, breaking chemical bonds, triggering solid-solid reactions, causing changes in 

the materials morphology, and possibly forming structural defects that can increase the density of 

active catalytic sites [41, 42]. Unlike liquid phase synthesis of doped ZIFs, high-energy ball milling 

followed by controlled thermal annealing is an easy and scalable method in which chemical 

compositions and concentrations can be easily varied [43]. Our experiments leverage our state-of-

the-art robotic platform and the high-energy ball milling apparatus in Argonne National 

Laboratory’s High-Throughput Research Facility to synthesize numerous ORR electrocatalyst 

compositions using a facile synthetic procedure and commercially available precursors. We 
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develop and apply our adaptive learning approach to optimize six independently controlled 

synthesis variables, including the iron weight loading, phenanthroline-to-ZIF-8 ratio, pyrolysis 

temperature, heating rate, pyrolysis time, and fast versus slow cooling rates. Even in this restricted 

search space, there are about 1010 combinations of synthesis conditions (see Section 2.3.1 for 

details), making it impossible to experimentally explore all cases. However, our high-throughput 

experimental capabilities have allowed for benchmarking our adaptive design framework, which 

guided the synthesis of fourteen new Fe-N-C-based catalysts. We demonstrate that four of the 

machine learning-selected materials have ORR activity higher than that of the thirty-six samples 

in the original dataset used for model development. Our approach reduces the number of costly, 

time-consuming experiments and paves the way for integration of data science with high-

throughput experiments for accelerated discovery of highly active PGM-free electrocatalysts for a 

variety of electrochemical reactions, beyond oxygen reduction considered here.     

2. Methods 

2.1. Adaptive Learning Design Framework 

A schematic representation of the adaptive learning framework that we developed for 

discovering optimum high-throughput synthesis conditions for Fe-N-C-based ORR 

electrocatalysts is presented in Fig. 1. The adaptive learning process involves four critical steps 

synergistically integrated to iteratively guide the next set of experiments based on the knowledge 

gained from existing measurements. The first key element in our design framework is the 

generation of a database with various materials (compositions) labeled by a set of descriptors and 

associated outcomes that have already been measured. In our specific problem, we index the 

catalyst samples according to the features independently controlled during the synthesis process 

and use the ORR activity in the first and second RRDE cycles of staircase voltammetry as the 
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properties of interest (see the Experimental section below for details of sample characterization). 

This database is then used to train and cross-validate machine learning regression models that learn 

the relationships between input parameters and output outcomes. Due to the sparse availability of 

initial data, statistical methods are integrated with ML algorithms to quantify the uncertainty 

associated with the model predictions. A design-of-experiment (DoE) tool is then developed in the 

third step of the adaptive design framework by combining machine learning and uncertainty 

quantification with global optimization approaches. This tool leverages model predictions and 

their errors to conduct a search in the space of unexplored materials (not yet synthesized and 

experimentally characterized) and chooses the best sample to be tested in the next round of 

experiments by weighing the benefits between exploitation and exploration. Finally, the new 

suggested material is synthesized and its properties are measured to compare against 

computational results and to augment the database for improvement of the machine learning 

regression models in subsequent iterations of the design loop. 

2.2. Experimental 

2.2.1. Materials  

ZIF-8 (Sigma Aldrich), 1,10-phenanthroline (Sigma-Aldrich), and iron (II) acetate (99.99%, 

Sigma Aldrich) were dried under vacuum for ~12 h at 80 °C before use. All gases used during the 

synthesis are ultra-high purity grade (Airgas). 

2.2.2. High-Throughput Catalyst Synthesis and Sample Characterization 

An automated synthesis platform (Junior, Unchained Labs Inc.) in Argonne National 

Laboratory’s High-throughput Research Facility [44], as shown in Fig. 2a, was used for dispensing 

the catalyst solid precursor materials through disposable shaker vials and weighed using an 



 9 

automated balance (± 0.2 mg accuracy). Synthesis protocols were designed in Library Studio and 

Automation Studio (LEA software) was used to run the protocols. The ZIF-8, phenanthroline, and 

iron acetate were mixed and placed into a 50 mL zirconia jar with 34 zirconia beads (3 mm 

diameter) at a ratio of precursors:beads =  1:10 and milled at 400 rpm for 2 h in a high-throughput 

planetary ball mill (PM 400, Retsch), schematically shown in Fig. 2b. The precursor mixtures 

were then heated in a flowing argon atmosphere in a quartz tube in a clamshell furnace at various 

rates to various pyrolysis temperatures and held at those temperatures for varying lengths of time. 

The samples were then cooled to 900 °C in flowing argon and exposed to a flowing pure ammonia 

atmosphere for 5 min before cooling down to room temperature in flowing argon either naturally 

with the furnace closed, or rapidly by opening the furnace. The temperature profiles during the 

cooling period for both cases can be found in Fig. S1 in the Supporting Material. 

The ORR half-wave potential (E½), the mass activity, and hydrogen peroxide (H2O2) yield 

were evaluated for each catalyst by using a rotating ring (Pt)-disk (glassy carbon, GC) electrode 

(E7R9 ThinGap RRDE Tips PTFE, Pine Research) and a CHI potentiostat (CHI 760C, CH 

Instruments, Inc.). These measurements utilized a three-electrode electrochemical cell, room-

temperature oxygen-saturated 0.5 M H2SO4 electrolyte, a catalyst-ionomer layer deposited on the 

GC of the RRDE as the working electrode, a graphite rod counter electrode, and a Hg/Hg2SO4 

reference electrode. While less sensitive than hydrogen-air fuel cell performance, where current 

density especially at voltages <0.7 V can be strongly affected by the transport of reactants to the 

active sites, ORR activities measured by RRDE can be influenced by the catalyst ink composition 

[45]. Here, we prepared all samples using the same catalyst-ionomer ink by measuring 5 mg of 

catalyst powder, 20 µL of NafionTM dispersion (5 wt% NafionTM D521, Ion Power, Inc.), and 0.5 

mL of isopropanol into a glass vial, followed by sonication in an ultrasonic ice water bath for 30 
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min. Following sonication, the desired amount of catalyst ink was then deposited onto the GC disk 

of the RRDE in four aliquots, resulting in a catalyst loading of 0.6 mg/cm2. It was observed that 

the Fe-N-C catalysts can undergo degradation during the various stages, from synthesis to ORR 

activity testing, specifically, during aging of the catalyst powder and catalyst-ionomer ink [46], as 

well as during electrochemical testing. To minimize the impact of catalyst degradation on the 

electrochemical results, the elapsed time from catalyst synthesis to electrochemical testing was 

carefully controlled for the different catalysts, as was the sonication time, the time interval from 

ink sonication to ink deposition to electrochemical testing. Before use, the potential of the 

Hg/Hg2SO4 reference electrode was calibrated versus a reversible hydrogen electrode (RHE) using 

a Pt coil electrode immersed in hydrogen-saturated 0.5 M H2SO4 electrolyte. The dried catalyst 

layer was preconditioned using cyclic voltammetry scans between 0 and 1.0 V vs. RHE for 20 

cycles at a scan rate of 100 mV/s to remove impurities, ensure fully wetting of the catalyst layer, 

and stable cyclic voltammograms (CVs) before the steady-state ORR polarization curves were 

recorded in staircase voltammetry scans from 1.0 to 0 V vs. RHE with a potential step of 20 mV 

and a step period of 20 sec with iR correction in oxygen-saturated 0.5 M H2SO4. The rotation rate 

of the RRDE was controlled to 900 rpm using a Pine rotator. The ring electrode collection 

efficiency (N) in RRDE experiments was found to be 0.379, as determined from the ratio of the 

ring and disk currents of the Fe(CN)64-/3- redox couple in 1 M NaOH solution containing 10 mM 

K3[Fe(CN)6]. The ring potential was set to 1.2 V vs. RHE. [47, 48]. The ORR mass activities were 

obtained by calculating the kinetic current at 0.8 V vs RHE (using the Levich-Koutecky equation) 

and dividing by the catalyst mass deposited on the GC disk electrode. The H2O2 yields at various 

disk potentials were calculated from the measured ring and disk currents and collection efficiency.  



 11 

2.3. Machine Learning and Statistical Inference 

2.3.1. Machine Learning Descriptors and Materials Database 

As depicted in Fig. 2c, each Fe-N-C-based electrocatalyst is uniquely indexed in terms of six 

independently controlled features that provide a coarse-grained and relatively simple description 

of the catalyst synthesis. A reduced number of descriptors could be selected based on prior 

experience working with this class of electrocatalysts, decreasing the dimensionality of the search 

space at the sacrifice of potentially missing high-performance compositions not previously 

investigated in the literature. Here, we decided to operate in a higher dimensional synthesis space 

despite increasing the computational cost. A larger number of descriptors accounting for, e.g., the 

composition of the catalyst ink could also have been considered. However, that would result in an 

increase of the already large search space (see below), adding significant complexity to the 

optimization problem. Hence, we evaluated the ORR activity of all catalyst samples using the same 

ink composition and demonstrated a proof-of-concept of the developed adaptive learning strategy 

considering the independent parameters discussed in Fig. 2c. In addition to the input parameters, 

we use the ORR mass activity measured in the first two RRDE scans as the dependent properties. 

The main target of the machine learning models is to infer a correlation map between the outputs 

for catalyst activity in selected RRDE cycles and the input descriptors. 

Thirty-six samples were synthesized and characterized as discussed in the previous section to 

form the initial database (training set) in the adaptive design loop (Tables S1 and S2). They were 

picked from pre-selected discretized values of the synthesis condition descriptors, randomly 

distributed over a quinary search space (Fe loading, phenanthroline-to-ZIF ratio, pyrolysis 

temperature, heating rate, and pyrolysis time), with half of the original dataset comprising ORR 

catalysts cooled down to room temperature while keeping the furnace closed or open following 
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the ammonia treatment at 900 ºC. Table 1 shows the range of values considered in this work for 

each of the parameters. Theoretically, these five descriptors could be varied continuously, resulting 

in an infinite number of possible combinations. In practice, the number of unique synthesis 

conditions depends on how one partitions the search space. Note, however, that the maximum 

number of combinations that would result in unique catalysts can be estimated by considering the 

ranges in Table 1 together with the uncertainty in the input parameters. Indeed, the uncertainty is 

the minimum step-size needed to distinguish two values of a given descriptor and, hence, serves 

as a metric of how finely the search space can be meshed in each dimension. In our experiments, 

the uncertainty is ~0.05% for the Fe weight loading, 0.002% for the phenanthroline-to-ZIF ratio, 

5 ºC for the pyrolysis temperature, 5 minutes for the pyrolysis time, and 0.2 ºC/min for the heating 

rate. Consequently, the maximum number of potential high-throughput synthesis pathways is on 

the order of 1010 (ten billion) for each of the two cooling rates considered. Even in a more 

conservative scenario, e.g., by assuming a coarser discretization of the search space with 

uncertainties ten times larger than those used above for each input descriptor, there would still be 

more than 105 (one hundred thousand) allowed combinations, making exploration of the entire 

electrochemical search space unamenable to experiments. 

Table 1 
Independently controlled parameters in the high-throughput synthesis of Fe-N-C ORR 
electrocatalysts and their ranges of variation used for training machine learning surrogate models. 
 

Fe weight loading 0.80-2.80 % Pyrolysis time 0.0-3.0 h 

Phen-to-ZIF-8 ratio 0.00-10.00 % Heating rate 5.0-20.0 ºC/min 

Pyrolysis temperature 950-1050 ºC Cooling rate Furnace closed or open 
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2.3.2. Machine Learning Regressors and Uncertainty Quantification 

In the second step of our adaptive design framework, we trained three machine learning 

algorithms on the initial datasets with eighteen samples, each corresponding to the two possible 

furnace states (closed or open) during the cooling stage. The regression algorithms considered in 

this study are Gaussian Process Regression (GPR), Random Forest (RF), and Artificial Neural 

Network (ANN), and have been implemented in python via the SCIKIT-LEARN [49] package. 

Given our small database, we only split the initial data in an 80-to-20 training-to-cross-validation 

size ratio, and use the new samples synthesized and characterized via the adaptive learning 

framework as testing sets for probing the quality of the developed ML models. Hyperparameters 

in the GPR algorithm are automatically optimized during the training process and a superposition 

of the radial basis functions kernel and the white kernel was considered to specify the covariance 

function of the regressor. We optimized the RF and ANN algorithms via a comprehensive grid 

search over the hyperparameters space using ten random shuffle splits of the initial data while 

targeting minimization of the root-mean-squared error (RMSE) cost function.  

The GPR model is very attractive for integration into adaptive learning approaches as it is a 

Bayesian-based approach that naturally provides a mean value (𝜇) of the desired output property 

including an uncertainty estimate (𝜎). On the other hand, the RF and ANN models do not generally 

estimate uncertainties. In these latter cases, we perform uncertainty quantification via bootstrap 

statistical sampling [50]. This method generates new training sets (bootstraps) by randomly 

selecting samples from the original database allowing for replacement, i.e., the same catalyst can 

be picked multiple times. We generated 1,000 bootstraps of the original data for each state of the 

furnace during the cooling process. We then train the RF and ANN algorithms in each bootstrap 

and use the predictions from the 1,000 ML models to compute the average value of the output 
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ORR activity. The standard deviation from predictions of bootstraps-trained ML models is also 

used to estimate the uncertainty for each regression algorithm. Importantly, the use of statistical 

bootstraps significantly reduces the chances that the ML-trained models overfit the small database 

of synthesized catalysts. 

2.3.3. Efficient Global Optimization and Design of Experiment 

The regressors discussed in the previous section will in general result in a function potentially 

presenting various local maxima and minima that prevent efficient navigation of the search space 

purely based on optimization of the ML model. Therefore, we base our approach on global 

optimization methods [51] that use acquisition functions (selectors) that balance exploitation and 

exploration over the entire search space. The selectors are an important component of the DoE tool 

as they make optimal choices of which catalysts to investigate experimentally next and decrease 

the total number of measurements needed. Here, we combine the developed ML models discussed 

above with three different selectors algorithms, namely, Probability of Improvement (PI), 

Expected Improvement (EI), and Knowledgeable Gradient (KG). In addition, for evaluating the 

performance of each of these acquisition functions in our problem we also consider a random 

selector, which stochastically chooses samples without leveraging the statistical knowledge 

obtained via the ML models and the uncertainty quantification.  

In the probability of improvement acquisition function, we check whether a so-far unexplored 

catalyst material is worth investigating experimentally by computing the probability that this new 

composition will provide an improvement over the currently known best-performing sample. 

Formally, the improvement function 𝐼({𝑥!}) associated with a sample characterized by a set of 

input parameters {𝑥!} is given as 𝐼({𝑥!}) = max(𝑂𝑅𝑅({𝑥!}) − 𝑂𝑅𝑅({𝑥!∗}) , 0), where 𝑂𝑅𝑅({𝑥!}) 

is an unknown ‘black-box’ function that describes the ground-truth correlations between the input 
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descriptors and the ORR activity, and {𝑥!∗} represents the set of synthesis conditions indexing the 

best catalyst currently known. In general, we know the ground-truth function only over limited 

regions of the search space where measurements have already been performed, making 

calculations of the improvement function over uncharted systems impractical. Here, the machine 

learning models and uncertainty quantification approach play a decisive role in our design of 

experiment toolbox. We can evaluate the improvement function by assuming that 𝑂𝑅𝑅({𝑥!}) can 

be surrogated by a normal distribution function with mean value 𝜇({𝑥!}) and standard deviation 

𝜎({𝑥!}), as obtained directly from the ML model in the case of the GPR algorithm, or computed 

via bootstrap statistical sampling for the cases of RF and ANN, as previously discussed. Under 

these assumptions, one can demonstrate that the probability of improvement is given by 

𝑃𝐼({𝑥!}) = Φ(𝑧), where 𝑧 = 	 #({&!}))#*{&!
∗+)),

-({&!})
, 𝜖 is an ad-hoc small positive number that controls 

the balance between exploitation and exploration, and Φ(z) represents the normal cumulative 

distribution function [52]. In our training database we observed that the activity of samples can be 

reproduced with a standard deviation of the order of ~ 1 mA/mg (see discussion in Section 3), and 

we decided to set 𝜖 to be one-tenth of this value to enable some exploration of the search space. 

Similarly, the expected improvement acquisition function is given by 𝐸𝐼({𝑥!}) = σ({𝑥!}) ×

[𝜑(𝑧) + 	𝑧𝛷(𝑧)] where 𝜑(𝑧) is the normal probability density function [51]. Finally, the 

knowledge gradient function is a variation of the EI selector, obtained by considering 𝑧 =

	#({&!}))#*{&!
∗∗+)),

-({&!})
 , where {𝑥!∗∗} is the set of synthesis conditions that maximize 𝜇 over the entire 

search space (i.e., explored and unexplored compositions) [53]. EI and KG are explicitly directly 

proportional to the uncertainty of predictions and automatically account for the trade-off between 

exploitation and exploration without the need for an ad-hoc parameter, thus we set 𝜖 = 0 in these 
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cases. Regardless of the acquisition function of choice, trapping in any local maxima is prevented 

as the algorithm moves to areas of the search space with higher uncertainty at the cost of selecting 

catalysts with potential lower activity. 

2.3.4. Regressor-Selector Combinations for Optimum Learning 

Considering the three machine learning regressor models and three acquisition function 

selectors discussed above, there are a total of nine potential combinations that could be integrated 

to develop a design of experiment tool for selecting the next synthesis steps to test. However, there 

is no universal optimizer, as demonstrated in Ref. [54]. This implies that we do not know which 

regressor-selector pair will perform better with our starting datasets and will result in an optimized 

learning pathway. To choose the best ML model-acquisition function combination for our 

problem, we apply the design loop described in Section 2.1, constrained to the already synthesized 

and characterized electrocatalyst samples. Our approach is based on counting the average number 

of iterations needed for a given regressor-selector pair to find the best set of synthesis conditions 

{𝑥!∗} within the initial dataset when starting from n0 randomly selected samples in the training data. 

Specifically, our proposed methodology works as follows. From the original database with a total 

of N measured catalysts we stochastically choose n0<N samples. We count one iteration if the best 

material composition occurs in the initial random selection. When this does not happen, we train 

a chosen ML model on the n0 samples and use a given acquisition function to pick the next catalyst 

from the remaining N–n0 ones. The same regressor-selector pair is then used again, now starting 

from n0 +1 samples and picking a new one from the N – n0 –1 left over subset. The process 

continues until the highest performing catalyst {𝑥!∗} is found and the total number of iterations n 

(including the initial random selection) is recorded. We repeat this approach 1,000 times starting 

with varying sets of n0 randomly chosen catalysts and compute the average number of iterations 
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〈𝑛〉. The dependence of 〈𝑛〉 versus n0 for each ML model-acquisition function combination is then 

compared to that of the random selector for deciding the best optimization pair. 

3. Results and Discussion 

The initial mass activity for thirty-six catalyst samples obtained using specific synthesis and 

pyrolysis parameters is shown in Tables S1 and S2. During measurements of the ORR activity of 

each catalyst, two cycles of the steady-state ORR polarization curves were recorded as a measure 

of the short-term stability. Multiple samples of the catalysts that showed the highest ORR activity 

have been synthesized and characterized to estimate the uncertainty in the ORR activity and to 

check the reproducibility of the experiments. It was observed that ORR measurements can be 

replicated with a standard deviation of about ~ 1 mA/mg, corresponding to a relative error in the 

range of 6-8% for the best performing catalysts. The ORR1 and ORR2 traces in Fig. 3a,b represent 

the averaged data of the forward and backward scans of the first cycle and second cycle, 

respectively, as an example for entry #5 for the furnace-open dataset. By comparing the variations 

of the ORR mass activity and/or H2O2 yields between these two cycles, the short-term stability can 

be estimated and evaluated for different catalysts. The well-defined peaks in the CV in Fig. 3c can 

be attributed to the Fe3+/Fe2+ redox couple of the Fe-N-C catalysts [55, 56]. Integration of Fe redox 

peaks in the CV yields the Fe redox charge, a measure of the number of Fe sites, assumed to be 

the active sites or associated with the active sites in the Fe-N-C electrocatalyst. From the double-

layer charging current in the potential range of 0.1 to 0.4 V vs. RHE, the capacitance can be 

calculated, which can be used to estimate the surface area of the catalyst that is accessible to the 

electrolyte [57-60]. The ORR catalytic activity of Fe-N-C catalysts is influenced by various 

physicochemical properties of the material, such as the concentration of Fe-Nx, the presence of 

less active species, such as Fe nanoparticles or Fe3C, and the microporosity which is determined 
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by the extent of carbon graphitization [9, 17, 61-63]. All of the synthesis parameters studied here 

can influence these properties. For instance, only a limited number of ultra-fine FeOx clusters 

formed during the heat treatment of Fe precursors can transform into atomically dispersed Fe-Nx, 

likely limited by the number of N-containing vacancies in the carbon structure formed during heat 

treatment of ZIF-8 [64]. Furthermore, excess Fe can react with the abundant carbon in the system 

to form carbide. Iron is also known to enhance graphitization, contributing to the formation of 

Fe3C [65]. A higher pyrolysis temperature and longer pyrolysis times can increase the desorption 

of N from the N-C, thus leading to agglomeration of Fe into nanoparticles in conjunction with a 

loss of microporosity and surface area. 

Fig. 4 shows the Pearson correlation coefficients using the initial datasets with eighteen 

samples for the furnace-closed cooling condition (Fig. 4a) and for the furnace open cooling 

condition (Fig. 4b). Here, the magnitude of the positive (negative) numbers indicates the degree 

of direct (inverse) correlation of the pairs. Parameters that can be controlled independently are 

uncorrelated and should result in a close to zero Pearson coefficient. This is indeed the case for 

many pairs of input material descriptors (e.g., Fe and phenanthroline-to-ZIF ratio (Phen); Tp and 

Hrate), although in some cases higher values have been observed for the Pearson coefficient (e.g., 

Fe and tP for furnace closed; Tp and Phen for both furnace states). Such spurious correlations result 

from the limited amount of data available and are expected to approach zero as more samples 

covering wider regions of the search space are synthesized and characterized. Of particular interest 

are the relationships of the input parameters with the outcome activities ORR1 and ORR2, 

measured in the first and second RRDE potential cycles. Notice, however, that ORR1 and ORR2 

appear to scale directly with each other in a near-perfect linear relation (additional discussion of 

this correlation is provided below). Hence, only one of these two properties is needed when 
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training ML models to establish correlations with the input descriptors. We will use ORR1 from 

here on. The insets in Fig. 4 highlight the corresponding correlation coefficients for ORR1 with Fe 

precursor concentration (Fe), phenanthroline-to-ZIF ratio (Phen), pyrolysis temperature (Tp), 

dwell time at the pyrolysis temperature (tP), and initial heating rate of the profile (Hrate). It should 

be noted that the ranges of values used in this parameter space were pre-selected to known regions 

of higher activity from the literature and so extrapolating beyond these ranges may significantly 

alter correlation values. 

For both cooling cases, tP is the most directly correlated parameter with increased activity. This 

speaks to the importance of accounting for the full pyrolysis (temperature versus time) curve 

beyond the typically reported controlled, single value pyrolysis temperature. The latter temperature 

is found to be either weakly directly or weakly inversely correlated with the initial catalytic 

activity. This may at least in part be due to previously reported nonlinear “peaked” behavior [66] 

where activity increases up to a given temperature and begins to decrease at higher temperatures. 

This contrasts with our previous findings [32], where pyrolysis temperature (without pyrolysis 

time considered) was found to be the dominant driver of ORR activity. The effect of the iron-

precursor content effects is as reported previously, with activity improving with the Fe loading up 

to a certain point, with little or no activity increase occurring for higher loadings [32, 67]. 

Interestingly, the effect of the phenanthroline content on activity is directly correlated in the case 

of furnace closed and inversely correlated with furnace open. This suggests that ideal precursor 

compositions (at least in the case of the nitrogen precursor) couple to the pyrolysis curve, in 

particular the cooling rate, and that simultaneous optimization of precursor ratios and heat 

treatment approaches are needed to enhance ORR activities.  In other words, iterative approaches 

to activity optimization with a single parameter being optimized at a time may miss key trends and 
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thus fail to meet the true potential of an electrocatalyst system. Finally, the importance of heating 

rate appears to be quite minimal in both cases but is more pronounced when rapid 

cooling/quenching of the system (furnace open) is avoided, thus suggesting that this is the least 

impactful parameter of the full pyrolysis curve.  

Fig. 5 summarizes our findings regarding the performance of the various regressor-selector 

combinations for the two cooling states of the furnace used during the synthesis process. Fig. 5a 

shows a schematic representation of the methodology described in section 2.3.4, in which we 

confined our adaptive learning loop to the subspace of initially measured catalysts and counted the 

average number of iterations 〈𝑛〉 that are necessary for a given machine learning-acquisition 

function pair to find the highest ORR1 activity within this dataset when starting from n0 randomly 

chosen samples. In Fig. 5a,b the blue circle markers show the numerically calculated values of 〈𝑛〉 

for the baseline random selector, which always chooses the next sample stochastically, regardless 

of any statistical information acquired by the machine learning model. In this case, the average 

number of iterations can be derived analytically as 〈𝑛./0123〉 = 	1 + (𝑁 − 𝑛4) × (𝑁 − 𝑛4 +

1)/2𝑁 (dashed blue line in the plots), which agrees well with computational simulations. Here, N 

(= 18 in our system) is the total number of samples in the entire training database for each cooling 

rate scenario. Note that because we always count the very first choice of samples as one iteration 

in our algorithm, then 〈𝑛./0123〉 = 1 only when 𝑛4 = 	𝑁.  

We expect that if n0 is large enough to cover most of the search space, all regressor-selector 

combinations should perform similarly to the random selector. Indeed, in the limit when the initial 

number of training samples is 𝑛4 = 	𝑁 − 1, the chances of not finding the best catalyst in the initial 

selection is 1/N and all machine learning model-acquisition function pairs have 100% probability 

of discovering the optimum sample in the next iteration. In the opposite limit (when 𝑛4 is small), 
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the performance of all regressor-selector pairs deteriorates as the machine learning models may 

fail to properly capture the correlations between input descriptors and outcome properties. 

Intermediate values of 𝑛4 are therefore the most appropriate for deciding the best regressor-

selector pair for our systems, and for this reason, we limit the number initial of random picks to 

the range shown in the figures (3 ≤ 𝑛4 ≤ 10). As presented in Fig. 5a,b, 〈𝑛〉 generally decreases 

with increasing n0 as the probability of finding the best sample in the first random selection is n0/N. 

Consistent with the inexistence of a universal optimizer [54], we observe that there are algorithms 

that underperform the random selector. For the samples synthesized under slow cooling conditions 

(furnace closed), Fig. 5b shows that all regressor-selector combinations involving the developed 

ANN model (diamond markers) should be avoided. We also note that GPR-PI and GPR-EI perform 

worse than stochastic selections when n0 < 5, but their efficiency becomes more promising as n0 

increases. All other possibilities of machine learning models-acquisition functions outperform the 

random selector, and we choose to work with the random forest-expected improvement design of 

experiment tool for the furnace-closed case, since it consistently finds the best sample in the 

training dataset with fewer average iterations than any other pair in the entire range of values 

considered for n0. Strikingly, Fig. 5c reveals that the RF-EI combination is the least promising 

approach for navigating the search space in the case of fast cooling rates (furnace open). In this 

situation, we observe that any search tool involving the KG global optimization method (red 

curves) is inappropriate, as their performance deteriorates when more initial samples n0 are 

considered. Finally, it should be noted that although RF-PI appears to be the best option in Fig. 5c 

at small values of n0, it is slightly outperformed by ANN-EI and ANN-PI when larger sets of initial 

data (n0 > 7) are considered. As there are no reasons for not using the complete dataset of available 

samples for training ML models in our problem, we have selected ANN-PI (which is always better 
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than ANN-EI in the range considered) as the DoE tool to be used in the case of high-throughput 

synthesis with the furnace open. We comment that the shift in the ideal approach depending on the 

furnace state further confirms the inexistence of a universal optimizer in a practical system [54], 

and highlights that the use of different cooling rates during the synthesis process strongly affects 

the landscape of the parameter’s search space.  

In Fig. 6, we discuss the performance of the selected machine learning algorithms trained on 

our existing databases and how the computational models can be leveraged to investigate the effect 

on the catalyst activity of the synthesis conditions beyond the linear regime considered by the 

Pearson correlation coefficients in Fig. 4. Following the discussion in the previous paragraph, we 

will concentrate on the random forest and artificial neural network regressor. Fig. 6a,b compare 

the ORR1 predictions, obtained with the hyperparameters-optimized RF and ANN models (see 

Section 2.3.2), for the cases of furnace closed and open, respectively, with the measured values in 

the initial dataset. The models accurately capture correlations between the independently 

controlled parameters and the ORR activity, although they tend to slightly underestimate the 

experimental values of ORR1 for the best-performing samples. Also, there is considerable 

uncertainty in the model predictions due to the sparse availability of data, resulting in standard 

deviations as high as ~2 mA/mg (ca. 20% relative error) for some samples. This indicates that 

further exploration of the search space is still needed, and the design of experiment framework 

may suggest new materials that would decrease the overall uncertainty of the models before 

exploiting around local maxima of the activity. Moreover, it is worth noticing that overfitting does 

not occur due to the statistical bootstrap sampling strategy employed for modeling predictions and 

uncertainty quantification.  
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In Fig. 6c,d we quantify and compare the dependence of ORR1 on five material descriptors 

using nonlinear correlations between input-output features, as captured by the RF and ANN 

models for the slow and fast cooling scenarios, respectively. Our sensitivity analysis is based on 

the permutation importance score, which works as follows. We create synthetic datasets from the 

training database by randomly shuffling the values of a single input parameter, thus breaking the 

relationship between that specific feature and the outcome property of interest. We then evaluate 

the decrease in an ML model metric relative to the original (unshuffled) database. The larger the 

change achieved in the metric, the more the model depends on the feature under consideration. 

Clearly, the sensitivity of the ORR activity on the synthesis descriptors depends on the metric used 

to compute the permutation importance score. In our calculations, we perform the above procedure 

over 1,000 random shuffles for each synthesis parameter and we report the normalized average 

and standard deviation for the RMSE, coefficient of determination (R2), and mean-absolute-

percentage error (MAPE) metrics. Note that the computed average MAPE values are parameter-

dependent, but their large uncertainty prevents us from effectively using it to distinguish the 

relative relevance of the synthesis conditions. A different scenario occurs for the other two metrics, 

where we can distinctly separate the dominant synthesis descriptors. Similar to the Pearson 

correlation coefficient calculation, we notice that RMSE and R2 both rank the pyrolysis time as the 

most important parameter affecting the catalyst activity, regardless of the cooling process. For the 

furnace closed case, these two metrics also suggest that ORR1 is equally sensitive to the Fe loading, 

heating rate, and pyrolysis temperature, despite small variations in their permutation importance 

score. Moreover, unlike the observations from the Pearson coefficient, the phenanthroline-to-ZIF 

ratio seems to play a minor role in this case, highlighting the nonlinear nature of the correlations 

in our system. For the furnace open case, all parameters (except for tP) similarly affect ORR1, with 
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the average values of the metrics implying that the sensitivity ranking of the descriptors is a 

phenanthroline-to-ZIF ratio, Fe loading, heating rate, and pyrolysis temperature. We mention that 

as future experimental data is integrated in the training database one expects a significant decrease 

in the uncertainty of the permutation importance score, allowing for a more robust sensitivity 

analysis regardless of the metric of choice. Altogether, these results emphasize that the influence 

of synthesis conditions on ORR1 is highly nontrivial, making the use of Edisonian trial-and-error 

approaches unlikely to succeed in a timely fashion for the discovery of optimal synthesis 

conditions of Fe-N-C electrocatalysts. 

Fig. 7 shows the measured ORR mass activities for all samples synthesized in this work. For 

easy presentation, we have arbitrarily labeled the samples in the initial datasets with a numeric 

index from 1-18, corresponding to the order they are presented in the supporting material (Tables 

S1 and S2). We note that in the initial database the two best-performing samples had activities of 

12.3 mA/mg and 10.8 mA/mg for the furnace closed and open, respectively. These activities are 

achieved for an Fe loading of 1.60%, phenanthroline-to-ZIF ratio of 0.00%, pyrolysis time of 2.0 

h, and heating rate of 5.0 ºC/min in both cases, while the pyrolysis temperature was set to 1050 ºC 

in the former and 950 ºC in the latter case. A total of fourteen new catalysts (seven for each of the 

two cooling rates considered) were synthesized as we iterated through the adaptive learning 

framework loop and used the developed design of experiment tools to make optimal selections of 

synthesis conditions to test next. The measured ORR mass activity for these samples, as well as 

the ML model predictions and their uncertainties, are shown in Fig. 7 with labels in the range of 

19-25 (see synthesis conditions in the supporting information, Table S3 and S4), corresponding to 

the order that the samples have been prepared and characterized. The plot shows that the two 

trained ML models (RF and ANN) are effectively able to predict the activities of unexplored 
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compositions regardless of the cooling process used for catalyst preparation. Indeed, the 

computational calculations agree, within the standard deviations, with almost all experimentally 

measured ORR1 values (the only exception being sample #22 for the furnace-open scenario). For 

some catalysts, the statistical uncertainty associated with the ML predictions is substantially high, 

which is a direct consequence of the limited number of samples in the initial dataset. Future 

iterations through the adaptive learning loop should provide ORR activity values from poorly 

explored regions of the search space, resulting in more accurate ML models with reduced 

uncertainty.  

Note that the second sample suggested by the adaptive learning framework (sample #20) for 

the furnace-open case resulted in 𝑂𝑅𝑅5 = 	16.3	 ± 0.4 mA/mg that corresponds to an activity 

enhancement of about 51% with respect to the best-performing catalyst prepared under the same 

cooling conditions. This value is also 33% higher than the previously observed global maximum, 

which occurred for the furnace closed. We comment that this activity is about seven times that of 

state-of-the-art pyrolyzed Fe-N-C catalysts reported in other works (e.g., 𝑂𝑅𝑅5 = 	2.25	 ± 1.25 

mA/mg, measured at 0.8 V via RRDE using a catalyst loading of 0.8 mg/cm2, have been reported 

in [68]). Interestingly, the newly discovered best sample has been prepared with a significantly 

lower Fe loading in the precursors (0.80%) and a slightly higher pyrolysis time (tP = 3.0 h) than 

the two previously measured materials with the largest ORR1. The other synthesis parameters are 

phenanthroline-to-ZIF ratio = 0.00%, Tp = 1050 ºC, and Hrate = 5.0 ºC/min. The observed striking 

increase in the ORR activity demonstrates how our advanced theory-experiment framework can 

accelerate the discovery of electrochemical materials with enhanced functionalities and benefit 

fuel cell and catalysis research. The optimum Fe loading and pyrolysis temperature for this sample 

are comparable to those reported in Ref. [17]. They found an optimized Fe loading of 1 wt.% 
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(amongst 0.5, 1 and 1.5 wt.% Fe) and Tp =  1050 ºC. On the other hand, our best performing 

catalyst has been synthesized while opening the furnace at the end of pyrolysis. This is consonant 

with a few studies that have reported beneficial effects by quenching the temperature after 

pyrolysis as a way to decrease desorption of doped N atoms, but also formation of Fe-based 

nanoparticles [69, 70], thus decreasing Fe–N–C catalytic site density [71].  

Despite the good predictive capabilities of the developed regression models, we notice 

substantial differences in the performance of the adaptive learning framework for optimizing Fe-

N-C -based catalysts subjected to slow or fast cooling rates. In fact, in the former case, no new 

sample has been discovered with higher activity than the best ones in the original databases. In the 

latter case, four out of the seven catalysts prepared using the computational model guidance 

demonstrated an improvement in ORR activity. There are a few reasons that could explain this 

asymmetry in the two optimization processes. The simplest is that when randomly drawing the 

eighteen samples that compose the initial database for the furnace closed situation, we have already 

and accidentally discovered quasi-optimal synthesis conditions, in which case any new sample will 

likely underperform the best known so far. However, this is an unlikely explanation given the size 

of the initial dataset and the total number of possible synthesis steps available. A second plausible 

explanation is that the synthesis conditions for the training datasets for the furnace closed and open 

are intrinsically different (see data in the Supporting Information), and there are no compelling 

reasons why the chosen best regressor-selector pair optimizers should be equally efficient in both 

cases. An inspection of Fig. 5b,c reveals that the ANN-PI combination in the case of the furnace 

open slightly outperforms the RF-EI pair in the case of the furnace closed for finding the best 

catalyst in their corresponding databases. Finally, the use of distinct acquisition functions in each 

case, although well justified by our methodology, is certain to influence how the optimization 
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algorithms navigate the high-dimensional search space of uncharted synthesis conditions. Indeed, 

in the expected improvement function, the ML model uncertainty directly controls the 

exploitation-exploration trade-off. Due to the sparse data distribution, the uncertainty of model 

predictions is typically larger in the search space of unexplored combinations than in the original 

training set. As a result, the RF-EI design of experiment tool (furnace closed) may iteratively 

suggest testing new systems with lower activity but higher uncertainty to improve the overall 

performance of the ML model over the entire search space in the long term. On the other hand, in 

the probability of improvement acquisition function, an arbitrarily set parameter 𝜖 assesses the 

merits of exploitation versus exploration. Our choice for the value of 𝜖 (one-tenth of typical ORR1 

standard deviation observed experimentally, see Section 2.3.3) does not seem to significantly 

influence the optimization approach since RF-EI (furnace closed) and ANN-PI (furnace open) 

show similar performance when applied to their respective training data (see Fig. 5b,c). However, 

this fixed value of 𝜖 is smaller than the uncertainties observed in the uncharted search space, and 

this may have favored initial exploitation around a known local maximum for the furnace open 

case during the first iterations through the learning loop. In any scenario, further exercise through 

our adaptive design framework is likely needed to fully elucidate whether new catalysts with 

higher activity, synthesized under slow cooling conditions, are possible. 

In Fig. 8 we plot the ORR activity (ORR2) measured in the second RRDE cyclic 

voltammogram scan versus that obtained in the ORR measurement (ORR1). The former scales 

linearly with the latter regardless of the cooling rate employed during the synthesis process, as 

already captured by the Pearson correlation coefficient matrix in Fig. 4a,b. This result strongly 

suggests that the short-term stability (ORR activity loss during the first voltametric measurement) 

of Fe-N-C -based catalysts is largely unaffected by the specific synthesis conditions. We formally 
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capture the correlations between ORR2 and ORR1 by training an ML linear regression algorithm 

using all thirty-six samples initially synthesized and by using statistical bootstrap sampling to 

quantify the uncertainty. The resulting model is 𝑂𝑅𝑅6 = (0.91 ± 0.03) × 𝑂𝑅𝑅5 − (0.32 ± 0.19), 

which has a coefficient of determination R2 = 0.95 when we consider the fourteen samples obtained 

via adaptive learning as the testing database. As depicted in Fig. 8a, this model effectively 

describes the relationship between ORR2 and ORR1 for all samples available within a 99% 

confidence interval. It is interesting to note that the intercept of the linear regression model is non-

zero (= 0.32 ± 0.19 mA/mg). This implies that for poorly performing catalysts we need to consider 

nonlinear terms to accurately describe the short-term stability since ORR2 should vanish in the 

(unrealistic) limit of ORR1 → 0. This regime, however, is the least relevant as we are typically 

looking for optimum materials and conditions that maximize the catalyst activity for practical 

applications. In the opposite limit, one can neglect the intercept term in the linear model and 

approximate the short-term stability as 𝑆𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦	(%) = 100	 × (𝑂𝑅𝑅6/𝑂𝑅𝑅5 − 1) 	≈ (9 ±

3)%. Data in Fig. 8b confirm the model predictions that samples with ORR1 larger than ~8 A/g 

will lose about 10% of their initial activity from the first to second RRDE cyclic voltammetric 

scans. 

4. Conclusions 

In summary, we have successfully developed and demonstrated an adaptive learning 

framework for accelerated design and discovery of Fe-N-C oxygen reduction reaction 

electrochemical catalysts with enhanced ORR activity. Our approach leverages high-throughput 

synthesis using commercial precursors, machine learning, uncertainty quantification, and global 

optimization algorithms to realize a design-of-experiment tool that makes optimum selections of 

high-throughput synthesis conditions and limited the number of often expensive and time-
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consuming experiments. We have used the developed machine learning regression models to 

determine the critical roles played by various independently controlled synthesis parameters on 

ORR activity and short-term stability, including iron loading, phenanthroline-to-ZIF-8 ratio, 

pyrolysis temperature, pyrolysis time, and heating and cooling rates. By employing the adaptive 

design methodology with an initial dataset of only thirty-six samples prepared under unique 

conditions, over a universe of nearly 1010 possibilities in a six-dimensional search space, we have 

guided the synthesis of fourteen unexplored materials. We demonstrated that four of the new 

samples showed higher ORR activity, with one of them outperforming by more than 33% the 

previously known best catalyst in the entire training database. The sample with the highest ORR 

activity of 16.3 mA/mg (0.8 wt.% Fe, phenanthroline-to-ZIF ratio = 0.00%, Tp = 1050 ºC, tP = 3.0 

h, Hrate = 5.0 ºC/min, open furnace) showed a 600% activity improvement relative to the highest 

activity values reported in the literature for the same class of materials [68]. Furthermore, we have 

demonstrated the importance of the pyrolysis temperature profile (not just the pyrolysis 

temperature hold) and how it can couple to other parameters to influence the resulting ORR 

activity. Despite the overall success of the adaptive learning strategy, we mention that interpreting 

the computational DoE tool results and recommending samples to test next is cumbersome. The 

use of physics/chemistry-informed ML approaches [72] may potentially help in circumventing this 

challenge while providing further improvements in the performance of existing models. While 

enhancing adaptive learning capabilities with physics-informed ML for catalyst synthesis 

optimization could lead to promising research directions, physical or chemical models elucidating 

how variations in the synthesis process affect the activity of pyrolyzed Fe-N-C catalysts are still 

in need of development. Finally, our adaptive learning approach can be readily translated to benefit 
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research involving other materials and systems of interest to clean energy sciences, beyond the 

catalytic systems considered here for the oxygen reduction reaction. 
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Glossary of Acronyms and Symbols 

ANN – artificial neural network 

CV – cyclic voltammogram 

DoE – design of experiment 

EI – expected improvement 

E½– half-wave potential  

GC – glassy carbon 

GPR – gaussian process regressor 

Hrate – heating rate 

ilim – limiting current 

KG – knowledgeable gradient 

MAPE – mean-absolute-percentage error 

ML – machine learning 

ORR – oxygen reduction reaction 

PEFC – polymer electrolyte  fuel cell 

PGM – platinum group metal 

Phen – phenanthroline-to-ZIF-8 ratio 

PI – probability of improvement 

PTFE – polytetrafluoroethylene 
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RF – random forest 

RHE – reversible hydrogen electrode  

RMSE – root-mean-square error 

RRDE – rotating ring disk electrode 

R2 – coefficient of determination 

tP – pyrolysis time  

Tp – pyrolysis temperature 

ZIF – zeolitic imidazolate framework  
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Figure 1 

  

 

Fig. 1. Adaptive learning design loop. Existing data from previously synthesized and characterized 

samples, together with relevant features describing materials’ properties, serve to train machine learning 

frameworks that assess the relationships between independent descriptors (e.g., Fe loading, phenanthroline 

and ZIF-8 contents, pyrolysis temperature, etc.) and dependent outcomes (e.g., measured catalyst activity). 

The computational models are leveraged to predict the outcomes and their associated uncertainty for given 

input descriptor values. Integration of machine learning models with uncertainty quantification and global 

optimization methods enable design of experiment tools that suggest new samples to be tested, with the 

objectives of discovering materials with target properties (exploitation) and decreasing model uncertainty 

(exploration). The red star in the bottom right schematic plot highlights that we expect a greater 

improvement of the numerical algorithms if we experimentally study next sample labeled #3, due to its 

larger uncertainty, despite sample #2 showing an apparent higher value for the output variable. The results 

from new measurements augment the materials database, allowing for more robust computational models 

in the next iteration of the loop. 
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Figure 2 

  

 

Fig. 2. High-throughput synthesis and machine learning integration. (a) Picture of the robotic synthesis 

platform (Junior, Unchained Labs) and (b) schematics of a high-throughput planetary ball mill (PM400, 

Retsch) available at Argonne National Laboratory’s High-throughput Research Facility, which were used 

in this work for expedited synthesis of Fe-N-C electrocatalysts for oxygen reduction reaction. (c) Six 

independent parameters that can be controlled during the synthesis process have been selected for 

describing the catalyst samples, while the oxygen reaction rate mass activity measured in first and second 

cycles of staircase voltammetry in rotating-ring disk electrodes are used as dependent outcomes. The 

machine learning regression models surrogate the relations between the six input and two output features, 

allowing one to computationally elucidate the impact of synthesis conditions on catalyst activity and short-

term stability.  
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Figure 3 

  

 

Fig. 3. Catalyst activity characterization. (a) Typical steady-state oxygen reduction reaction polarization 

curves at 900 rpm. (b) H2O2 yield as a function of disk electrode potential. (c) Representative cyclic 

voltammogram with 100 mV/s and 0 rpm in O2 saturated 0.5 M H2SO4 (from sample #5 in the furnace open 

dataset). 
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Figure 4 
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Fig. 4. Feature correlations in synthesized electrocatalysts. Pearson correlation matrix for the two initial 

data sets with eighteen catalysts each, corresponding to samples cooled down to room temperature while 

keeping the furnace (a) closed or (b) open.  The inset histograms show the linear correlations between the 

initial activity of the catalysts and the synthesis condition parameters. Correlations were computed for the 

six independently controlled features (i.e., Iron weight loading – Fe; phenanthroline-to-ZIF ratio – Phen; 

pyrolysis temperature – Tp; pyrolysis time – tP; and heating rate – Hrate), the two dependent oxygen reduction 

reaction rate descriptors (ORR1 and ORR2), and various other measured properties of the samples (i.e., half-

wave potential – 𝐸!/#
(!)  and 𝐸!/#

(#) ; hydrogen peroxide yield at 0.4 V vs RHE – 𝐻#𝑂#
(!) and 𝐻#𝑂#

(#); limiting 

current – 𝑖&'(
(!)  and 𝑖&'(

(#) ; and electrode capacitance). Superscripts in some of the variables indicate the 

corresponding voltammetry cycle of their measurement. 
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Figure 5 

  

 

Fig. 5. Machine learning model-acquisition function optimization. (a) Schematic representation of the 

inference process developed for investigating the best regressor-selector pairs for the cases of furnace 

closed and open. n0 samples are randomly picked from the initial data set and used to train a regression 

algorithm. An acquisition function is used to guide the next sample to be selected from within the remaining 

ones and it is then incorporated to the training data. The model is retrained with the n0 +1 samples, and the 

same global optimization method is used again to suggest the next sample to be picked. The process is 

repeated iteratively until the best sample (marked with a star, highest ORR1 activity) in the initial database 

is discovered.  The best machine learning model-acquisition function pair efficiently leverages the statistical 

information in the training dataset and finds the optimal synthesis conditions in as few iterations as possible. 

(b) Comparison of the performance of different combinations of machine learning models and acquisition 

functions on the original data set with a total of eighteen samples synthesized with the furnace closed. (c) 

Same as the previous panel for the case of the furnace open. In both (b) and (c) the blue dashed curve 

corresponds to random trial-and-error selection of electrocatalysts.  
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Figure 6 

  

 

Fig. 6. Machine learning regression models predictive capabilities. Machine learning predicted oxygen 

reduction reaction activity versus actual measured values in the initial data sets for the furnace (a) closed 

and (b) open. Labels next to each point correspond to the order each sample appears in the databases in the 

supporting information. Following the results in Fig. 5, we have selected a random forest algorithm to 

model the catalyst activity for the furnace closed, and an artificial neural network model to surrogate the 

input-output correlations when the furnace is open. Computed values and associated errors are given by the 

means and standard deviations from predictions of machine learning models trained on 1,000 bootstraps 

(with replacement) of the original datasets. The black solid line represents ideal perfect agreement between 

model and measurements. Relative importance of the synthesis conditions descriptors on the catalyst 

activity for the furnace (c) closed and (d) open. The scoring metrics used here are the root-mean-square 

error (RMSE), the coefficient of determination (R2), and the mean-absolute-percentage error (MAPE). 

Permutation importance score values and their uncertainties are averages and standard deviations, 

respectively, from 1,000 random shuffling operations in each feature. 
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Figure 7 

   

 

Fig. 7. Experimental results of adaptive learning predicted samples. Oxygen reduction reaction activity 

for the initial databases (1-18) and for the samples predicted via the developed design of experiment tool 

(19-25) for the furnace closed (blue markers) and open (red markers). See Tables S1-S4 for samples’ 

synthesis conditions. Dot markers are experimental measurements while triangular markers correspond to 

predicted values from the machine learning models with uncertainties computed via statistical bootstrap 

sampling. Blue and red stars in the left-hand side show the highest ORR activity in the initial data for each 

furnace state. The red star on the right-hand side highlights the newly achieved best catalyst activity 

following the developed adaptive learning framework. 
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Figure 8 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 8. Fe-N-C electrocatalyst short-term stability. (a) Measured ORR activity in the second RRDE 

voltammetry cycle (ORR2) versus the initial activity (ORR1) for the original (dot markers) and machine 

learning-guided (‘x’ markers) samples for the furnace closed (blue) and open (red). The solid black line 

corresponds to a linear regression model developed on the initial dataset considering all initial 36 samples 

(used as a training data set), regardless of the furnace state. The model generalizes well (R2 = 0.95) for the 

14 samples synthesized during the adaptive learning loop (used as a testing data set). The gray shaded area 

gives the 99% confidence interval of the model, computed via bootstrap sampling. (b) Short term stability 

of the synthesized samples, defined as 𝑆𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦	(%) = 100	 × (𝑂𝑅𝑅#/𝑂𝑅𝑅! − 1), shows that highly 

active electrocatalysts (ORR1 > 8 mA/mg) loose about 9±3% of their initial activity between the first and 

second RRDE voltammetry cycles. The solid black line and the shaded area follow from the linear 

regression model depicted in panel (a).  

 

Initial 
dataset

Adaptive 
learning

X
X

Furnace closed
Furnace open

R2 = 0.95

99% confidence interval

ORR! = 0.91 ± 0.03 ×ORR" − (0.32 ± 0.19)
a b


