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 A B S T R A C T

Data-driven strategies for accelerating materials discovery and optimization are often constrained by the lack of 
large, reliable, and machine-readable synthesis data. Although numerous synthesis recipes have been reported 
in the scientific literature, these data are predominantly presented in unstructured and heterogeneous formats, 
which substantially constrain their direct integration into data-driven research workflows. Here, we present an 
automated, fully open-source approach that uses large language models (LLMs) to extract structured synthesis 
information directly from the scientific literature. We apply it to zeolites, focusing on the hydrothermal 
synthesis of ZSM-5, an industrially important catalyst with physicochemical properties that are highly sensitive 
to the selection of synthesis conditions. The workflow integrates large-scale document processing, prompt-
guided extraction using a compact open-source LLM, and chemistry-aware post-processing to generate a 
database of ZSM-5 synthesis recipes. The resulting dataset consists of 1659 ZSM-5 synthesis entries spanning 
key parameters, including temperature, crystallization time, precursor selection, and synthesis gel composition 
among others. Validation is performed against a manually curated set of synthesis recipes. The automated 
approach demonstrates strong extraction accuracy across most categories, while statistical analysis of the 
dataset reveals synthesis trends consistent with established understanding of ZSM-5 crystallization. We discuss 
limitations arising from incomplete and inconsistent reporting in the literature and identify opportunities to 
enhance the reliability and robustness of automated synthesis data extraction as a foundation for the rational 
design of next-generation zeolite catalysts for a broad range of commercial applications.
1. Introduction

Zeolites are crystalline aluminosilicate materials containing ordered 
pore networks with molecular-scale dimensions [1,2]. Their high sur-
face area, tunable acidity, shape and size selectivity, and thermal and 
chemical stability facilitate their use in myriad large-scale industrial 
applications, including heterogeneous catalysis, separations, adsorp-
tion, and ion exchange [1–5]. Despite their technological importance, 
optimizing zeolites for specific applications remains a formidable chal-
lenge. Zeolite performance is sensitive to framework topology, chemical 
composition, defect density, crystal size and morphology, and the 
incorporation of heteroatoms or extra-framework species [1,2,6–10]. 
These characteristics are governed by a high-dimensional synthesis 
space involving precursor chemistry, organic structure-directing agents 
(OSDAs), mineralizers, gel composition, temperature, time, and post-
synthetic treatments [1,2,11–13]. Small variations in one or more of 
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these synthesis parameters can lead to zeolite materials with differ-
ent physiochemical properties, making systematic experimental explo-
ration to identify optimal materials for targeted applications time-
consuming, costly, and unpredictable [1,2,14,15]. Consequently, efforts 
to optimize zeolite materials have relied heavily on expert intuition and 
Edisonian experimentation [1,16,17]. An empirical approach to zeolite 
catalyst optimization is even more challenging due to the complex 
mechanisms of zeolite crystallization, [2] which emphasizes the impor-
tance of understanding the effects of synthesis conditions on material 
properties. Prior studies have demonstrated that subtle changes to 
zeolite growth conditions can significantly impact their physicochemi-
cal properties, and hence catalyst performance, which is particularly 
evident in attempts to achieve ultrasmall particle sizes, [18] hierar-
chical architectures, [19,20] or introduce special gradients in acid site 
density. [21] 

Data-driven approaches have shown tremendous promise in navi-
gating complex material design spaces [15,22–24]. However, a major 
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 data mining, AI training, and similar technologies. 
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bottleneck to the application of such approaches is the accumulation 
of reliable synthesis data from the vast and heterogeneous literature. 
Zeolite synthesis information is distributed across thousands of research 
articles published over the past half-century and reported with varying 
levels of detail using inconsistent terminology. Further, synthesis con-
ditions are scattered across text, tables, and figures, making manual 
curation labor-intensive and difficult to scale. These challenges have 
limited the size, completeness, and reproducibility of datasets available 
for modeling and machine-learning applications.

Early attempts to address this data curation problem relied on rule-
based text-mining pipelines. Tools such as OSCAR4 and
ChemicalTagger used predefined dictionaries, grammatical rules, 
and pattern matching to identify chemical entities and experimen-
tal relationships [25,26]. Related approaches focused on extracting 
numerical data from tables using document-structure parsing [27], 
and similar rule-driven pipelines have been successfully applied to 
extract reaction steps and synthesis workflows from patents and journal 
articles [28,29]. For zeolites, these methods enabled the first auto-
mated compilations of hydrothermal synthesis recipes using tailored 
heuristics, table parsing, and regular expressions [30] and the subse-
quent development of the ZeoSyn dataset comprising nearly 24,000 
syntheses across 233 framework types [31]. Related work also relied 
on keyword filtering, text matching, and natural language processing 
(NLP) algorithms to analyze reported synthesis data and identify trends 
linking OSDAs to zeolite framework formation [32]. Nonetheless, they 
require extensive manual rule development and exhibit limited ro-
bustness to variations in writing style and experimental reporting 
conventions.

More recently, large language models (LLMs) have fundamentally 
altered this landscape by enabling context-aware interpretation of 
published experimental protocols. Domain-adapted models such as
MatSciBERT improve recognition of chemical entities and synthe-
sis relationships in complex and variable sentence structures [33]. 
General-purpose LLMs now offer additional capabilities, including rea-
soning across sentences and sections, integrating information from 
text and tables, and adapting to diverse reporting styles with min-
imal manual rule design [34,35]. These advances are particularly 
well-suited to zeolite synthesis literature, where key parameters are 
often distributed across multiple sections of a manuscript. Recent 
approaches that combine domain-adapted encoders with structured 
extraction workflows have also shown promise in mining synthesis 
recipes at scale [36]. Several recent studies have extended this direction 
specifically within zeolite synthesis research. For example, zeolite 
synthesis event extraction has been formulated as a structured NLP task, 
with recent LLM-based evaluations showing that high-level synthesis 
events can be identified more reliably than fine-grained experimental 
arguments [37]. Other recent work has focused on automated ex-
traction and validation of synthesis arguments from zeolite synthesis 
text [38]. Beyond extraction, LLMs have also been explored for zeolite 
synthesis design, including knowledge-informed OSDA selection and 
agent-based de novo OSDA generation [39,40].

Motivated by recent advances in general-purpose LLMs for scientific 
text mining, this work presents an automated pipeline for extracting 
structured materials synthesis information from the published litera-
ture using a fully open-source LLM. The proposed approach integrates 
document processing, prompt-guided extraction, and chemistry-aware 
post-processing to convert unstructured experimental descriptions into 
structured, machine-readable synthesis recipes. As a focused case study, 
the approach is applied to the hydrothermal synthesis of zeolite ZSM-
5, an industrially important and extensively studied framework whose 
physicochemical properties are highly sensitive to synthesis condi-
tions [1]. Despite relying on a compact, non-fine-tuned LLM, the ex-
traction achieved strong accuracy across most synthesis parameter 
categories, consistent with the quality of reporting in the underlying 
literature. Beyond dataset construction, the extracted synthesis records 
enable systematic analysis of synthesis trends reported across the ZSM-5 
2 
literature. Limitations of the approach associated with incomplete and 
heterogeneous reporting are discussed, along with potential avenues 
for improving automated synthesis data extraction. Our study suggests 
that with further refinement to address some of these limitations, 
the proposed approach will be extensible to more complex zeolite 
systems and facilitate the synthesis of materials with specific, targeted 
properties tailored for different applications.

2. Methods

The construction of the ZSM-5 synthesis dataset follows a multi-
staged workflow that integrates large-scale document processing, auto-
mated extraction via a LLM, and chemistry-aware post-processing (Fig. 
1). The first stage, Document processing, encompasses PDF acquisition, 
text extraction, and preliminary formatting to convert research articles 
into machine-readable text. The second stage, Data extraction, leverages 
domain-specific knowledge to formulate instructions that guide the 
LLM in capturing synthesis-relevant entities and experimental condi-
tions, and a language-model inference followed by structured parsing 
to get the output. The final stage, Data cleaning, includes cleaning, 
and standardization of outputs into a format suitable for downstream 
analysis. A full description of the methodology and a discussion of 
alternative approaches are presented in the Supporting Information 
(SI); the following describes the final implementation used to curate 
and analyze the ZSM-5 synthesis dataset.

2.1. Document collection and preprocessing

Research articles related to ZSM-5 were collected from the Web of 
Science database using a keyword-based search strategy designed to 
capture both synthesis and characterization studies. The initial corpus 
comprised 12,287 publications spanning multiple years and publishers 
and served as the input for subsequent processing steps. All PDF docu-
ments were converted into machine-readable text using the open-source 
tool MinerU [41], which extracts text, equations, tables, and other 
structural elements while preserving the logical reading order of each 
document. Although this preprocessing step retained text and many 
tabular elements, information present solely as image content was not 
comprehensively extracted. This limitation is relevant for information 
contained in microscopy images, graphical plots, or other figure-only 
content. In particular, morphology-related information such as crystal 
size, morphology, and faceting may be missed when it is shown only 
in SEM or TEM images and not described in the surrounding text or 
figure captions. This standardized text representation enabled reliable 
downstream parsing and analysis.

To retain only studies that report ZSM-5 synthesis protocols, an 
automated relevance filtering step was applied using the Mistral In-
struct 2.0 LLM [42] with prompt engineering (see Section S2 in the 
SI for the prompts). Papers were retained if they contained at least one 
synthesis-relevant parameter, resulting in a filtered set of 3008 articles 
that formed the basis for structured data extraction.

2.2. Data extraction and error handling

The Mistral Instruct 2.0 LLM was employed for automated synthesis 
data extraction due to its open-source availability and its support for 
a 32,800-token context window. This extensive capacity allows for 
the analysis of an entire research article in a single pass, rather than 
restricting extraction to isolated sections or requiring the fragmenta-
tion of text into smaller segments. This capability is critical because 
synthesis parameters are typically scattered throughout the manuscript, 
appearing in the main text, experimental tables, and even figures. We 
also tested other open-source LLMs such as LLaMA. Mistral Instruct 
2.0 showed higher accuracy in our preliminary test, and thus it was 
adopted.
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Fig. 1. LLM-based workflow for synthesis recipe extraction. The process consists of three stages: Document processing (left column) where PDF research articles 
are converted into machine-readable text; data extraction (middle column) based on prompt engineering using structured instructions and error-handling strategies; 
and synthesis information generation via the Mistral LLM, and data cleaning and standardization (right column), where extracted outputs are cleaned and converted 
into a consistent dataset.
Table 1
Categories of synthesis information extracted by the LLM and their
descriptions.
 Category Description  
 Synthesis composition 
(molar ratios)

The molar ratios of different precursors used in 
the synthesis recipe (e.g., silica, alumina, OSDA, 
water, etc.), typically reported in the form of a 
chemical composition ratio.

 

 Synthesis temperature(s) The temperature(s) at which the hydrothermal 
synthesis or crystallization process was conducted.

 

 Synthesis time(s) The duration(s) of the synthesis or crystallization 
step, often reported in hours or days.

 

 Silica source(s) The chemical compounds or materials that supply 
silicon in the synthesis gel or solution (e.g., 
tetraethyl orthosilicate (TEOS), fumed silica, 
sodium silicate).

 

 Aluminum source(s) The chemical compounds or materials that provide 
aluminum for the zeolite framework (e.g., 
aluminum isopropoxide, sodium aluminate).

 

 Organic structure-directing 
agent(s) (OSDAs)

The organic molecules that direct the 
crystallization of a specific zeolite framework 
during synthesis (e.g., TPAOH, TEAOH, TBAOH).

 

 Bulk Si/Al ratio(s) The silicon-to-aluminum molar ratio measured in 
the bulk zeolite sample after synthesis.

 

 Surface Si/Al ratio(s) The silicon-to-aluminum molar ratio measured on 
the external surface of the zeolite crystals.

 

 Crystal size(s) The reported size or size range of the synthesized 
zeolite crystals, typically in nanometers or 
micrometers.

 

A key task in using the LLM to extract synthesis information involves 
designing appropriate prompts to instruct the LLM to accomplish the 
work. To optimize the extraction, we developed a prompt engineering 
strategy focused on both information coverage and structural relia-
bility. First, we designed prompts to specify the precise information 
3 
categories to be extracted, which are detailed in Table  1. The LLM was 
instructed to act as a research assistant, scanning the entire manuscript 
to recover synthesis parameters that are often scattered in a scientific 
article. For each targeted field, the prompt explicitly requires either 
the specific value or the string ‘‘Not provided’’ to ensure completeness 
and minimize hallucinations. Second, we designed prompts to enforce 
a strict output format by mandating a structured JSON schema. By 
combining general extraction instructions with well-formatted schema 
definitions and representative examples, we guided the model toward 
a consistent, machine-readable structure that facilitates reliable down-
stream parsing. The full prompt templates used for this extraction are 
provided in Section S2 in the SI.

To maintain robustness, error-handling logic was integrated into the 
extraction workflow to ensure the reliability of the synthesis dataset. 
Although we utilized a Pydantic [43] data model to define a target 
JSON schema, the Mistral LLM occasionally failed to adhere to this 
structure, producing outputs with malformed syntax or extraneous 
text. As illustrated in Fig.  2, a custom post-processing pipeline was 
developed to address these issues by stripping markdown code blocks, 
filtering out nested schema definitions, and removing invalid or empty 
dictionaries.

Once valid JSON objects are isolated, the framework identifies the 
most relevant synthesis record. Because the keys generated by the LLM 
do not always match the standardized names specified in Table  1, we 
employed a fuzzy matching pipeline using RapidFuzz [44] (Fig.  3). 
For example, if the model outputs a key labeled Silicon source
instead of the target key Silica (Si) source, fuzzy string matching 
calculates a similarity score based on token normalization to correctly 
map the data to the specified schema.

To further improve extraction robustness, a multi-pass retry mecha-
nism was implemented. If the initial processing fails to yield a valid 
or complete JSON object, the prompt is automatically reissued to 
the model with minimal refinements. This iterative approach ensures 
formatting compliance and maximizes the recovery of synthesis param-
eters from the full-text corpus.
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Fig. 2. Pipeline for extracting, cleaning, and validating JSON objects from LLM-generated outputs. The pipeline removes irrelevant code segments, filters nested 
schema structures, and isolates valid synthesis records for data consistency.
Fig. 3. Fuzzy matching pipeline for selecting the most relevant JSON object. 
Key normalization and scoring against predefined targets ensure that the best-
structured synthesis data is retained.

2.3. Data cleaning and standardization

Following extraction, the dataset underwent a dedicated data clean-
ing and standardization procedure to ensure consistency for down-
stream machine learning analysis. Although the previously described 
error-handling logic in Section 2.2 ensures structural validity (i.e., that 
the model outputs a valid JSON object), a separate data cleaning 
and standardization procedure was developed to address content-level 
inconsistencies. This latter stage focuses on harmonizing the extracted 
information into a uniform format without changing the underlying 
data.

As summarized in Fig.  4, common inconsistencies in the raw out-
puts included unit mismatches, multiple values within single entries, 
interchangeable chemical names, and descriptive text interleaved with 
4 
Fig. 4. Representative examples of data inconsistencies in the extracted 
dataset. Common issues included inconsistent units, multiple values reported 
in the same entry, interchangeable chemical names, use of ranges rather than 
discrete values, and extraneous descriptive text accompanying quantitative 
information.

numerical values. To address these issues, reported numerical param-
eters were normalized to common units using rule-based parsing and 
regular expressions. Specifically, temperatures were converted to de-
grees Celsius (◦C), synthesis times to hours (h), and crystal sizes to 
nanometers (nm), while extraneous qualifiers and non-numeric de-
scriptors were removed. Chemical precursor names were standardized 
to canonical forms to resolve inconsistent naming across studies. We 
utilized an LLM-based normalization strategy to preserve meaningful 
distinctions among different silicon, aluminum, and OSDA sources 
while maintaining commercial formulation details where available.

Synthesis composition entries were further normalized using a spe-
cialized LLM prompt designed to rewrite heterogeneous textual recipes 
into a fixed reagent–ratio representation. These reported recipes were 
transformed into structured key–value pairs suitable for quantitative 
analysis, removing extraneous descriptors in the process. Finally, the 
parsed composition dictionaries were expanded into separate columns, 
ensuring that individual chemical components appear as distinct fields 
in the final dataset.
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Fig. 5. Schematic illustration of precision and recall. Retrieved and relevant 
items are shown, with their overlap representing true positives; false positives, 
false negatives, and true negatives are explicitly labeled to illustrate the 
performance of the extraction model.

2.4. Dataset benchmarking metrics

Extraction performance was evaluated using precision, recall, and 
𝐹1 score. Precision and recall are defined as 

Precision = TP
TP + FP = Relevant retrieved items

All retrieved items . (1)

and 
Recall = TP

TP + FN = Relevant retrieved items
All relevant items . (2)

where TP stands for true positives, FP for false positives, FN for false 
negatives, and TN for true negatives. A schematic illustration of pre-
cision and recall is shown in Fig.  5. 𝐹1 score is the harmonic mean of 
precision and recall, 

𝐹1 = 2 × Precision × Recall
Precision + Recall . (3)

Precision measures the fraction of retrieved values that are correct, 
whereas recall measures the fraction of relevant values successfully 
captured. 𝐹1 score provides a balanced measure of accuracy and com-
pleteness.

3. Results and discussion

3.1. Validation of extracted synthesis data

We applied the automated pipeline described in Section 2 to the 
extraction of ZSM-5 zeolite synthesis protocols, resulting in the success-
ful recovery of 1659 synthesis records. To assess the reliability of this 
automated process, we performed a benchmark evaluation against a 
manually curated reference dataset. A subset of 140 papers, represent-
ing approximately 10% of the total extracted records, was randomly 
selected for verification by human annotators with domain expertise. 
For these articles, synthesis information was manually re-extracted to 
establish a ground-truth reference across all nine synthesis parameters 
listed in Table  1.
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Table 2
Benchmarking results for synthesis parameter extraction.
 Category Precision Recall 𝐹1 score 
 Synthesis temperature 0.95 0.93 0.94  
 Surface Si/Al 0.95 0.93 0.94  
 Synthesis time 0.93 0.90 0.92  
 OSDA 0.95 0.88 0.91  
 Aluminum source 0.85 0.83 0.84  
 Crystal size 0.91 0.71 0.80  
 Synthesis composition 0.78 0.76 0.77  
 Silica source 0.76 0.69 0.73  
 Bulk Si/Al 0.70 0.67 0.68  

The quality of the automated extraction was then quantified by com-
puting the precision, recall, and 𝐹1 score for each synthesis parameter. 
The results of this evaluation are summarized in Table  2. The quality 
of the extracted data varies across categories. High-performing fields 
include Synthesis temperature, Surface Si/Al, Synthesis time, and OSDA, 
each achieving an 𝐹1 score above 0.9. We found that these synthesis 
parameters are often reported in consistent and standardized formats 
in the literature (e.g., temperatures in ◦C, and explicit chemical names 
for OSDAs), enabling the LLM to reliably identify and extract them. We 
note that, unlike the other three synthesis parameters, Surface Si/Al is 
often not measured and thus is infrequently reported in the literature. 
Because surface Si/Al ratios are reported much less frequently than 
other categories, the reliability of this field was interpreted differently 
from commonly reported synthesis variables. In this work, a surface 
Si/Al value was considered valid only when the paper explicitly re-
ported a surface-sensitive measurement, such as XPS. Values obtained 
from bulk elemental analysis, gel composition, ICP, XRF, or EDS were 
not treated as surface Si/Al ratios. Therefore, for this sparsely reported 
field, the main reliability concern is not only whether a numerical value 
is extracted correctly, but also whether the model avoids incorrectly 
assigning bulk or nominal Si/Al ratios as surface Si/Al values. We 
therefore interpret this field with caution and identify it as a higher-
uncertainty descriptor in the extracted dataset. In the extracted dataset, 
92% of entries for this category were labeled as ‘‘Not provided’’, 
indicating that only a small subset of papers reported this value. As 
a result, its high scores reflect performance on a limited number of 
reported cases. Nevertheless, whenever the field was reported, the 
model extracted it accurately, leading to high scores within that subset.

Mid-performing fields include Synthesis composition, Aluminum (Al) 
source, and Crystal size. The moderate score for Synthesis composition
reflects the wide variability in how molar ratios are presented across 
papers; some use compact notations like ‘‘x SiO2: 𝑦 Al2O3’’, whereas 
others embed quantities in prose like ‘‘X g of SiO2 was mixed with Y g of 
water’’. The model tends to favor regular patterns, missing composition 
details presented in free-text form or in unconventional formats, thus 
resulting in reduced scores. The Al source category showed lower 
performance primarily due to misclassification errors rather than miss-
ing information. In several cases, valid aluminum precursors were 
incorrectly assigned as silica sources, particularly in complex synthesis 
descriptions where Si and Al reagents were discussed in close proxim-
ity. Additional errors arose in heteroatom substituted syntheses, where 
metal precursors were mistakenly identified as Al sources. Crystal size 
showed high precision but lower recall, indicating that extracted values 
were usually correct, but many valid values were missed. This behavior 
is likely due to the way crystal size is reported in the literature, where 
measurements are frequently embedded in figure captions, microscopy 
image annotations, or image-based characterization rather than in the 
main text. Because the extraction pipeline operates purely on textual 
content, such non-textual references remain inaccessible, leading to 
systematic false negatives in this category.

The low-performing fields are Silica (Si) source and Bulk Si/Al. 
In the case of Si source, the model occasionally confused it with Al 
source, especially when both precursors were listed adjacently with 
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similar sentence structures. This category-level confusion was a recur-
ring issue: for example, the model sometimes extracted TEOS as the 
Al source, due to their co-occurrence in similar linguistic contexts. 
For Bulk Si/Al, the low performance reflects variability in how such 
ratios are reported (e.g., explicitly embedded in figures/tables or in-
ferred from indirect references), which poses a challenge for the LLM’s 
pattern-based extraction.

Although the Mistral model employed in this work is a relatively 
small LLM with 7 billion parameters, the extraction performance
achieved here is comparable to that reported in prior studies that 
relied on substantially larger models for related materials domains [34,
45,46]. This result highlights that careful prompt design, coupled 
with domain-informed post-processing and validation, can compensate 
for model scale in complex scientific extraction tasks. The observed 
accuracy trends are consistent with growing evidence that optimized 
prompt strategies, even without model fine-tuning, can yield reli-
able performance in scientific information text mining [47]. At the 
same time, the remaining errors mainly arise from domain-specific 
terminology, unclear descriptions, and parameters that are reported 
inconsistently across studies, indicating that future improvements could 
benefit from stronger use of domain knowledge and hybrid retrieval-
augmented generation (RAG) frameworks [48]. Several of the error 
types identified in this work can be reduced through additional domain-
specific filters. For example, temperature and time values can be fil-
tered using nearby keywords to distinguish crystallization from aging, 
drying, calcination, and ion-exchange steps. Similarly, surface Si/Al 
values can be restricted to text regions containing surface-sensitive 
terms such as ‘XPS’ or ‘surface’, which helps prevent confusion with 
bulk Si/Al values from ICP, XRF, EDS, or nominal gel composition. 
Precursor dictionaries can also be used to normalize common silica 
sources, alumina sources, OSDAs, and inorganic SDAs, while additional 
filters can flag cases where commercial ZSM-5 was used rather than 
synthesized. These filters would not remove all ambiguity, but they 
provide a practical route for reducing systematic extraction errors in 
future versions of the workflow.

3.2. Domain-knowledge-guided refinement

To improve the reliability of the extracted ZSM-5 synthesis dataset, 
domain-specific knowledge was applied systematically to evaluate and 
refine the initial model outputs. Although the model successfully iden-
tified synthesis-related information in most cases, several recurring 
errors were observed that required chemistry-aware intervention to 
resolve. A second round of benchmarking was performed after these 
post-processing consistency checks. Five categories on (Synthesis tem-
perature, Synthesis time, Silica source, Aluminum source, and OSDA) were 
re-evaluated, and clear improvements were observed across all metrics, 
with the most substantial effect observed in precursor classification 
fields. Table  3 summarizes the before and after comparison.

The Synthesis temperature and Synthesis time categories already ex-
hibited relatively high accuracy in the initial benchmark, reflecting 
their relatively structured and consistently reported nature. Even so, 
inspection of the extracted data revealed a subset of implausible values. 
These errors primarily resulted from confusion between hydrothermal 
crystallization conditions and related experimental steps such as calci-
nation, drying, or aging, which are often reported alongside synthesis 
details. To address this, domain knowledge regarding typical ZSM-5 
synthesis windows was used to flag unusually high temperatures or 
anomalous durations. The corresponding articles were then selectively 
reprocessed to recover the correct hydrothermal conditions. This inter-
vention led to modest but consistent improvements, with the 𝐹1 score 
increasing from 0.94 to 0.95 for temperature and from 0.92 to 0.93 for 
synthesis time. 

The largest improvement occurred in the Silica source field, where 
the 𝐹  score increased from 0.73 to 0.83. Several systematic issues 
1

6 
Table 3
Benchmark scores before and after post-processing.
 Category Precision Recall 𝐹1 score
 Before After Before After Before After 
 Synthesis temperature 0.95 0.97 0.93 0.94 0.94 0.95  
 Synthesis time 0.93 0.94 0.90 0.92 0.92 0.93  
 Silica source 0.76 0.86 0.69 0.81 0.73 0.83  
 Aluminum source 0.85 0.92 0.83 0.86 0.84 0.89  
 OSDA 0.95 0.96 0.88 0.92 0.91 0.94  

were identified in the initial extraction. In particular, in heteroatom-
substituted ZSM-5 syntheses involving Ga, Fe, B, or Zn, the corre-
sponding metal precursors were frequently misclassified as Si sources. 
Additional errors arose when Silica source was interchanged with Alu-
minum source or, in rarer cases, with OSDAs, especially when these 
species were discussed in close proximity within the text. A smaller 
subset of errors stemmed from hallucinated outputs, in which the 
model proposed chemically unreasonable or nonexistent precursors. 
These issues were corrected through element-based validation using 
molecular formulas retrieved using the PubChemPy library [49]. En-
tries labeled as Silica source were required to contain Si atoms in their 
molecular formula, and compounds failing this criterion were flagged 
as incorrect. The incorrectly labeled articles were then reprocessed 
to refine classification. This chemistry-aware domain knowledge val-
idation eliminated the majority of heteroatom-related and cross-field 
misassignments, accounting for the largest performance gain observed 
among all evaluated categories.

Similar misclassification patterns were observed for the Aluminum 
source field, though with a smaller initial error rate. As with Silica 
source, Aluminum source was validated using molecular formulas ob-
tained from PubChemPy. Only compounds containing Al atoms were 
retained as a valid Aluminum source, and misclassified entries were 
removed or corrected through reprocessing of the original texts. This in-
tervention strongly benefited this category, improving from an 𝐹1 score 
of 0.84 to 0.89, demonstrating the effectiveness of element-specific 
validation for framework-forming precursors.

The OSDA category exhibited high accuracy in the initial bench-
mark, but a limited number of misclassifications remained. These errors 
arose primarily from misclassification, like inorganic precursors or 
heteroatom-containing compounds being incorrectly labeled as OSDAs 
when multiple reagents were described in close proximity within the 
synthesis procedure. To identify such cases, molecular formulas were 
retrieved, and entries were flagged as incorrect when they contained 
framework-forming elements (e.g., Si or Al) or heteroatom metals 
(e.g., Fe, Ga, or B). The affected articles were then reprocessed to 
recover the correct entry, and this post-processing increased the 𝐹1
score from 0.91 to 0.94.

The improvements observed across precursor-related fields high-
light a broader limitation of LLM-based extraction when applied to 
complex chemical systems. This is particularly challenging in zeo-
lite synthesis articles, where auxiliary reagents, dopants, and post-
treatment chemicals appear alongside the true gel components. Without 
domain-specific constraints, models may assign functional roles pre-
maturely or incorrectly. Incorporating chemistry-aware validation rules 
grounded in synthesis knowledge proved essential for filtering out such 
errors and refining the extracted dataset. These observations also sug-
gest that further gains could be achieved by first extracting all chemical 
entities into a single aggregated field and subsequently re-categorizing 
them using chemoinformatic tools. Providing a more complete chemical 
context before role assignment may further reduce misclassification and 
represents a promising direction for future workflow refinement.

3.3. Patterns in synthesis parameters

To complement the extraction and benchmarking analyses, the dis-
tribution of key synthesis parameters was examined across the curated 
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ZSM-5 dataset. While this study does not attempt to derive mecha-
nistic models of zeolite crystallization, statistical trends in synthesis 
temperature, synthesis time, precursor selection, and synthesis gel com-
positional ratios provide meaningful insight into commonly adopted 
experimental practices within the literature. By analyzing these pat-
terns, it becomes possible to identify standard synthesis windows, 
preferred reagent choices, and composition ranges that have been 
repeatedly validated across independent research efforts.

3.3.1. Temperature and time distributions
Fig.  6 presents the distribution of Synthesis temperature and Syn-

thesis time reported across the collected ZSM-5 literature. The his-
togram of the Synthesis temperature shows a pronounced concentration 
in the range of approximately 420–480 K (150–210 ◦C), with the 
mean centered near 450 K. This temperature interval corresponds to 
the widely recognized hydrothermal crystallization window for ZSM-5, 
where silicate and aluminate species possess sufficient mobility to re-
organize into the MFI framework without promoting competing phase 
formation [50]. At temperatures below this regime, nucleation pro-
ceeds slowly, often yielding amorphous aluminosilicate gels or partially 
ordered intermediate phases. Conversely, temperatures significantly 
above 500 K increase the likelihood of dense silica phases, MOR-type 
impurities, or structural collapse during growth due to accelerated 
dissolution–reprecipitation dynamics [51,52]. Thus, the clustering of 
reported temperatures around 450 K is consistent with a balance be-
tween promoting effective crystal growth and suppressing undesired 
topological transformations.

The histogram of the Synthesis time also exhibits a well-defined 
mode, with most reported crystallization times lying between 24–48 h. 
These durations reflect the characteristic nucleation–growth kinetics of 
ZSM-5 formation under hydrothermal conditions [53]. Shorter times 
(< 12 h) are typically only successful in the presence of seeding or 
microwave-assisted heating, where nucleation barriers are substantially 
reduced. Longer crystallization periods (>72 h), while occasionally ben-
eficial for developing hierarchical porosity or larger crystal domains, 
can also promote secondary grain growth or Ostwald ripening [51]. 
The statistical prominence of the 24–48 h range therefore represents a 
practical convergence across the field: sufficiently long to allow full MFI 
network assembly, but not so long as to induce overgrowth or structural 
densification.

Taken together, the temperature and time distributions observed in 
this dataset reinforce a consistent synthetic consensus across decades 
of ZSM-5 research: hydrothermal crystallization is most robust when 
carried out near  450 K for at least 24 h, conditions that reliably enable 
formation of the MFI framework while minimizing impurity formation 
and morphological instability.

3.3.2. Si, Al, and OSDA source frequencies
Fig.  7A illustrates the distribution of Silica source used in the re-

ported ZSM-5 syntheses. A clear trend emerges: TEOS is the most 
widely used Silica source, followed by sodium silicate, while all re-
maining precursors with individual counts below a threshold of 10 
were grouped into the ‘‘Other’’ category for clarity. The dominance 
of TEOS reflects its well-known role in producing homogeneous syn-
thesis gels with tunable hydrolysis and condensation rates. Because 
TEOS hydrolyzes to monomeric silanol species while releasing ethanol, 
it enables controlled silicate speciation, which in turn promotes the 
assembly of the MFI framework in the presence of OSDAs such as 
tetrapropylammonium (TPA+) [54]. Use of TEOS also avoids the in-
troduction of additional alkali cations, which are known to affect 
framework selection and may shift crystallization toward competing 
phases under strongly basic conditions [55].

In contrast, sodium silicate remains the second most common Si 
source primarily for readily available silicate anions in alkaline media, 
accelerating nucleation and shortening crystallization times which is 
7 
Fig. 6. Histogram of the ZSM-5 Synthesis temperature (A) and Synthesis time
(B). Dashed red and dotted green lines denote mean and median values, 
respectively.

practical for scale-up and lowering production costs [53]. When tem-
plated with TPAOH or related quaternary ammonium cations, sodium 
silicate-based gels can yield highly crystalline MFI provided that the 
Na+ concentration is balanced to suppress undesired phases such as 
MOR or dense silicates [56].

The dataset shows that sodium aluminate (NaAlO2), aluminum 
isopropoxide (AIP), and aluminum sulfate (Al2(SO4)3) are the most 
frequently used as the Aluminum source in ZSM-5 synthesis, together 
accounting for the majority of reported formulations. All remaining 
compounds with a frequency below five occurrences were grouped into 
an ‘‘Other’’ category (Fig.  7B). NaAlO2 appears most frequently in the 
corpus. Under the alkaline conditions typical of ZSM-5 synthesis gels, 
NaAlO2 dissolves readily to generate tetrahydroxoaluminate species 
that mix homogeneously with silicate oligomers and promote direct 
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Fig. 7. Reported precursor distributions in ZSM-5 synthesis protocols. (A) 
Frequency of Si sources and (B) Al sources compiled from the literature 
dataset. Major contributors are shown individually, while low-frequency pre-
cursors were combined into an ‘‘Other’’ category for clarity. Short labels 
denote chemical shorthand: TEOS = tetraethyl orthosilicate; Na2SiO3 = sodium 
silicate; H4SiO4 = silicic acid; AIP = aluminum isopropoxide; Al2(SO4)3 =
aluminum sulfate; NaAlO2 = sodium aluminate; Al(NO3)3 = aluminum nitrate; 
Al2O3 = aluminum oxide; Al(OH)3 = aluminum hydroxide; AlCl3 = aluminum 
chloride.

incorporation of tetrahedrally coordinated Al(IV) into the framework. 
This facilitates the formation of Brønsted acid sites upon ammonium 
exchange and calcination, and reliably yields the characteristic MFI 
powder X-ray diffraction (XRD) pattern [57,58].

AIP is frequently chosen for reduced-alkalinity and enabling faster 
crystallization and enhanced aluminum framework incorporation [59]. 
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Controlled hydrolysis of AIP allows gradual release of Al species, im-
proving uniformity of Al distribution in high-silica ZSM-5 and enabling 
reproducible acidity and catalytic performance [60,61]. This makes 
AIP particularly common in formulations targeting shape-selective cat-
alysts.

Although Al2(SO4)3 requires careful pH adjustment, it is valued for 
high solubility and scalability, especially in combination with aqueous 
sodium silicate systems [62]. When the synthesis gel composition and 
pH are properly adjusted, Al2(SO4)3 can yield phase-pure ZSM-5 with 
crystallinity and acid site properties comparable to those obtained using 
sodium aluminate as the Al source [63,64].

The OSDA frequency distribution (Fig.  8) demonstrates a strong 
predominance of TPA+, most commonly supplied in the hydroxide 
(TPAOH) or bromide (TPABr) form. Entries with frequency below 5 
are grouped under Other. The dominance of TPA+ aligns with its well-
established role as the structure-directing agent for the MFI framework, 
where the molecular size, shape, and charge distribution of TPA+

closely match the intersectional voids of the ZSM-5 channel system 
(straight and sinusoidal 10-membered-ring pores). This host–guest geo-
metric compatibility stabilizes early-stage nuclei and guides the crystal-
lization pathway toward ZSM-5 rather than competing topologies [65,
66].

TPAOH is frequently employed in ZSM-5 synthesis because it simul-
taneously fulfills the roles of OSDA and alkaline mineralizer, delivering 
both TPA+ cations for framework direction and OH− ions to facilitate 
silica depolymerization and Al incorporation. This dual functionality 
streamlines the synthesis process, resulting in faster nucleation, en-
hanced crystallinity, and improved reproducibility by limiting variabil-
ity in synthesis gel composition [67–69]. In contrast, TPABr supplies 
only the templating cation; thus, an external base such as NaOH must 
be added to achieve the requisite alkalinity [70,71]. TPABr-based 
formulations are popular, especially in industrial contexts, due to their 
lower reagent costs and the flexibility to independently tailor OSDA 
and pH levels [72]. In organic-free syntheses where charge balance is 
provided by inorganic cations (e.g.  Na+), these species were captured 
only as part of the reported synthesis compositions, without any explicit 
inorganic structure-directing agent (ISDA) assignment.

3.3.3. Molar composition ratios
The violin plots in Fig.  9 summarize the distributions of four key 

synthesis ratios, namely Si/Al, Si/Water, Si/OSDA, and Si/ISDA, as 
extracted from the compiled ZSM-5 literature dataset. The Si/Al ra-
tio is most frequently reported within the range of 20 to 80, while 
significantly higher values appear only sporadically. This ratio is a 
fundamental descriptor of the ZSM-5 framework because it directly 
influences Brønsted acidity, catalytic behavior, hydrothermal stability, 
and the likelihood of forming phase-pure MFI crystals. Proper adjust-
ment and homogeneous distribution of framework Al are essential, 
as inappropriate Si/Al ratios or spatially heterogeneous Al distribu-
tions within the framework can promote extra-framework alumina or 
amorphous byproducts [7,73].

The Si/Al ratio can influence crystallization behavior, phase pu-
rity, and product properties in ZSM-5 synthesis, particularly under 
specific gel compositions and synthesis conditions. But this relationship 
should not be interpreted as a universal decrease in crystallinity at 
high Si/Al ratios, since high-silica and fully siliceous MFI materials, 
such as silicalite-1, are well-established [74]. Therefore, the effect of 
Si/Al ratio on crystallinity is synthesis-system dependent and must 
be interpreted together with other variables such as alkalinity, OSDA 
content, water content, temperature, and synthesis time [32]. Higher 
Si/Al ratios decrease Brønsted acidity but often improve hydrothermal 
stability and in contrast, lower Si/Al enhances acid site density but 
can lead to increased framework defects and coke deposition during 
catalysis [73,75,76]. These effects are particularly pronounced in the 
synthesis of nanosized ZSM-5 at lower temperatures, where incomplete 
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Fig. 8. Frequency distribution of OSDAs used in ZSM-5 synthesis reported in 
the literature. Low-frequency templates were grouped under ‘‘Other’’. Abbre-
viations: TPA = tetrapropylammonium, TEA = tetraethylammonium, TBA =
tetrabutylammonium; OH = hydroxide, Br = bromide; CTAB = cetyltrimethy-
lammonium bromide; EDA = ethylenediamine.

or non-uniform incorporation of Al into the framework can promote 
defect formation and extra-framework species [18].

The Si/Water ratio shows a relatively narrow, skewed distribution, 
highlighting the importance of water content in regulating gel viscosity 
and nucleation dynamics. Excess water dilutes reactive species (i.e.
reduces supersaturation) and delays condensation, whereas too little 
water limits precursor mobility and leads to heterogeneous gels [77].

For the Si/OSDA ratio, a broader tail toward higher values is ob-
served, reflecting variability in the amount of organic template relative 
to silica. TPA+-based OSDAs (mainly TPAOH or TPABr) dominate this 
dataset because of their strong geometrical and electrostatic compatibil-
ity with the MFI framework. Moderate OSDA concentrations facilitate 
templated nucleation while minimizing excess organics and by-product 
removal challenges. At the same time, an excessively low OSDA content 
can weaken structural direction and lead to mixed phases [66,78]. The 
Si/ISDA ratio exhibits the broadest spread, reflecting the range of alkali 
concentrations used as inorganic structure-directing agents (typically 
Na+ or K+) [66,79]. A relatively low alkali content stabilizes the MFI 
topology by preventing excessive silica dissolution, whereas overly high 
alkalinity can shift crystallization toward competing frameworks such 
as zeolite MOR or LTA [80,81].

3.4. Limitations and outlook

While the automated extraction pipeline demonstrates competitive 
benchmark performance, several conceptual and technical limitations 
highlight the challenges of deploying general-purpose LLMs for domain-
specific scientific extraction. LLMs remain imperfect tools for structured 
data recovery, and reliability issues were observed in this work despite 
the use of a custom output parser to constrain generation. The base 
Mistral 7B model occasionally produced hallucinated outputs, such as 
fabricated entries for missing quantitative data, and struggled with 
persistent process awareness, leading to the occasional mixing of un-
related statements or the misassignment of Si and Al precursors. Even 
with a custom JSON parser to validate and sanitize responses, outputs 
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often contained misplaced keys or irrelevant structures, increasing 
the burden of downstream cleaning. Although the pipeline utilized 
a base model without fine-tuning to avoid the high computational 
costs associated with domain-specific training, the results indicate that 
smaller, open-source models can remain competitive when supported 
by robust prompt engineering. While larger frontier models such as the 
GPT-4, Gemini, Claude, DeepSeek, and Qwen series have demonstrated 
higher accuracy in related materials extraction tasks [82], our findings 
suggest that structured and modular inference may be better addressed 
by emerging lightweight reasoning architectures. Specifically, frame-
works such as the Hierarchical Reasoning Model (HRM) [83] and 
Recursive Reasoning with Tiny Networks [84] represent promising 
alternatives for synthesis pathway interpretation and context-aware ex-
traction due to their emphasis on modular inference with significantly 
fewer parameters.

Challenges in automated extraction arise from both the fragmented 
reporting of synthesis protocols and the inherent semantic ambiguity 
of scientific text. A significant structural challenge is that experimental 
procedures are frequently relegated to supplementary information files 
or external references (e.g., ‘‘followed from Ref. [X]’’), which remain 
inaccessible to extraction pipelines limited to the main article body. 
Consequently, synthesis conditions documented outside the primary 
manuscript are systematically missed, introducing unavoidable gaps 
that single-article workflows cannot resolve. Furthermore, the dataset 
is affected by context-dependent language that leads to occasional 
misclassification; for example, a phrase such as ‘‘treated at 500 ◦C for 
6 h’’ may describe hydrothermal crystallization, calcination, or drying 
depending on the specific synthesis step. Similarly, temporal descrip-
tions like ‘‘aged overnight’’ and size-related terms such as ‘‘under 200 
nm’’ often lack the specificity or clear attribution required for con-
sistent interpretation, challenging models that lack a deep procedural 
understanding of synthesis workflows and resulting in periodic errors 
in temperature, time, and crystal size parameters.

One limitation of the present dataset is that it does not assign 
new experimental uncertainties to extracted values. Uncertainty in this 
dataset can arise from two sources: the uncertainty of the experimental 
measurements reported in the original papers and the uncertainty 
associated with extracting those values using an LLM. For experimental 
uncertainty, the present workflow does not assign new error bars or 
standard deviations when they are not reported by the original authors. 
Instead, values are retained as reported in the source text. When a paper 
reports a range, standard deviation, or error bar for a quantity such 
as crystal size or synthesis time, that information is preserved in the 
extracted field whenever possible. When no experimental uncertainty 
is reported, the corresponding extracted value should be interpreted as 
a literature-reported value without an associated measurement uncer-
tainty. Extraction uncertainty was evaluated separately by comparing 
the LLM-generated outputs against manually curated labels and by 
analyzing field-specific error types. These validation metrics indicate 
how reliably the workflow identifies and extracts a given field. Fu-
ture versions of the dataset could include separate metadata fields 
for reported experimental uncertainty. Such metadata would improve 
compatibility with FAIR uncertainty-aware data practices and would 
allow downstream machine learning models to distinguish between 
measurement uncertainty and extraction uncertainty [85].

3.5. Future directions

To overcome these limitations and challenges and scale this ap-
proach to broader applications, several future extensions are envi-
sioned. One direction involves incorporating retrieval-augmented gen-
eration (RAG) into the extraction pipeline. By incorporating document 
chunking, embedding-based indexing, and similarity-driven retrieval 
into the inference pipeline, RAG-based architectures enable model 
outputs to be conditioned on semantically relevant synthesis passages, 
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Fig. 9. Distribution of key molar composition ratios reported for ZSM-5 synthesis across the curated dataset. Violin plots summarize the empirical distributions 
of Si/Al, Si/Water, Si/OSDA, and Si/ISDA ratios, with embedded box plots indicating median values and interquartile ranges.
thereby reducing hallucinated outputs and improving extraction relia-
bility compared with purely generative models. In contrast to model 
fine-tuning, this strategy requires relatively modest labeled data and 
computational infrastructure, and has already demonstrated strong 
performance in domain-specific tasks [48]. Also, future workflows 
could combine text-based extraction with multimodal figure analysis or 
vision-language models to extract morphology, faceting, and particle-
size information directly from microscopy images, rather than relying 
only on text and captions.

As extraction accuracy is improved, synthesis conditions across 
papers can be projected into low-dimensional latent spaces using PCA, 
t-SNE, or UMAP. This would enable the identification of synthesis 
‘‘clusters’’ or sparsely explored parameter regions which might be 
useful to design new synthesis regimes or optimize existing ones for 
ZSM-5 crystallization. While this study focused on ZSM-5 synthesis, the 
pipeline could be readily extensible to CHA, AEI, FAU, and other zeo-
lite topologies. A comprehensive synthesis dataset across frameworks 
would enable new scientific questions to be addressed, such as the 
effect of SDA combinations on framework selection, the mapping of 
synthesis regimes to pore topology, or even the prediction of optimal 
structure-directing agents for catalytic applications.

4. Conclusion

We presented an automated, fully open-source workflow for ex-
tracting structured materials synthesis information from the scientific 
literature using large language models. The approach integrated large-
scale document processing, prompt-guided extraction with a compact 
open-source LLM, and chemistry-aware post-processing to convert un-
structured experimental descriptions into a machine-readable synthesis 
dataset. Application to the hydrothermal synthesis of zeolite ZSM-
5 showed that the workflow could accurately recover several key 
synthesis parameters, including crystallization temperature, synthesis 
time, organic structure-directing agent identity, and overall frame-
work composition (e.g., Si/Al ratios). These parameters exhibited good 
agreement with manually curated data, reflecting their relatively stan-
dardized reporting across the ZSM-5 literature. In contrast, parameters 
such as precursor roles, auxiliary reagents, and secondary additives 
showed lower raw extraction accuracy and required domain-informed 
post-processing to resolve common ambiguities. Statistical analysis of 
the curated dataset identified synthesis trends consistent with estab-
lished experimental understanding of ZSM-5 crystallization, including 
commonly reported temperature and time windows and composition 
ranges.

Although these findings demonstrate the feasibility of automated 
synthesis data extraction, several limitations of the approach were 
identified. Important experimental details were often described incom-
pletely or indirectly, with key parameters omitted, distributed across 
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supplementary materials, or referenced from prior studies, which lim-
ited the completeness and reliability of extracted synthesis records. 
For ZSM-5 in particular, ambiguity in precursor nomenclature and 
overlapping chemical roles hindered consistent identification of frame-
work sources, mineralizers, and structure-directing agents. In addition, 
procedural details that were frequently reported qualitatively or as 
narratives (e.g.  aging protocols, mixing sequences, and pH adjustment 
steps) were difficult to capture in a fully standardized form. We expect 
that similar challenges will be faced when extending the approach to 
other zeolite materials. Nonetheless, these challenges point to clear op-
portunities for improving automated synthesis extraction through more 
systematic handling of incomplete descriptions and closer integration of 
domain-specific chemical context. Advanced data-driven strategies are 
essential for the rational design of materials, including the development 
of next-generation catalysts to meet the growing demand for diversi-
fying chemical, energy, and fuel sources. We anticipate that further 
refinement of our LLM framework to address some of these challenges 
will enable analysis of more complex zeolite systems and ultimately 
the development of new synthesis strategies to design zeolite materials 
with specific, targeted properties tailored for different applications.
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