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Machine learning and high-throughput experimentation have greatly accelerated the discovery of
mixed metal oxide catalysts by leveraging their compositional flexibility. However, the lack of
established synthesis routes for solid-state materials remains a significant challenge in inorganic
chemistry. An interpretablemachine learning model is therefore essential, as it provides insights into
the key factors governing phase formation. Here,we focus on the formation of single-phase Fe2(ZnCo)
O4, synthesized via a high-throughput co-precipitation method. We combined a kernel classification
model with an application of global SHapley Additive exPlanations (SHAP) analysis to pinpoint the
experimental featuresmost critical to single phase synthesizability by interpreting the contributions of
each feature. Global SHAP analysis reveals that precursor and precipitating agent contributions to
single-phase spinel formation align closely with established crystal growth theories. These results not
only underscore the importance of interpretable machine learning in refining synthesis protocols but
also establish a framework for data-informed experimental design in inorganic synthesis.

Mixedmetal oxides (MMOs) exhibit excellent catalytic activity in reactions
such as the oxygen evolution reaction1–3 and hydrogen evolution reaction4,5.
MMOs can be composed of a wide selection of metal ions, ranging from
earth-abundant alkali and transition metals to noble metals6,7. typically in
various oxidation states, allowing for tunable structures and properties for
specific applications. However, this flexibility of the design comes with
challenges, as the vast number of possible combinationsmakes it difficult to
identify compositions that show both good thermodynamic stability and
can be successfully synthesized. To address this, machine learning (ML) or
artificial intelligence (AI)hasbeen frequently coupledwithhigh-throughput
experiments (HTE) to accelerate the discovery and optimization of targeted
materials8,9. With ML and HTE, scientists have not only made significant
advances in automated experimentation, but also in autonomous experi-
mentation, utilized to accelerate several aspects of material discovery10–13.
Previous work has demonstrated significantly acceleration to the down-
selecting of potential material candidates with enhanced properties, leading
to more efficient experimentation and exploration compared to traditional
means14,15.

Building a universally applicable model for synthesizability is chal-
lenging due to the limited dataset and the broad variability in synthesis
methods. The limited data available often restricts the ability of machine
learning models to generalize across different material spaces16,17, especially
when dealingwith new compounds or structures not covered in the training

data18,19. Consequently, it can be more practical to develop localizedmodels
that guide experimentalists in specific systems. Therefore, themost effective
approach for synthesizing aparticularmaterial couldbe to create a surrogate
model anchored in local experimental data, which raises a second challenge:
the dataset would still be small and imbalanced, even with the use of
automated high-throughput experiments to generate it20. Moreover, while
ML can recommend promising materials with targeted compositions or
structures, the synthesis route often remains unspecified for
experimentalists21,22. The core issue lies in the fact that researchers tend to
rely on theoretical phase diagrams, leaving little guidance for designing
practical, feasible routes to single-phase compounds23,24.

This paper aims to tackle the challenges above by integrating kernel
methods and explainable AI with real-world experiments, enabling the
handling of small, imbalanced datasets while also guiding the development
of practical, feasible synthesis routines. Traditionally, theoretical and ML
approaches have been developed primarily for problems with assumed
linear settings25. Few examples include calibration in spectroscopy26, pre-
dictive control and optimization27, and estimation of coefficient of thermal
expansion28. In practice, however, these methods may not be applicable to
complex real-world chemical systems, where the relationships between the
process variables arenon-linear29. Kernelmethods30–34 solve thenonlinearity
problem by using a simple linear transformationmanner. The key idea is to
project the sparse data onto a higher-dimensional space, where linear
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methods are more applicable35 and chances of over-fitting are less likely36.
Kernel methods are performed in two successive steps: First, the training
data in the input space is mapped onto a higher dimensional feature space,
where sometimes even unknown features are induced by the kernel37. In the
second step, a linear method is applied to find a linear relationship in that
feature space in a regression or a classification setting. Since everything is
formulated in terms of kernel-evaluations, there is no need for any explicit
calculations in the high-dimensional feature space38.

Herein, we leverage kernel learning and the SHapley Additive exPla-
nations (SHAP) to interpret the influence of synthesis conditions for the
single-phase formationof a ternary spinel systemFe2(ZnCo)O4. Specifically,
all samples are synthesized using a Chemspeed automation platform for
better reproducibility and precious parameter control across the synthesis
space. A kernel classification model is trained with the sparse independent
experimental conditions including reagent concentrations, the amount of
reagents, the reagent addition rate, and reagent addition order as features for
single-phase synthesis. Through this, we aim to generate a synthesizability
model. With the synthesizability model, we introduce a global SHAP ana-
lysis to interpret the positive-negative contributions of each feature for
single-phase predictions. This novel application of SHAP allows for rapid
in-silico navigation of the experimental parameter space, as well as identi-
fying critical conditions to spinel synthesizability. Surprisingly, our results
indicate that the amount of reagents plays an important role in the high-
throughput co-precipitation synthesis route. This hints that the preferred
conditions for material synthesis can cause environmental hazards by
generating a certain amount of waste, especially for industrial production.

This manuscript is organized as follows: Section 2 presents the
experimental results and exploration of the AI-suggested synthesis space.
Section 3 follows with a discussion on the implications of our findings.
Finally, Section 4 provides details of our methodology, including the HTE
synthesis and XRDmeasurement, kernel learning model, and performance
evaluation metrics.

Results and Discussion
Synthesis method and parameter control
Figure 1 demonstrates the workflow from synthesis and characterization to
Kernal-method modeling and SHAP analysis. The targeted Fe2(ZnCo)O4

spinel powders were prepared by co-precipitation method using the

Chemspeed platform (Swing XL model). The detailed synthesis and para-
meter control are listed in Section 4.1. Initially, a comprehensive list of
experimental features was developed on the basis of the mechanism for
crystal growth process, with strong consideration of pH, ionic strength, and
precipitant quotients. To mitigate multicollinearity and reduce chances of
overfitting-especially given the sparse experimental data - five key synthesis
parameters were selected via feature importance (see Table 1). This was
done by calculating the absolute correlation matrix for the generated
experimental dataset using the Pearson’s correlation coefficient. A pre-
defined threshold of 0.55 was then used to identify pairs of highly linearly
correlated features.This thresholdwas ahyperparameter tuned tomaximize
the LOOCVAUC.When a pair of features was highly correlated (exceeding
the threshold), the one feature that showed the larger average absolute
correlation with all remaining features was discarded to ensure feature
independence. The absolute correlation matrix of the initial experimental
features set can be found in the SI (Fig. S2). The K2CO3 concentration and
the metal precursor concentration represent the precursor concentrations
prior to the precipitation reaction. Given the correlation between pH and
K2CO3 concentration, pHwas disregarded as an input feature. All solutions
are prepared from an initial stock solution, diluted accordingly to reach the
desired concentrations. The metal precursor amount is calculated before-
hand and imported into the platform for control. With these three para-
meters, all the necessary information for each precursor solution can be
determined, including the volume of the highest concentrated precursors
and the volume of water for dilution. The adding rate can be regulated by
Chemspeed, and precipitation order is handled by experimental protocol
design. It should be noted here that the normal precipitation order refers to
adding the precipitating agents intometal precursor, while the other order is
definedas reverseprecipitationorder. Figure2 shows thedistributionof each
parameter from the conducted experiments.

High-throughput XRD results are used to label ground-truth data as
single-phase ormulti-phase. For our definition of single-phase, we refer to
amajority spinel phase as only observed in theXRDpattern.However, it is
still possible that there is an undetectable secondary phase in the structure,
given the limitations of our instrument. Theother phase (or phases) canbe
one or a combination of Fe2O3, ZnO, or CoOmetal oxide phases (Fig. S1).
This sparse dataset is significantly skewed toward the undesired multi-
phase solution, making it essential to employ kernel methods to assess

Fig. 1 | A summary of the overall workflow from experiment to analysis.
Fe2(ZnCo)O4 spinel samples are prepared by HT-synthesis using co-precipitation
method on Chemspeed automated platform with a series of post-treatment. The

final product is suspended in ink for HT-XRD measurement. The XRD results in
single-phase classification are used as training data for the synthesizability model.
Parts of the figure is created in BioRender.
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how each feature positively contributes to achieving a single-phase
solution.

Kernel classification of the ternary spinel
A kernel learning model is used to classify the phase of the binary spinel, as
described in method section “Kernel learning”. By leveraging kernel-based
learning approaches, the proposed classifier constructs a more refined and
flexible decision boundary within the latent feature space. The kernel
transformation not only captures subtle variations among data points but
also helps mitigate overfitting, which is especially crucial given our limited
sample size (70) and the heavy class imbalance skewed towards the unde-
sired negative class (multiphase solution). Under these conditions, the
kernel method helps preserve the integrity of the minority class repre-
sentations while ensuring robust generalization and improved classification
performance. This generalization is assessed via leave-one-out cross-
validation (LOOCV)withfive independent features Fig. 3A, as shown in the
confusion matrix in Fig. 3B. Notably, the LOOCV accuracy and the area
under the curve (AUC) are 0.843 and 0.836, respectively, demonstrating the
high efficacy of the classifier for synthesizability prediction. Specifically,
model evaluation on test data shows only 8 false negatives and 3 false

positives, showing the robustness of themodel in identifying actual positive
(single-phase) experiments with a relatively high recall (0.824). Figure 3C
presents the calibration curve (reliability diagram), demonstrating how the
predicted probabilities of themodel alignwith the observed frequency of the
single phase outcomes. The “zigzagging” trend, rather than a perfectly
smooth line, is primarily due to having very few samples in each bin as a
result of LOOCV. Despite this, the overall trend clearly demonstrates that
higher predicted probabilities consistently correspond to higher propor-
tions of actual single-phase experiments, confirming the model’s ability to
meaningfully rank experimental outcomes. The lack of predictions above
0.7 reflects the classifier’s tendency toward moderate probability estimates
in a constraineddata setting. Rather than assigningnear-certainpredictions,
themodel remains conservative, which reduces the upper range of predicted
probabilities. This conservative approach is preferable for our application, as
it ensures caution and reliability when dealing with inherently uncer-
tain data.

We capitalize on the model’s high recall to systematically explore the
design space for the desired single-phase solutions. To guide this explora-
tion, we employ an uncertainty sampling acquisition policy that prioritizes
experiments based on the model’s confidence. Specifically, we generate a
comprehensive set of 43,200 candidate experiments by taking the Cartesian
product of the relevant set of 5 experimental parameters (see Section 4.3.2 in
Methods). The uncertainty of each candidate is quantified as the absolute
difference from a probability of 0.5, with higher values representing pre-
dictions closer to the decision boundary, enabling us to focus on parameter
combinations where the model is most certain. This strategy ensures that
limited experimental resources are directed toward the most informative
samples, accelerating the discovery and validation of stable single-phase
regions.

Additionally, we leverage SHAP (SHapley Additive exPlanations)
values to gain deeper insights into each parameter’s positive contribu-
tion toward achieving a single-phase solution. This interpretative step is
a novel component of our approach, offering valuable guidance on
which parameters most strongly promote single-phase formation, thus,
further refining our exploration strategy for identifying stable single-
phase regions.

Fig. 2 | Ground-truth distributions for single-phase versus multiple phase of five
key experimental parameters in Fe2(ZnCo)O4 spinel samples generated via
Chemspeed automated platform. Phase labels are determined via high-

throughput XRD. A Metal precursor concentration, (B) adding rate, (C) metal
amount, (D) K2CO3 concentration, and (E) precipitation order. The total number of
experiment samples is 79, with only 17 resulting in the desired single-phase solution.

Table 1 | The five synthesis parameters controlled in the
experiments

Parameters Description

K2CO3 concentration (M) K2CO3 concentration before mixing with metal
precursors

metal concentration (M) All three metal precursors’ total concentration
before mixing with K2CO3 solutions

metal amount (mmol) The amount of total metal precursors

adding rate (ml min−1) The adding rate of reagent A into B

precipitation order 0 for normal precipitation; 1 for reverse
precipitation

This selection aimed to mitigate multicollinearity and model overfitting in sparse data by applying a
0.55 threshold to the absolute Pearson correlation matrix to eliminate redundant features.
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Model interpretability and feature contribution in the synthetic
design space
We use SHAP values to measure the contribution of each feature by com-
paring the classifier’s prediction with and without that feature, then aver-
aging these contributions over all possible coalitions in the synthetic design
space. This process yields both local and global interpretations of model
behavior. While the local interpretation reveals how a particular feature
influences the prediction for an individual data instance (see Fig. S5 in SI),
the global interpretation identifies which features have the greatest overall
impact on the model’s predictions across all generated synthetic
experiments39,40.

Formally, for each feature i and data instance x, the local SHAP value
ϕi(f; x) is defined as:

ϕiðf ; xÞ ¼
X

S�Nnfig

jSj! ðjNj � jSj � 1Þ!
jNj! f xðS∪ figÞ � f xðSÞ

� �
; ð1Þ

whereN is the full set of features, S⊆N⧹{i} is a subset of features excluding i,
and fx(S) is the model’s prediction for instance x when using only features
in S.

Meanwhile, the global SHAP value ϕiðf Þ for feature i is obtained by
averaging the local SHAP values over all samples x 2 D in the synthetic
design space:

ϕiðf Þ ¼
1
jDj

X
x2D

ϕiðf ; xÞ; ð2Þ

whereD is the complete set of generated samples and jDj is the total number
of samples in that space.

Figure 4 illustrates global SHAP values for individual features as con-
tour plots spanning the full synthetic design space. Although SHAP values
are computed locally for each instance, once a contour map covering the
entire range of two features is produced, it effectively aggregates these values
across all samples, providing a global perspective. Notably, the precipitation
order feature is not plotted in the contour plot SHAP analysis due to its
binary nature. Although precipitation order is widely recognized as an
important factor in the co-precipitation method, the experimental data in
Figure 2E show that both normal and reverse orders can yield single-phase
spinel. However, in both cases, the majority of experiments result in mul-
tiphase products. This suggests that while precipitation order can influence
specific outcomes, its overall impact on achieving single-phase spinel across

the explored parameter space is less consistent and generally weaker than
continuous variables such as metal concentration or addition rate.

Here, we provide a detailed discussion on the pairwise contour plots of
the global SHAP value for each feature in the synthetic space, where the
phase of the binary spinel is inferred by our kernel model. This analysis
offers insights into how these interpretative results align with existing the-
oretical understanding and experimental expectations. These plots ulti-
mately reveal key regions in the synthetic design space, where certain
parameter combinations most strongly favor single-phase formation.

Adding rate and metal concentration. Global SHAP values for adding
rate andmetal precursor concentration align with chemists’ intuition. As
shown in Fig. 4A and B, in the projection of metal concentration and
adding rate, both parameters prefer smaller values (yellow regions) to
form single-phase spinel materials, favouring steady and stable reaction
conditions. In contrast, higher metal precursor concentrations and
adding rate preferably result in multiple-phase existence of the final
precipitants. Figure 4A shows that the SHAP value of metal precursor
concentration has the highest positive contribution in the region where
metal precursor concentration is lower than 0.5 M and adding rate
between 2 and 8 ml per min. In the top region of Fig. 4A, where metal
concentration is above 2M, the metal concentration feature exhibits a
negative effect on the targeted phase generation. This result aligns with
the experimental observation (Fig. 2) that only multiple phases form at
metal concentration higher than 1.5 M. Here an adding rate of 3 ml per
min is equal to a dropwise every second, which is commonly used in
traditional co-precipitation method. However, the contribution of add-
ing rate is quite independent compared to other parameters. The contour
plot (Fig. 4B) of adding rate contribution shows clear steps from 1 to 8 ml
per min. Furthermore, the quantitative comparison between those two
features’ contribution should not be neglected. The highest positive
SHAP value from adding rate (0.4) and metal concentration (0.09) have
different orders of magnitude, indicating the direct role of adding rate in
the formation of single phases.

The amount of reagents. The amounts of reagents have a significant
impact on the single-phase formation as observed in Fig. 4C. The
amounts of reagents in this analysis refers to the metal amount para-
meter, as K2CO3 amount is consistently set to 1.5 times themetal amount
to ensure complete reaction and is exclued from the feature correlation
analysis41. We should note that the metal amount and metal concentra-
tion are two distinct features. The metal amount represents the total

Fig. 3 | Kernel learning is used in the ternary spinel synthesizability
classification model. A Absolute correlation matrix of the selected experimental
features using Pearson’s correlation coefficient. Other features with correlation
> = 0.55 are considered highly correlated, thus, disregarded. BConfusion matrix for
the binary classification of the solution’s phase. The leave-one-out cross-validation

(LOOCV) accuracy and AUC are, 0.843 and 0.836, respectively. C The calibration
curve shows that themodel’s predicted probabilities align with observed frequencies
of single-phase outcomes, with some natural zigzagging due to sparse bin popula-
tions in LOOCV.
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metal cations in each sample, not the concentration of the preparedmetal
salt solution. Figure 4C shows the metal amount contribution contour
profile in themetal amount versus K2CO3 concentration dimension. The
highest SHAP value of 0.85 indicates the pivotal role of reagent amounts,
especially compared with the highest SHAP value 0.144 from metal
concentration. See (Fig. 4D), wheremetal concentration SHAP values are
plotted against the same secondary parameter K2CO3 concentration. The
highest SHAP value frommetal precursor amount in Fig. 4C suggest this
parameter is crucial in the region where the K2CO3 concentration stays
between 0.18 and 0.25M and the metal amount is lower than 0.3 mmol.
However, the distribution from experimental data (Fig. 2) indicates there
is no single-phase generated when K2CO3 concentration is in the range
from 0.15 to 0.3 M. The influence of K2CO3 concentration will be further
discussed in the next section. The amounts of reagents are usually not
considered in traditional experiments, but SHAP analysis results identify
its important role in high-throughput synthesis. The sample volume and
reaction scale for high-throughput synthesis are usually limited by the
modular and protocol design. Studies have shown that different reaction
scales can lead to changes in products in Suzuki-Miyaura reaction42.
Considering the stochastic nucleation process, it is understandable that
the nucleation induction probability depends on the reactor scale43.

K2CO3 concentration. We use K2CO3 as the precipitating agent in the
co-precipitation synthesis method41. Within the range of 0.15 to 0.3 M
concentration, all 12 samples have at least one secondary phase according
to XRD phase identification. Therefore, we call this region a missing
region due to the low probability of a successful single-phase synthesis.
The distribution of other parameters in this missing region are shown in
Fig. S3 in SI. The distributions of other parameters in the missing region
fall within the same range as the rest of the data (Fig. 2), allowing us to rule
out improper condition selection as the cause. Notably, this absence of
single-phase outcomes occurs in the middle of the concentration range
rather than at the extremes, making it particularly intriguing. To further

verify that this was not a result of biased experimental conditions-such as
coincidentally combining this K2CO3 range with other known unfavor-
able conditions (e.g., high metal precursor concentration)-we conducted
31 additional experiments (Fig. S4). The additional experimental con-
ditions were selected to rule out the negative influence of other para-
meters on single-phase formation with low metal concentration (0.4,
1.2 M), small metal amount (0.3, 0.8 mmol) and low adding rate (2, 4 ml/
min), which are otherwise favorable for single-phase formation accord-
ing to the SHAP analysis. The K2CO3 concentrations of additional
experiments all focus on the “missing region" (0.16, 0.2, 0.24, 0.28M).
Although only 5 additional single-phase samples are fabricated in this
region, the single-phase ratio (9.1%) is still more than two times lower
than the other regions (26.9%). We used these additional experiments to
assess the calibration of our kernel model (Fig. 5). Of the 31 predictions
made by the kernel model, 20 aligned with the ground truth, while 11 did
not. Figure 5A shows the distribution of these disagreements (errors)
across uncertainty levels, separated by class type. Uncertainty was cal-
culated as the distance from 0.5 probability, with higher values indicating
predictions closer to the decision boundary. We set the high uncertainty
threshold at the 66th percentile (0.47). Overall, 54.5% of model errors
occurred in regions of high uncertainty, suggesting reasonable calibra-
tion. Formulti-phase samples, all disagreements (100%) occurred in high
uncertainty regions, indicating the model appropriately expresses low
confidence when it misclassifies multi-phase samples as single-phase. In
contrast, single-phase misclassifications showed lower uncertainty, sug-
gesting an area for potential model improvement, especially by the
addition of more single-phase samples, thus, reducing the class imbal-
ance in the training data. Figure 5B visualizes the model’s predictions of
the new experiments from the missing region in the probability-
uncertainty space. It is observed that most multi-phase errors (purple
diamonds) cluster in the high uncertainty region near the decision
boundary, while correct predictions (green circles and blue squares)
generally exhibit higher confidence (probabilities much further from 0.5).

Fig. 4 | Contour plots of the global SHAP values for different pairs of experi-
mental features, aggregated over the synthetic space of 43,200 experiment
samples. The phase of the binary spinel is inferred by the kernel classifier, and the
global SHAP value offers a comprehensive view of how each feature combination
positively influences single-phase formation in alignment with theoretical and
experimental expectations. Metal concentration SHAP values (A) and adding rate

SHAP values (B) in adding rate versus metal concentration contour plots fit our
expectation. Within the K2CO3 concentration range of 0.15–0.3 M, all samples
exhibit at least one secondary phase, creating amissing region (markedwith red)with
very few single-phase outcomes (C). Metal concentration SHAP values (D) and
K2CO3 concentration SHAP values (E) in metal concentration versus K2CO3 con-
centration contour plots behave differently.
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The observed pattern confirms that the model’s expressed uncer-
tainty correlates with error likelihood, particularly for multi-phase
samples.

The additional results confirm our initial assumption regarding the
interesting influence of K2CO3 in co-precipitation synthesis. Figure 4E
clearly shows that K2CO3 concentration in the missing region has only
negative contributions regardless of themetal precursor concentration. As a
weak base, K2CO3 can slow down the reaction, enabling more kinetic
control, similar to the usage of a strong base NaOH with a complexation
agent ammonia to synthesize dense and spherical hydroxides, as demon-
strated for Li-ion battery cathodematerials44. K2CO3 can provide hydroxide
ion source and also buffer pH to ensure consistent pH.However, it has been
reported that metal hydroxide particle growth occurs with dissolution even
in a continuous stirred tank reactor (CSTR)44–46. Each crystallization and
dissolution for different metal cations has a different equilibrium constant,
generating a complex net of reactions. For K2CO3 as the precipitating agent,
the net reaction includes the dissociation of potassiumcarbonate, hydrolysis
of carbonate, followed by bicarbonate, and the simultaneous growth and
dissolution of precipitants. (Table 2). Here Mn+ represents all metal cations
in both A and B sites (Fe3+, Co2+ and Zn2+). It is reasonable to assume that
with the presence of K2CO3 at a certain pH range favors a secondary phase
metal hydroxide formation since the precipitations start to form at different
pH for each metal cation species44.

Crystal nucleation and growth
Findings from the global SHAP analysis can be corroborated through the
underlying thermodynamics and kinetics of crystal growth theory. Crystal
growth theory has been established since Burton, Cabrera and Frank pro-
posed their basic theory (i.e., BCF theory)47,48. BCF theory is widely applied
in crystal growth studies from vapor, solution and melt systems, and pro-
vides a microscopic description on the mechanism of crystal nucleation,
growth, and precipitation. For solution-based synthesis, the precipitate or
crystal growth can be separated into two stages: nucleation and growth. The
first step, nucleation, occurs rapidly as an induced supersaturation of the
solution. Metastable polymorphs and metaphases form rapidly during this
process due to the non-equilibrium state, and are dependent on the
supersaturation ratio governed by the addition rate of K2CO3 and con-
centration of metal hydroxides. Our conclusions from the SHAP analysis
aligns with this theory, with slower addition of K2CO3 resulting in a higher
probability of single-phase growth, in agreement with slow K2CO3 addition
resulting in a low supersaturation ratio favoring fewer nucleation sites. The
second stage is the growth process. After the precipitate forms,metal cations
in the solution are continuously absorbed onto the nuclei while some ions
diffuse from the surface of nuclei, reaching a dynamic equilibrium. One
metric used to describe the interaction between the particle and supernatant
is zeta potential ζ, which depends on pH, ionic strength and ion properties49.

For single-phase materials, a high zeta potential is preferred for controlled
growth states for the increased repulsive electrostatic interactions50. SHAP
analysis results align with the role of zeta potential in the crystal growth
process. The missing region in the middle range of K2CO3 concentration
may result from a low zeta potential since both low and high pH values can
significantly increase the zetapotential (Fig. 4E)51. Similarly, lower precursor
concentration with lower ionic strength can prompt a thicker double layer
around the particles and lead to higher zeta potential, making the overall
crystal nucleation and growth process easier to control. This explains the
highest SHAP values only appear in the low metal concentration
region (Fig. 4D).

We have discussed how each experimental parameter contributes to
the prediction results in above SHAP analysis. All the parameters are related
to the thermodynamics and kinetics in the precipitate formation process.
Our SHAP value analysis qualitatively aligns with expectations of BCF
theory. However, our SHAP analysis also reveals that there is a high degree
of complexity. From the results, we can conclude that the complexity of
mixedmetal oxide synthesis systems rise as the number ofmetal cations and
competing metastable phases increase. Computational studies including
machine learning have made it possible to identify and downselect pro-
mising materials, but the difficulty of synthesizing the predicted composi-
tionor structure still exists in real-life laboratories. Therefore,webelieve that
surrogate synthesizability models focusing on material nucleation and
growth should be developed with effective and generalized descriptors.
Additionally, due to the inherent nature and randomness of crystal growth,
we propose that synthesizability should be modeled as a probabilistic out-
come. This study provides a preliminary inspiration for the synthesizability
model pipeline for the community.

Limitations in high-throughput synthesis
During the synthesis exploration process, we notice several limitations and
challenges in high throughput synthesis that need attention fromus and the
broader community. Questions including the flexibility of experiments,
reaction considerations and chemical considerations have been thoroughly
discussed previously52. Here, we use our high-throughput synthesis as an
example to discuss additional layers to this question.

The reaction scale depends on the reactor size from given automation
platform. It limits both the parameters we can change and the range within
which we can adjust them. In our experiments, the maximum total volume
of two precursor solutions is limited to 13ml with 2ml extra volume
reaction space, since the modules in our Chemspeed platform require the
usage of 15ml tubes in eachwell. The total volume constrains the grid search
space of the experimental parameters, in both the search parameter number
and range of each parameter. The theoretical parameter space should have
six dimensions including the two reagents’ concentrations and amounts
(fromwhich their volumes can be calculated), adding rate and precipitation

Fig. 5 | Kernel model calibration assessment. The
high uncertainty threshold was set at the 66th per-
centile (0.47) A Distribution of kernel model’s dis-
agreements (errors) in the missing region by
uncertainty level and class. B Probability vs uncer-
tainty of all samples in the missing region. 100% of
the multi-phase errors (FP) occur in the high
uncertainty region, while most correct predictions
(TP/TN) cluster in the low uncertainty regions with
higher confidence (probabilities further from 0.5),
demonstrating appropriate model calibration.
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order. The total volume limitation reduces one dimension in the parameter
space. Therefore, we ultimately use a searching space with five dimensions.
The range of volume also restricts other parameters’ searching range. If the
reagent concentrations are too diluted, their volume can easily go over the
total volume limit of our experimentation. Also, the volume limit regulates
the amount of final products, which can cause trouble for continuous
characterization measurement.

Our results further demonstrate that the reagent amount proves to be
an important feature in resulting the final product phase (Fig. 4). As dis-
cussed in the previous section, it is understandable that a smaller reaction
amount can favor one phase formation in a fixed reactor space. When the
nucleation process is considered as a stochastic event, the probability of
forming nuclei can bemodeled by a Poisson process, which depends on the
volume of available space53. The high-throughput synthesis reactor can be
considered as a closed system with a fixed amount of reagents. Theoretical
studies have shown that crystallization in a closed systemwould go through
a bulk metastable phase43. Compared with open systems in inorganic
chemistry synthesis, a flow chemistry setup like a continuous stirred tank
reactor can be hard to achieve for high-throughput experiments. The fixed
reactor size and closed system design constrain how much we can explore
experimental conditions with high-throughput experimentation. Here we
want to emphasize that this Poisson-based interpretation is conceptual.
Experimental validation by systematically varying reactor volume is beyond
the scope of this study. Our empirical observations are consistent with this
model, but direct experimental tests of volume-dependent nucleation
probability remain a task for future work.

Conclusion
In this study, Fe2(ZnCo)O4 spinel samples were synthesized via a co-
precipitation method on the Chemspeed automation platform, and their
phases were verified using high-throughput X-ray diffraction. By system-
atically varying five experimental parameters to explore single-phase for-
mation conditions, we integrated a kernel classification model with a novel
application of global SHAP analysis to pinpoint the experimental features
most critical to synthesizability. These findings reveal that reagent amounts
exert a stronger influence thanprecursor concentrations andunderscore the
advantages of combining automated experimentation with interpretable
machine learning. The global SHAP analysis is aligned with the classic BCF
theory as K2CO3 plays an importance role in both crystal nucleation and
growth stages by influencing phase stability and growth thermodynamics.
SHAP analysis highlights the complexity of single-phase formation amid
competing phases. Our approach offers a promising guidance for high-
throughput inorganic material synthesis, aligning both theoretical insights
and practical expectations.

Methods
HT synthesis
Fe2(ZnCo)O4 spinel was synthesized using Chemspeed Swing XL platform
with co-precipitationmethodas shown inFig. 1. Firstly, highly concentrated

metal precursor stock solutions (2M) and precipitating agent K2CO3 (1M)
were manually prepared and placed in Chemspeed platform. Metal pre-
cursors including ferric chloride (99+%, Thermo Scientific), zinc nitrate
(98%, Sigma-Aldrich)and cobalt nitrate (≥97.0%, Sigma-Aldrich)were used
andmixedwith the fixed ratio of 4:1:1. Potassium carbonate (CertifiedACS,
Fisher Chemical) was used as a precipitating agent to adjust pH for the
formation of mixed metal hydroxides/oxides. The amount of total metal
precursor and the amount of K2CO3 were always kept at a ratio of 1:1.5

41.
Secondly, both metal precursors and K2CO3 solutions were diluted to dif-
ferent concentrations respectively. The diluted solutions were drawn from
the bottom of each tube and then dispensed into the tube for complete
dilution. Both reagents were also moved to shaking zone for a 5-minute
shaking with 100 rpm. Thirdly, the precipitating agents (or metal pre-
cursors) were added at controlled rates into metal precursors (or pre-
cipitating agents) to form precipitants while shaking at 100 rpm. The
precipitant-solution mixtures were shaking for another 10 min and then
aging for 8 h in the Chemspeed. Finally, the precipitant-solution mixed
samples were centrifuged and rinsed with DI water for three cycles. All the
above operations were carried out by Chemspeed platform with five para-
meters controlled (Table 1). After automated synthesis, the powders were
tried at 80∘ in a vacuum oven and then transferred in a box furnace for 2h
annealing at 1000∘. After ball milling treatment, 0.006ml nafion (5%),
0.03ml isopropanol and 0.06ml water were added for each 1 mg fine
powder to prepare inks for high-throughput XRD measurement.

HT-XRDmeasurement
The inks in section “HTsynthesis”were drop cast on siliconwafers for high-
throughput XRD measurement. X-ray diffraction (XRD) measurements
were conductedusing aBrukerD8Discover diffractometer, equippedwith a
Cu microfocus X-ray source (λ = 0.15418 nm) operating at 50 kV and
1000 μA with a 0.4mm slit (Fig. S1 in the supporting information). XRD
datawere collected in the 2θ range from5∘ to 80∘, with a step size of 0.04∘ and
a dwell time of 1.2 seconds per increment. The diffraction patterns were
recorded in 1Dmode at ambient temperature, with the detector aperture set
to 62mmx 20mm. The Si wafer with samples was placed on themeasuring
stage, and the coordinates of thefirstfive sampleswere determinedusing the
overhead camera integrated into the diffractometer. A script was then
employed to apply translation and 2D rotation to calculate the remaining
samples’ coordinates.

Kernel learning
With a kernel, data can be nonlinearly mapped from original input space
RD onto a feature space RF , with input and feature dimension D and F,
respectively. For transformationϕ : RD ! RF , a kernel function is defined
as

Kðx; yÞ ¼ hϕðxÞ; ϕðyÞiF ¼ ϕðxÞTϕðyÞ; ð3Þ

where 〈⋅〉F is the inner product. Thismeans that a kernel is required to work
on scalar products of type xTy that can be translated into scalar products
ϕ(x)Tϕ(y) in the feature space. On the other hand, as long as F is an inner
product space, the explicit representationofϕ is notnecessary and thekernel
function K(x, y) can be directly evaluated as54. This is also known as the
kernel trick33, removing the need for the explicit evaluation of the compu-
tationally expensive transformation ϕ. Interestingly, many algorithms for
regression and classification can be reformulated in terms of the kernelized
dual representation, where the kernel function arises naturally32. The
transformation canbe done implicitly by the choiceof the kernel. In specific,
the kernel encodes a real valued similarity between inputs (i.e., experimental
conditions) x and y. The similarity measure is defined by the representation
of the system which is then used in combination with linear or non-linear
kernel functions such asGaussian, Laplace, polynomial and sigmoidkernels.
Alternatively, the similaritymeasure can be encoded directly into the kernel,
leading to a wide variety of kernels in the chemical domain55. In this setting,
the defined binary kernel function needs to be non-negative, symmetric and

Table 2 | The possible reactions during precipitant growth
process

Reaction type Reaction equations

Potassium carbonate dissociation K2CO3 ! 2Kþ þ CO 2�
3

CO2�
3 þ H2O!HCO�

3 þOH�

HCO�
3 þ H2O!H2CO3 þ OH�

H2CO3 ⇋ CO2 + H2O

Precipitant growth Mnþ þ n
2 CO

2�
3 !MðCO3Þn2

Mn+ + nOH− ⇋ M(OH)n

Precipitant dissolution MðCO3Þn2!Mnþ þ n
2 CO

2�
3

M(OH)n ⇋ Mn+ + nOH−
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point-separating (i.e. hx; x0i ¼ 0 () x ¼ x0). Given the numerical
experimental features, we define the distance (d) between the parameter
choices in experiments x and y as the l2 norm (Euclidean distance):

dðx; yÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn

i¼1
ðxi � yiÞ2

q
: ð4Þ

Here, xi and yi represent the valuesof the i-thparameter in experiments
x and y, respectively, and n is the total number of experimental parameters.

Kernel-based support vector classifier. We used a support vector
classifier (SVC) with a custom distance-based kernel (Eq. (4)) to predict
single-phase spinel formation, and evaluated its performance using leave-
one-out cross-validation (LOOCV). At each LOOCV iteration, one
sample experiment was reserved for testing, while the remaining samples
formed the training set. We first scaled each feature into the range [0, 1]
using a transformation. Then the pairwise Euclidean distances among the
training samples (Xtrain) and between each test sample and the training
set were calculated. These distance matrices replaced the original input
features, allowing the SVC to learn a classification boundary based on the
distance profiles in the higher dimensional space. At inference, we
obtained both a class label (single-phase vs. multi-phase) and the
decision-function score. The latter is the absolute distance from the
decision boundary, which was normalized to serve as an uncertainty
measure.

Synthetic design space exploration. We defined a parameter grid to
systematically explore the experimental design space. The experimental
variables include metal concentration, which takes values from 0.2 to 3.0
in increments of 0.2; metal amount, ranging from 0.2 to 2.0 with a step of
0.2; K2CO3 concentration, varying from 0.1 to 0.45 in steps of 0.05; rate,
an integer parameter spanning from 1 to 18; and precipitation order, a
binary parameter (0 or 1). The Cartesian product of these parameters
yields 43200 unique experimental conditions. For each sample point, our
kernel classifier is applied to estimate the uncertainty, measured as the
deviation from a probability of 0.5, where higher values signify predic-
tions that are nearer to the decision boundary. This approach enables
efficient in-silico navigation of the high-dimensional design space, while
providing quantitative uncertainty estimates for the phase predictions.

Performance metrics
To evaluate the performance of the binary classifier, we use two common
metrics: accuracy and the area under the receiver operating characteristic
(AUROC). Accuracy is calculated as the proportion of correct predictions
(true positives and true negatives) out of the total number of predictions:

Accuracy ¼ TP þ TN
TPþ TN þ FP þ FN

; ð5Þ

whereTP is the numberof true positives,TN is the number of truenegatives,
FP is the number of false positives, and FN is the number of false negatives.
AUROC measures the ability of the classifier to rank positive instances
higher than negative ones, accounting for different discrimination thresh-
olds. Formally, it is given by the integral of the true positive rate (TPR) as a
function of the false positive rate (FPR):

AUROC ¼
Z 1

0
TPR dðFPRÞ; ð6Þ

where TPR ¼ TP
TPþFN and FPR ¼ FP

TNþFP.

Data availability
All data used to produce results in this study are publicly available in the
following GitHub repository: https://github.com/AccelerationConsortium/
gremlin.

Code availability
All used to produce results in this study are publicly available in the fol-
lowing GitHub repository: https://github.com/AccelerationConsortium/
gremlin.
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