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Zeolites are microporous crystalline materials with diverse frameworks, widely used in industrial applications
such as petroleum refining and molecular separation. Unlike most zeolites, EMT can be synthesized under mild
conditions (at low temperatures and without the use of organic structure-directing agents), making it attractive
for cost-effective and environmentally sustainable production. However, the specific synthesis conditions that
selectively produce EMT rather than similar frameworks like FAU are not yet well established. In this work, we
develop machine learning (ML) models to guide the discovery of synthesis conditions for EMT zeolites. Our
dataset comprises 174 experimental synthesis attempts, recording reaction time, temperature, silica and alumina
sources, Si/Al stoichiometric ratio, and other synthesis parameters. We apply both classical ML methods and
pretrained foundation models to predict zeolite framework outcomes from these synthesis parameters. Feature
importance analysis identifies critical parameters for EMT formation, validating known synthesis principles.
Leveraging the ML models, we explore the synthesis space and identify six promising new conditions for
EMT formation. Experimental validation confirms EMT crystallization in five cases, including two with Si/Al
stoichiometric ratios outside the training dataset’s range. Evaluation on independent literature-reported synthesis
conditions further demonstrates the generalizability of the model. This work demonstrates a data-driven approach

to accelerating zeolite synthesis, closing the loop between ML prediction and experimental validation.

DOLI: 10.1103/v2yp-ylxm

I. INTRODUCTION

Zeolites are crystalline materials containing pores and
channels arranged in highly ordered three-dimensional frame-
works. Their unique pore sizes and channel geometries, which
can be chemically tuned, make them invaluable for industrial
processes like petroleum refining (where they help convert
crude oil into gasoline) and molecular separation (where they
selectively filter molecules based on size and shape) [1-4].
The synthesis of a specific zeolite framework depends on
a complex interplay of parameters such as atomic composi-
tion (e.g., SiO; and Al,O3 molar amounts and stoichiometric
ratio), reaction conditions (e.g., time and temperature), and
even precursor sources (e.g., fumed vs colloidal silica sources)
[5,6]. No unique synthesis route exists for a given zeolite
framework; variations in synthesis parameters can yield the
same crystalline phase, demonstrating the flexibility of the
synthesis process [7—11]. For example, EMT zeolites, typi-
cally synthesized at low temperatures of 30-60 °C with Si/Al
ratios around 2 [12,13], have been successfully dealuminated
(postprocessed) at elevated temperatures of 450-600 °C to
obtain Si/Al ratios ranging from 4.5 to 52 [14]. Despite this
flexibility, small changes in synthesis parameters can result
in completely different zeolite frameworks [15-17]. For ex-
ample, at low temperature, minor variations in temperature or
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reaction time can lead to a transition from EMT to alternative
frameworks such as FAU or SOD [13]. This dual behavior re-
veals fundamental gaps in understanding the factors governing
zeolite synthesis.

Computational methods have been extensively employed
to study zeolites. Molecular simulations using classical force
fields have successfully modeled molecular adsorption and
transport processes within zeolites [18-21]. First-principles
calculations based on density functional theory (DFT) have
provided accurate predictions of electronic structure, frame-
work thermodynamic stability, and zeolite-catalyzed reactions
[22-27]. Modeling the zeolite synthesis process, however, still
remains infeasible. Classical force fields require extensive
system-specific parametrization [28], and are further lim-
ited by accessible time and length scales, typically capturing
only microsecond-scale processes in complex, multicompo-
nent synthesis environments of synthesis gel. DFT, while
more accurate, incurs prohibitive computational costs for the
relevant length and time scales involved in zeolite crystalliza-
tion [6,29].

More recently, machine learning (ML) techniques have
been applied to investigate zeolite synthesis. Extensive
databases of zeolites have been constructed using data min-
ing and natural language processing to systematically extract
synthesis information from the literature [30-32]. Using such
databases, ML models have been developed for mapping
the synthesis-structure-property relationship [33—41]. These
studies have provided insights into the factors governing ze-
olite synthesis, such as the effects of synthesis parameters
on product yield [35] and inorganic structure-directing agents
[36]. Despite the progress and success, most existing work
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in this domain employs ML models to categorize synthe-
sis conditions based on the resulting zeolite frameworks.
However, the reliability of these predictions often remains
unverified, primarily for two reasons. First, the adopted ML
methods inherently contain errors and uncertainties, particu-
larly when trained on limited datasets [42-44]. Second, and
more critically, the proposed synthesis conditions are rarely
experimentally validated [6,45].

In this work, we integrate data analytics, ML methods,
and experiments to study the synthesis conditions that govern
EMT formation. Using an in-house dataset of 174 experimen-
tal synthesis conditions targeting EMT zeolites, we develop
ML models to predict crystallization outcomes. Compre-
hensive evaluation of multiple algorithms, including both
classical statistical ML methods [46] and the recently intro-
duced TabPFN foundation model [47], reveals comparable
performance across all methods. The ML models successfully
identify key synthesis parameters such as temperature, Si/OH
stoichiometric ratio, Si/Al stoichiometric ratio, and Si molar
amount that play a significant role in the formation of EMT
zeolites.

We also leverage the developed ML models to explore
synthesis conditions that favor EMT formation. This is ac-
complished by first generating new synthesis conditions in a
dimension-reduced latent space, followed by screening these
conditions based on both the predicted likelihood of forming
EMT frameworks (as determined by the ML models) and
additional criteria, such as the uniqueness of each condition.
Subsequent synthesis experiments demonstrate that five of the
top six predicted conditions result in a pure EMT phase. Thus,
the ML models are found to have a success rate of 83%. This
value is significantly larger than the baseline prevalence in the
training data set, where only 32% of the conditions yielded
pure EMT. Notably, while all synthesis mixture Si/Al ratios
in the training data exceeded 2.5, two of the five success-
ful conditions exhibited lower ratios of 1.77 and 2.3. This
demonstrates that our ML approach can identify synthesis
conditions that extrapolate beyond the parameter space of the
training data, uncovering previously unexplored regions of the
chemical space.

Finally, we benchmark the model against literature-
reported synthesis conditions to assess its external generaliz-
ability. This benchmark shows that the model reliably predicts
EMT outcomes for literature cases that remain close as well as
distant from the training domain, including cases with NaOH
far outside the original training range.

II. METHODS
A. Dataset

The in-house dataset is built around canonical OSDA-free
(organic structure-directing agent free) EMT synthesis routes
reported in the literature [12,13,48]. We retained the key
features that define these routes (alkaline, OSDA-free synthe-
sis from sodium-based silica and aluminum precursors) and
then deliberately broadened the synthesis space around them.
Compared to the literature routes, our dataset spans a much
wider range of compositions, crystallization temperatures and
times, and precursor choices, so that the ML model can learn

how EMT formation depends on synthesis parameters beyond
the narrow window of the literature conditions. A side-by-side
comparison of the literature routes and the in-house parameter
ranges is provided in Table S1 of the Supplemental Material
(SM) [49].

The raw experimental data was cleaned by checking for
duplicates, estimating missing values, and removing infor-
mation that can only be determined postsynthesis, such as
crystal morphology and pH. See SM for detailed data clean-
ing procedures. After cleaning, the final dataset consisted
of 174 samples with 13 synthesis parameters (i.e., features)
and a label indicating the final synthesis outcome. The fea-
tures include composition information (e.g., Si and Al molar
amounts), precursor type (e.g., fumed silica or Ludox-AS40
as Si source), synthesis time, and temperature, among oth-
ers. Table I lists all features, along with their data type.
The synthesis outcome label consists of three distinct values:
‘pure-EMT’ for zeolites with a pure EMT phase; ‘non-EMT’
for outcomes in amorphous or solution forms where no EMT
phase was observed; and ‘hybrid-EMT’ for zeolites exhibiting
intergrowth of EMT with other phases such as FAU. Out of the
174 samples, there are 57 pure-EMT, 69 hybrid-EMT, and 48
non-EMT. A pair plot showing the distributions of the features
is provided in Fig. S1 in the SM .

B. Model training

Given the relatively small dataset, we employed classi-
cal statistical ML algorithms (Random Forest [50], XGBoost
[51], and CatBoost [52]) to develop classification models to
map the features to the labels. We also used TabPFN [47],
a recently proposed foundation model pretrained on massive
synthetic data to address classification problems with small
data, which is well suited to our case.

The features were preprocessed before being fed to the ML
algorithms. Numerical features with continuous values (e.g.,
synthesis time) were normalized to have a mean of zero and a
standard deviation of one to ensure that the scale of different
features does not bias the learning process. Categorical fea-
tures that take discrete values (e.g., the reagent that provides
Si0;) were encoded using a one-hot scheme.

For all models trained in this work, the dataset was ran-
domly split into three subsets for training, validation, and
testing, with a ratio of 8:1:1. The model parameters were
optimized using the training set, hyperparameters were deter-
mined based on model performance on the validation set, and
performance metrics are reported on the test set in the main
text. Results on the training and validation sets are provided in
the SM. To reduce the dependency of the model on a particular
data split, we trained 35 models, each with a different data
split. The reported performance metrics represent the average
across all models, with error bars indicating the standard de-
viation of these measurements.

III. RESULTS AND DISCUSSION

A. Importance of synthesis parameters

We first benchmark XGBoost [51], Random Forest [50],
CatBoost [52], and TabPFN [47] by developing ternary
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TABLE I. Experimental synthesis parameters for EMT zeolites. X is one of: fumed silica, Ludox-AS40, Ludox-SM30, Na,SiO; and
tetraethyl orthosilicate (TEOS); Y is either AI(OH); or NaAlO,. Two types of features are used: numerical (N), which can have values in a

continuous range, and categorical (C), which takes discrete values.

Feature Explanation Type
Time Synthesis time (hour) N
Temperature Synthesis temperature (°C) N
Si Molar amount of SiO, N
Al Molar amount of Al cations N
NaOH Molar amount of NaOH N
H,O Molar amount of H,O N
Si/OH Stoichiometric ratio between SiO, and NaOH N
Si/Al Stoichiometric ratio between SiO, and Al cation N
Si size SiO, particle size (nm) in the silica source N
Si: X Reagent (X) that provides SiO, to the synthesis mixture C
ALY Reagent (Y) that provides Al cation to the synthesis mixture C
Pd:Si Whether the SiO, reagent is predissolved before adding to the synthesis mixture C
Pd:Al Whether the Al reagent is predissolved before adding to the synthesis mixture C

classifiers that predict synthesis outcomes (pure-EMT, hybrid-
EMT, or non-EMT) from synthesis parameters. Details of
model training are provided above in Sec. II B, and their per-
formance metrics, including accuracy, precision, recall, and
F, score, on the test set are summarized in Table II. All four
ML models achieve an F; score of about (.75, and no model
performs significantly better than the others. This is also true
for accuracy, precision, and recall. XGBoost is selected for
subsequent analysis.

Using the XGBoost model, we perform feature importance
analysis to identify key synthesis parameters that control EMT
formation. Feature importance analysis was conducted using
both the mean decrease in impurity (MDI) method [46] and
the Shapley Additive Explanations (SHAP) method [53]. MDI
quantifies feature importance by measuring the total reduction
in impurity (e.g., entropy) brought by each feature across all
trees in the ensemble [46], while SHAP employs concepts
from cooperative game theory to attribute the contribution of
each feature to the model’s prediction [53]. Moreover, the sign
of a SHAP value (positive or negative) indicates whether a
feature pushed the model’s specific prediction above or below
the average baseline prediction, which can provide deeper
insight into the model’s decision-making process. Both SHAP
analysis (Fig. 1) and MDI (Fig. S2, SM) identify the Si/OH ra-
tio, Si/Al ratio, temperature, and molar amounts of Si, NaOH,
and Al as the most influential features. This agreement under-
scores the importance of these parameters in EMT synthesis,

TABLE II. Performance of various models on the ternary classi-
fication. The error is obtained as the standard deviation of predictions
from multiple models, each trained on a different data split.

XGBoost Random Forest CatBoost TabPFN
Accuracy 0.76 £0.07 0.75+£0.09 0.76 £0.08 0.74 +0.09
Precision 0.79 £0.07 0.78+0.09 0.79£0.07 0.76 £0.09
Recall 0.76 £0.07 0.75£0.09 0.76 £0.08 0.74 £ 0.09
F 0.76 £0.07 0.75+£0.09 0.76 +£0.08 0.74 £ 0.09

despite differences in their relative rankings between the two
methods.

Although feature importance analysis confirms that syn-
thesis outcomes are governed by multiple parameters, distinct
regions in the parameter space correspond to specific zeolite
types. This relationship is illustrated in Fig. 2, which shows
the outcome labels plotted against the three most influen-
tial features: Si molar amount, Si/OH ratio, and temperature.
Although pure-EMT samples coexist with hybrid-EMT and
non-EMT, they are found exclusively within a specific regime
of Si molar amounts and Si/OH ratios (dashed box in Fig. 2).
The absence of pure-EMT samples outside this region demon-
strates that its crystallization is confined to certain synthesis
conditions.
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FIG. 1. Feature importance analysis using SHAP for the ternary
classification model. The horizontal spread of SHAP values indicates
feature importance: A wider distribution signifies greater influence.
The 18 features displayed (compared to 13 in Table I) result from
one-hot encoding, which expands categorical features into multiple
dimensions.
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FIG. 2. Distribution of synthesis outcome labels with respect to
the three most important features. These features are SiO, molar
amount, Si/OH stoichiometric ratio, and temperature. All pure-EMT
samples lie inside the dashed box.

B. A simplified and focused model

A closer examination of the ternary classification model
in Sec. IIT A reveals that prediction errors are primarily asso-
ciated with the hybrid-EMT class. As shown in Fig. 3, only
three pure-EMT samples are misclassified as non-EMT, and
only one non-EMT sample is misclassified as pure-EMT. This
stands in stark contrast to the hybrid-EMT class, which ex-
hibits substantial misclassifications with both pure-EMT and
non-EMT. We posit that because the hybrid-EMT class rep-
resents mixed-phase products, its synthesis conditions have a
larger overlap with those of both pure-EMT and non-EMT,
leading to a higher rate of misclassification. Since our pri-
mary objective is to identify conditions that yield pure-EMT
zeolites, we can simplify the problem by merging the hybrid-
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non-EMT

Target
hybrid-EMT

31
|_
o
é_ 3
>
o
non-lEMT hybri(l'j-EMT pure-EMT
Prediction

FIG. 3. Confusion matrix for the XGBoost ternary classification
model.

TABLE III. Binary classification results using the reduced
dataset of 101 samples. The reported values are averaged over pre-
dictions from multiple models, each trained on a different data split.
Therefore, the mean F; score is not generally equal to the harmonic
mean of the average precision and average recall, nor is it guaranteed
to lie between them. The error is obtained as the standard deviation
of predictions from multiple models.

XGBoost Random Forest CatBoost TabPFN
Accuracy 0.81£0.12 0.81£0.13 0.79+0.13 0.80+0.13
Precision 0.81 £0.13 0.814+0.15 0.79+0.14 0.80£0.14
Recall 0.79+0.13 0.80+0.15 0.79+0.14 0.79+0.14
F 0.79+0.13 0.79+0.15 0.78+0.14 0.79+0.14

EMT and non-EMT classes into a single class, called ‘Others’.
This results in a binary classification of ‘pure-EMT’ versus
‘Others’.

The task can be further simplified by focusing on the re-
gion of the parameter space most relevant to EMT formation.
As discussed above (see Fig. 2), pure-EMT crystallizes only
within specific regions in the parameter space. For the binary
classification task, we identified that the Si/Al ratio and NaOH
molar amount are effective at delineating the pure-EMT re-
gion (Fig. 4). All 57 pure-EMT samples are located within the
bounds of 2 < Si/Al < 10 and 30 < NaOH < 50. This region
contains a total of 101 samples with 57 pure-EMT and 44
Others. Using these two features for filtering is more effective
than using the top two features from the importance analysis
(Si molar amount and Si/OH ratio in Fig. 2), which define a
larger region containing 147 samples. Owing to feature corre-
lations, constraining Si/Al and NaOH also implicitly restricts
other parameters. For example, the temperature within this
focused region is confined to 3045 °C, a significant reduction
from the full dataset’s range of 30—100 °C.

Using the filtered dataset of 101 samples, we developed
binary classification models to distinguish pure-EMT from
Others. Similar to the ternary classification, the XGBoost,
Random Forest, CatBoost, and TabPFN models demonstrate
comparable performance on the test set across all classifi-
cation metrics, as summarized in Table III (results on the
training and validation sets are provided in the SM). At first
glance, the performance of the binary classification models
may appear only marginally better than that of the ternary
classification models presented in Table II. However, it is
important to note that in this binary classification task, 73 of
the 174 samples in the original dataset were excluded because
they can be trivially classified as ‘Others’. This is because
their synthesis conditions lie outside the defined ranges for the
Si/Al ratio and NaOH molar amount. Taking this into account,
the effective performance of the binary classification model is
significantly improved. For example, it achieves an accuracy
of 89%, compared to 76% for the ternary classification.

SHAP feature importance analysis was also performed for
the binary classification model, as shown in Fig. 5. Compared
to the ternary classification (Fig. 1), the top four most in-
fluential features remain the same: temperature, Si/OH and
Si/Al stoichiometric ratios, and Si molar amount. This fur-
ther confirms their critical role in determining EMT zeolite
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FIG. 4. Distribution of binary synthesis outcome labels with respect to Si/Al stoichiometric ratio, NaOH molar amount, and temperature.
(a) Distribution of all 174 samples in the dataset. (b) Magnified view of the dashed region in (a), which contains all pure-EMT samples.

formation. For a binary classification model, the SHAP values
can be directly interpreted as the contribution of each feature
to predicting the classification outcome [53]. In this context,
positive SHAP values indicate that a feature value favors
pure-EMT formation, while negative SHAP values suggest
the opposite. Figure 5 shows that, in general, positive SHAP
values are associated with high temperature and high Si/OH
ratio, suggesting that larger values of the two features can
promote pure-EMT formation. For Si molar amount and Si/Al
ratio, high SHAP values are associated with both high and low
feature values, indicating a more complex relationship with
EMT formation.
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FIG. 5. Feature importance analysis using SHAP for the binary
classification model. The 18 features displayed (compared to 13 in
Table I) result from one-hot encoding, which expands categorical
features into multiple dimensions.

C. Discovery of new synthesis conditions

With the trained binary ML classifier, we aim to discover
new synthesis conditions for synthesizing pure EMT zeolites.
This is achieved through a two-stage pipeline consisting of a
“synthesis parameters proposer” and a “synthesis feasibility
evaluator”, as illustrated in Fig. 6. First, the proposer gen-
erates new synthesis conditions that could potentially yield
pure-EMT zeolites. Next, the evaluator examines the fea-
sibility of the conditions using the trained ML classifier,
supplemented by additional validation checks. Finally, the
most promising candidate synthesis conditions are selected
for experimental synthesis and validation.

The synthesis parameters proposer aims to generate new
synthesis conditions both within and beyond the parameter
bounds of the original dataset. This can be accomplished
through methods such as grid search or random sampling
of features beyond their observed ranges. However, this ap-
proach faces two challenges. A grid search across all 13
features produces an exponentially large number of candi-
dates; subsequent evaluation of these candidates becomes
computationally intensive (see Sec. S5 in SM for a time esti-
mate). More critically, the features exhibit strong correlations
(see Fig. S1 in SM), and thus most candidates from grid
search or random sampling may be chemically unrealistic or
thermodynamically infeasible.

We address these challenges by proposing candidate syn-
thesis conditions in a dimension-reduced latent space obtained
via principal component analysis (PCA). This was car-
ried out as follows [Fig. 6(a)]. First, we transformed the
13-dimensional feature vectors of all data into a three-
dimensional latent space using PCA by retaining the first three
principal components. Next, for each of the three principal
components we sampled 19 evenly spaced values spanning
from 30% below the observed minimum to 30% above the
observed maximum. Altogether, 6859 new candidate synthe-
sis conditions were created. Finally, each candidate in the
latent space was mapped back to the original 13-dimensional
synthesis parameter space via the inverse PCA transform.
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FIG. 6. A two-stage pipeline for discovering new synthesis conditions for EMT zeolites. (a) New candidate synthesis conditions are
proposed in a dimension-reduced latent space obtained via principal component analysis (PCA). The blue circle indicates the boundary of
the parameter space covered by the dataset, whereas the green circle represents the expanded parameter space explored by the proposer.
(b) The proposed candidate synthesis conditions are screened to identify the most promising ones.

Three filtering criteria were then applied to the PCA-
generated populate to identify the most promising candidate
synthesis conditions: physical soundness, likelihood of pro-
ducing pure EMT zeolites, and distinctiveness from known
conditions in the dataset [Fig. 6(b)]. Some candidate con-
ditions contained unphysical parameters, such as negative
Si/Al ratios. After removing these invalid cases, the remaining
3375 candidate conditions were evaluated using the XGBoost
classifier developed in Sec. IIIB to predict their likelihood
of yielding pure EMT zeolites. Rather than using the binary
yes/no classification, we examined the continuous probability
score predicted by the model, which provides more granular
information. A higher probability score indicates a greater
likelihood of forming pure EMT zeolite. We retained candi-
dates with probability scores greater than 0.85, which reduced
the total to 374 candidates. We then computed Euclidean
distances of each of the 374 candidates to all samples in
the original dataset and used the minimum distance as the
“dissimilarity score” d. This score quantifies the novelty of
each candidate relative to known conditions; a higher value
indicates a more novel synthesis condition. Of the 374 condi-
tions, 346 were found to have dissimilarity score below 0.5
and were discarded, yielding a final pool of 28 promising
candidates (see Sec. S6 in SM for postprocessing details).

From the 28 candidate synthesis conditions, we selected
the six candidates with the highest predicted probabilities for
experimental synthesis (see Sec. S7 in SM for experimen-
tal details). The predicted synthesis parameters for these six
candidates are listed in Table IV. Remarkably, five of the six
candidates successfully produced pure-EMT zeolites, corre-
sponding to an 83% success rate. The remaining candidate
yielded a hybrid-EMT phase. This success rate represents a
2.6-fold improvement over the 32% success rate achieved by
the experience-guided methods used to generate the original
dataset. The structural identity of the resulting EMT samples
was confirmed by powder x-ray diffraction against the IZA
reference EMT pattern, and scanning electron microscopy of a
representative sample showed submicron aggregates of EMT
nanocrystallites, consistent with what is typically observed
for EMT prepared under OSDA-free conditions [12,13,48]
(Sec. S8 in SM).

Upon closer examination, we found that two of the five
pure-EMT samples were synthesized under extrapolated con-
ditions. Although all proposed synthesis parameters differ
from those in the dataset, most fall within the dataset’s ob-
served ranges. For example, the Si/OH ratios for the six
experimentally verified conditions range from 0.11 to 0.21,
compared to 0.09 to 0.34 in the original dataset (Fig. 7).
Nevertheless, two conditions have Si/Al ratios of 1.77 and
2.3, which fall below the dataset’s lower bound of 2.5. This
observation indicates that our ML-based pipeline can success-
fully extrapolate beyond the training data to discover novel
synthesis conditions. Since Si/Al ratio is a key determinant of

Others
Pure-EMT

New Hybrid-EMT

New Pure-EMT
0.35

0.30 A

0.25 A

0.20 A

Si/OH

0.15 A

0.10 A

0.05

6
Si/Al

10

FIG. 7. Distribution of the six experimentally verified synthesis
conditions proposed by the ML model. They correspond to the new
pure-EMT and new hybrid-EMT (purple diamond and green circles).
Samples from the training data are also included (orange circles and
gray diamonds). The number of training data appears to be less than
101 since many of them overlap in this two-dimensional plot.
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TABLE IV. Experimentally verified synthesis conditions proposed by the ML pipeline. “Probability” is the prediction confidence score
from the ML model, and “Dissimilarity” is the Euclidean distance of the synthesis condition to the dataset. “Outcome” indicates the observed
zeolite framework after synthesis, but not the label predicted by the ML model. Seven features are listed explicitly. The remaining six features
are the same for all six samples: Pd:Si (yes), Pd:Al (yes), Si size (2), Si:Na,;SiO3, Al:NaAlO,, H,O (450).

NaOH Al Si Si/OH Si/Al Time (hours) Temperature (°C) Probability Dissimilarity Outcome
37.39 2.08 5.27 0.14 2.32 72.11 41.39 0.90 4.98 pure EMT
36.76 1.12 5.14 0.14 4.90 71.85 41.43 0.88 4.65 pure EMT
36.65 1.65 5.40 0.15 3.61 72.58 41.56 0.88 0.67 pure EMT
36.93 1.26 4.15 0.11 3.69 72.32 42.21 0.87 3.90 pure EMT
36.59 2.93 7.58 0.21 1.77 73.18 40.45 0.86 1.79 pure EMT
36.99 1.04 5.35 0.15 5.29 71.29 41.06 0.93 4.65 hybrid EMT

synthesis outcome (Figs. 1 and 5), correctly predicting out-
of-range Si/Al ratios represents a nontrivial and noteworthy
achievement.

D. External validation on literature-reported syntheses

The experimental validation in Sec. IIIC confirms the
model on new in-house syntheses, including two recipes
beyond the training Si/Al range. A more stringent test of
generalizability is whether the model transfers to synthe-
ses performed by other groups, where synthesis conditions
such as precursor choices and reaction protocols can differ
from those in our in-house dataset. To probe this, we com-
piled 16 EMT zeolite synthesis conditions from the literature
[12,48,54-57]. The full dataset, literature compilation strat-
egy, the procedure for imputing descriptors not reported in
the original papers, and the model predictions are described
in Sec. S9 of the SM. Because some descriptors had to be
imputed, the literature validation should be read as a partially
imputed external evaluation across reported EMT-forming
conditions rather than a fully independent test across all model
inputs.

It is shown in Fig. 4 that pure-EMT samples in the in-house
dataset fall within a narrow range of NaOH and Si/Al values.
Here, we use these two descriptors to organize the literature
EMT samples, which fall both within and beyond the NaOH
and Si/Al ranges of the in-house dataset (Fig. 8). The gray
region marks the in-house NaOH-Si/Al envelope, where the
literature EMT samples have a median dissimilarity score
of d = 2.49, which lies within the d &~ 0.7 — 5 range of the
in-house cases we validated experimentally. In this region,
the model correctly predicts 8 of 12 EMT cases (67%). The
blue region marks literature EMT samples that fall outside
the in-house NaOH-Si/Al envelope, with NaOH values below
10. This is considered an extrapolation regime, as the median
dissimilarity score of these cases is d = 39.19, which is ap-
proximately 14 times larger than that of the literature cases in
the in-house region. The model correctly predicts three of four
EMT cases (75%) in this region.

The higher success rate in the extrapolation region than
in the in-house region may seem counterintuitive. A closer
look at the four low-NaOH cases shows that the differences
between the correctly and incorrectly classified ones do not
appear to align with NaOH or Si/Al, but rather with tem-
perature and crystallization time: The three correct cases
use 90 — 115°C and 168-624 h, whereas the misclassified

Dougnier case [56] uses 72 °C and only 24 h (Table S7, SM).
This is broadly consistent with the feature importance analysis
of the binary classifier (Fig. 5), in which temperature is the
most important feature and higher temperature tends to favor
EMT formation. That said, the small sample size (four cases)
makes the 75% rate sensitive to individual predictions and
should not be overinterpreted. Even so, the model correctly
identifies the majority of literature-reported EMT cases in
both regions, with success rates above the 32% EMT inci-
dence observed during the manual generation of the in-house
dataset.

Overall, the model’s performance across both regions sug-
gests that it does not simply memorize the in-house recipes but
captures broader relationships among synthesis descriptors,
such as the temperature dependence noted above. A more
definitive assessment, however, will require evaluation on a
larger set of literature cases.

Correct EMT Incorrect EMT

50 A
40 A
+
T 30 1
() In-house domain
s -
d=2.49
< 20+
Extrapolation
10 d=39.19
> =
0 -
T T T T T
2 4 6 8 10

Si/Al

FIG. 8. Model predictions for literature-reported EMT synthesis
conditions in the NaOH—-Si/Al phase space. The gray region marks
the NaOH and Si/Al envelope of the in-house dataset; the blue region
marks extrapolation beyond that envelope. The median dissimilarity
score d of the literature-reported EMT zeolites in each region is
annotated. d measures the distance from a synthesis condition to the
in-house dataset (see Sec. III C for its definition).
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IV. CONCLUSION

We developed a closed-loop framework integrating ML
and experimental synthesis to accelerate the discovery of
conditions for EMT zeolite formation. By collecting and sys-
tematically analyzing 174 OSDA-free synthesis attempts, we
identified temperature, Si/OH ratio, Si/Al ratio, and Si amount
as the most critical parameters governing EMT crystallization.
Our binary ML classification model, trained on a refined sub-
set of the data, successfully guided the experimental synthesis
of five (out of six) EMT zeolites under new conditions, achiev-
ing a much higher success rate than the experience-guided
approach. Notably, two successful conditions extrapolate be-
yond the knowledge contained in the dataset. Evaluation
against external literature further confirms that the model cap-
tures transferable relationships among synthesis descriptors
beyond the in-house recipes, correctly predicting the majority
of reported EMT cases both within and beyond the training
stoichiometric range.

This study demonstrates that data-driven approaches,
when coupled with rigorous experimental validation, can
significantly improve the effectiveness of zeolite synthesis
optimization. The approach of proposing synthesis conditions
in a dimension-reduced space followed by a multicriteria
screening provides a generalizable workflow that can be ap-
plied to other zeolite frameworks and, more broadly, to other
crystalline materials whose synthesis depends on a complex
interplay of compositional and reaction variables. Looking
forward, an iterative active learning strategy could system-
atically improve model accuracy with minimal experimental
effort. This process would involve incorporating newly vali-
dated outcomes and using them to retrain models and guide
subsequent experiments. We anticipate that this iterative ap-
proach will enable efficient navigation of the vast synthesis
parameter space and accelerate the discovery of new zeolite

frameworks. While this work focuses on classifying synthesis
outcomes, future efforts could explore the use of regression
models to predict quantities such as crystal size and yield,
thus enabling multiobjective optimization toward economi-
cal and environmentally sustainable synthesis routes. Beyond
synthesis itself, the long-term phase stability of metastable
frameworks like EMT, including their resistance to phase
transformation (e.g., to FAU) and amorphization under aging
or thermal treatment, is a critical practical consideration that
warrants dedicated investigation in future work.
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