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MaTableGPT: GPT-Based Table Data Extractor from
Materials Science Literature

Gyeong Hoon Yi, Jiwoo Choi, Hyeongyun Song, Olivia Miano, Jaewoong Choi,
Kihoon Bang, Byungju Lee, Seok Su Sohn, David Buttler, Anna Hiszpanski,*
Sang Soo Han,* and Donghun Kim*

Efficiently extracting data from tables in the scientific literature is pivotal for
building large-scale databases. However, the tables reported in materials
science papers exist in highly diverse forms; thus, rule-based extractions are
an ineffective approach. To overcome this challenge, the study presents
MaTableGPT, which is a GPT-based table data extractor from the materials
science literature. MaTableGPT features key strategies of table data
representation and table splitting for better GPT comprehension and filtering
hallucinated information through follow-up questions. When applied to a vast
volume of water splitting catalysis literature, MaTableGPT achieves an
extraction accuracy (total F1 score) of up to 96.8%. Through comprehensive
evaluations of the GPT usage cost, labeling cost, and extraction accuracy for
the learning methods of zero-shot, few-shot, and fine-tuning, the study
presents a Pareto-front mapping where the few-shot learning method is found
to be the most balanced solution owing to both its high extraction accuracy
(total F1 score >95%) and low cost (GPT usage cost of 5.97 US dollars and
labeling cost of 10 I/O paired examples). The statistical analyses conducted
on the database generated by MaTableGPT revealed valuable insights into the
distribution of the overpotential and elemental utilization across the reported
catalysts in the water splitting literature.

1. Introduction

The use of machine learning (ML) for data-driven mate-
rial discovery is becoming increasingly important. Materials
informatics[1–4] can leverage computational databases such as the
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Materials Project,[5] Open Quantum
Materials Database,[6] Novel Materials
Discovery,[7] and Open Catalyst 2022.[8]

However, these databases have limitations
because they do not directly integrate the
data obtained from the actual experiments.
In this regard, considering that millions
of scientific studies are reported in natural
language, leveraging natural language
processing (NLP) technology to efficiently
extract and process data from the scientific
literature is considered a highly promising
approach.

The scientific literature contains data in
various formats, such as text, figures, and
tables, and different approaches are re-
quired for extracting each format of the
data. In the text domain, methods such
as ChemDataExtractor[9,10] and named en-
tity recognition (NER)[11,12] enable the effi-
cient extraction and processing of data. Re-
cent efforts involving vision-based methods
for extracting data from graphs have been
reported in the scientific literature.[13–16]

Unfortunately, however, attempts to extract
data from tables are relatively rare because tables in the scien-
tific literature exist in highly diverse forms, and the diversity of
information encapsulated in tables is also vast.

Nevertheless, tables in the scientific literature provide signif-
icant advantages over text and figures for several reasons. First,

G. H. Yi, J. Choi, S. S. Sohn
Department of Materials Science and Engineering
Korea University
Seoul 02841, Republic of Korea
O. Miano
Global Security Computing Applications Division
Lawrence Livermore National Laboratory
Livermore, CA 94550, USA
D. Buttler
Center for Applied Scientific Computing
Lawrence Livermore National Laboratory
Livermore, CA 94550, USA
A. Hiszpanski
Materials Science Division
Lawrence Livermore National Laboratory
Livermore, CA 94550, USA
E-mail: hiszpanski2@llnl.gov

Adv. Sci. 2025, 2408221 2408221 (1 of 14) © 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH

http://www.advancedscience.com
mailto:sangsoo@kist.re.kr
mailto:donghun@kist.re.kr
https://doi.org/10.1002/advs.202408221
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
mailto:hiszpanski2@llnl.gov
http://crossmark.crossref.org/dialog/?doi=10.1002%2Fadvs.202408221&domain=pdf&date_stamp=2025-01-24


www.advancedsciencenews.com www.advancedscience.com

tables often include not only data from the respective study but
also various data points used as references. For example, tables
for catalyst performance in catalysis papers often include data on
various catalysts beyond the subject catalyst that can also be ex-
tracted. Second, tables provide pre-categorized data. For example,
a table on catalyst performance may contain various performance
metrics, such as catalyst activity and stability. The extraction of
all data from a table can provide different types of performance
data on catalysts in a single process; this extraction is more effi-
cient and straightforward than text-based extraction methods that
require individually accessing and extracting each performance
data point. Third, in text, after recognizing entities through NER,
the relationships between each entity need to be defined to extract
the relationships between entities.[17] However, in tables, enti-
ties already exist in relation to each other within the rows and
columns, and no additional techniques are needed to extract the
relationships between the entities. For these reasons, tables are
an ideal target for effectively constructing large databases, and
attempts to accurately extract entire data from diverse forms of
tables in the literature are needed. Recently, (LLMs) have shown
impressive results across various tasks.[18–21] LLMs such as the
GPT can generate realistic and consistent results even without
explicit training.[22] ML-based NLP technology enables efficient
extraction and processing of data from the scientific literature,
contributing significantly to materials informatics and the ad-
vancement of materials science research.[23] Therefore, leverag-
ing LLMs such as GPT to consistently extract data from tables of
diverse forms is a rational approach.[20]

Here, we report MaTableGPT, which is a GPT-based table
data extractor from the materials science literature. MaTableGPT
uniquely presents two key strategies, table data representation
and table splitting, for better GPT comprehension and for filter-
ing hallucinated information via follow-up questions. According
to a comprehensive evaluation of the literature on water splitting
catalysis, MaTableGPT achieved an impressive extraction score of
96.8%. By assessing the GPT usage cost, labeling cost, and extrac-
tion accuracy across various zero-shot, few-shot, and fine-tuning
learning methods, we revealed a Pareto-front solution. Among
these methods, the few-shot learning method emerged as the
most balanced solution, providing both a high extraction score
(>95%) and low cost (GPT usage cost of 5.97 US dollars and la-
beling cost of only 10 I/O paired examples). Additionally, statis-
tical analyses of the database obtained from the water splitting
catalysis literature by MaTableGPT revealed the distribution of
overpotentials as well as the elemental utilization of reported cat-
alysts.

2. Results

2.1. Workflow of MaTableGPT

By applying MaTableGPT to the 2406 tables in the 11077 water
splitting catalysis papers, we have a total of 47670 catalytic per-
formance data points for 12122 catalyst materials. This database
includes the catalyst name, reaction type, catalytic performance,
and corresponding measurement conditions, such as the over-
potential measured in a specific electrolyte and applied volt-
age. MaTableGPT enabled a data extraction score of 96.8%. The

overall workflow of MaTableGPT for this extraction is shown in
Figure 1.

First, a keyword-based search of publishers was conducted for
paper collection. Term frequency-inverse document frequency
(TF-IDF) was subsequently employed to classify the documents
and eliminate the noisy papers: this resulted in the acquisition
of a final set of 11077 papers. Further details regarding content
acquisition are described in the Methods section. Moreover, rules
were applied to classify only tables related to the performance of
catalysts. The tables for the data extraction exist in HTML format.

The table complexity in the materials science area, coupled
with the presence of numerous unnecessary tags in HTML
tables, poses significant challenges to data extraction. To address
these issues, two strategies were implemented to create inputs
that were easily understandable by the GPT model. The HTML
tables were transformed into formats of either JaveScript Object
Notation (JSON) and Tab-Separated Values (TSV) to remove un-
necessary tags, and table splitting was performed to reduce the
input length while lowering the possibility of cross-extraction.
Using the newly created inputs, the potential of various learning
methods, which include fine-tuned GPT models as well as zero-
shot and few-shot learning methods with substantially lower la-
beling costs, was explored. Afterward, follow-up questions were
asked to improve the data extraction accuracy by removing the
hallucinated information without additional labeling, thereby im-
proving the final data performance. The obtained data were then
used to conduct several data mining studies.

3. Table Data Representation and Table Splitting

In a collection of 11077 papers, 4905 tables were identified.
Among these tables, the intention was to locate those tables
detailing the performance of the catalysts. Upon categorizing
the entire set of tables, distinctions could be made between the
tables containing catalytic performance (e.g., overpotential, cur-
rent density), tables containing calculated data (e.g., DFT calcu-
lations), tables containing characterization data (e.g., XRD), and
others classified as noise. Rules based on the keyword analysis
were established to allocate the tables into these four categories.
Approximately 100 tables were placed into the noise category. The
rule-based classification processes finally led to 2406 tables in
the category of tables containing catalytic performance, and these
tables were used in the remaining ML studies. Due to a prefer-
ence for experimental data, tables in the other categories were ex-
cluded mainly because they could not be processed through NLP
techniques.

Figure 2 illustrates the appearance of tables in the materials
science literature in various forms, with the four types of ex-
amples. Figure 2a is an example of a table with merged cells.
When the header rows are multiple and merged in different ways,
the determination of header class a data point belongs to can
be very difficult. Additionally, some tables are in HTML format
where cells within the body play the role of headers, as shown
in Figure 2b. In some cases, as in Figure 2c, information may be
briefly summarized with a caption indexed within the table, while
the necessary details are provided outside the table. Furthermore,
tables exist in both conventional table formats (catalyst names in
the leftmost column) and transposed formats (catalyst names in
the topmost row), as shown in Figure 2d. Due to these diverse
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Figure 1. Overall workflow of MaTableGPT. 1) Step 1: collection of papers relevant to oxygen evolution reaction (OER) and excluding noise papers. 2)
Step 2: identification of tables containing the catalytic performance data. 3) Step 3: table data representation to aid GPT’s comprehension. 4) Step 4:
GPT training with zero-shot, few-shot, and fine-tuning approaches. 5) Step 5: follow-up questions to reduce hallucinatory data. 6) Step 6: building the
database using the pretrained MaTableGPT model.

formats, it is quite challenging to extract data from tables using
rule-based methods; thus, more intelligent ways are needed to
leverage LLMs such as GPT models.

Tables can also consist of various expressions even for the
same term, which adds to the complexity. For instance, terms
such as “overpotential” can be expressed in different ways, such
as “overpotential at 10 mA cm−2,” ‘𝜂 at 10 mA cm−2’ or simply
“𝜂10.” This variability is not limited to “overpotential” but extends
to other properties as well. While NER addresses these issues in
the text, performing NER directly on HTML-formatted tables is
impractical.

To enable GPT to effectively comprehend these complex tables,
we applied two strategies: table data representation and table
splitting; each process is illustrated in Figures 3 and 4. First, the
process of table data representation is explained. HTML, as a
markup language for web browsers, often contains a consider-
able amount of unnecessary information in its tables. These ex-
traneous tags not only cause lengthy input but can also decrease
the accuracy of the GPT models. Moreover, captions and table
titles, which exist outside the table, often contain critical infor-
mation such as reaction types and detailed descriptions of ab-
breviations, units, and scales. Therefore, an input representation
that incorporates all of this information is essential for accurate
data extraction. To address these challenges, a reorganization of

HTML into different formats was performed. Two custom for-
mats were developed, each based on JSON and TSV. Both JSON
and TSV representation include information from table titles and
captions to prevent data omission. Due to its lightweight nature,
JSON features a human-readable structure that is easy for hu-
mans to read and write and for machines to parse and generate.
On the other hand, TSV emphasizes simplicity by storing tab-
separated data in a straightforward text-based format. The top
table in Figure 3 illustrates how the components of HTML tags
are reflected in each customized JSON and customized TSV.

The conversion to the customized JSON format first involves
identifying information regarding superscripts, subscripts, and
captions and then transforming the HTML tags according to the
rules outlined in the table in Figure 3a. The modified HTML tags
are then converted into a dataframe format using the Python li-
brary pandas. Subsequently, any merged rows and columns in
the table represented as a dataframe are identified and split into
individual cells to ensure that no cells remain merged. The val-
ues from the merged cells are copied and pasted into the corre-
sponding empty cells. This approach results in both the complex
header and merged body sections being transformed into a sim-
pler table format. Finally, for each column, the header becomes
the key, and the body becomes the value, which is then stored
in JSON format. Additionally, the title and caption information
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Figure 2. Examples of various formats of tables reported in the materials science literature. a) Table with a multilayered header of four rows and
merged cells.[24] b) Multi-header table with sub-headers named the hydrogen evolution reaction (HER) and OER, each with two rows detailing cata-
lyst performance.[25] c) Table including a caption and its index. The yellow frames outside the table explain the meaning of the caption index, which is
denoted as the Greek letter or abbreviation.[26] d) Transposed table with rows and columns reversed compared to standard tables with catalyst names
written in the leftmost column.[27]

from the HTML tags are extracted and included in the JSON; this
completes the customized JSON representation. An example of
this conversion process is shown in Figure 3b–d. JSON is widely
known for its machine-friendly structure; thus, it is an effective
choice for representing tables. However, its main drawback is that
since headers are represented as the keys and the bodies as val-
ues on a per-column basis, the cases of multi-header tables with
header in the body may lead to errors.

In the TSV format, the cells on the same line are typically sepa-
rated by ∖t, and the lines are generally separated by ∖n. By adding
simplified HTML tags to describe the table’s title, table, caption,
merged cells, superscript, and subscript, the details of the table
were made understandable to the GPT model. An example of this
conversion process is shown in Figure 3b,c,e. Figure 3f shows an
example of the final output (in JSON format) produced via GPT
predictions with inputs in either customized JSON or TSV for-
mats.

Through table data representation, we created an input struc-
ture that was easily understandable by the GPT model. However,
both GPT-4 and GPT-3 have limitations in terms of the num-
ber of output tokens, with 4096 tokens for GPT-4-1106-preview
and GPT-3.5-turbo-106. These limitations restrict the represen-

tation of all information from a large table consisting of dozens
of rows. Additionally, when all data are extracted from a single
table, cross-extraction can potentially occur. For instance, if the
overpotential data of two different catalysts are interchanged dur-
ing extraction, the extracted overpotential values, even if accurate,
cannot be considered reliable data. To effectively address these is-
sues, we conducted table splitting to alleviate concerns regarding
token limitations in the GPT and to mitigate the possibility of
cross-extraction, as illustrated in Figure 4.

Here, a table is reorganized into multi-tables by dividing the
table body into individual rows. In Figure 4a, the splitting pro-
cess for a typical table consisting of a title, header, body, and cap-
tion is shown. The table body is divided into rows, with each seg-
ment then attached to the other components to produce multi-
ple tables. However, the variety of table formats extends beyond
the typical formats, and not all tables conform to this standard
structure. Figure 4b presents two examples of atypical tables: a
multi-header table and a table with headers within the body. The
case of the multi-header table includes sub-headers within the
table body, and these sub-headers are classified and placed di-
rectly below the main header during the splitting process. For
tables where headers are found within the body, these headers
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Figure 3. Table data representation from the HTML format to customized JSON or TSV formats for effective GPT comprehension. a) Conversion rules
from the HTML tags to customized JSON or TSV formats. b–e) Examples of a (b) raw table and its representations in (c) HTML, (c) customized JSON
format, and (d) customized TSV format. f) Example of the final outcome (in JSON) produced by the GPT predictions.

Adv. Sci. 2025, 2408221 2408221 (5 of 14) © 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH
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Figure 4. Processes and rationale behind table splitting. a) Table splitting rules for a typical table. b) Examples of atypical tables with header complexities
and rules for table splitting therein.

need to be identified and appropriately positioned above the cor-
responding body, ensuring clarity and coherence in the restruc-
tured tables. To facilitate this, rules for dividing atypical tables
were developed after extensively examining the various table for-
mats and are provided in codes in the Data Availability Statement.

4. Training GPT Models

Using the provided input obtained through the above two strate-
gies (table data representation and table splitting), we now per-
form GPT modeling based on fine-tuning, few-shot learning, and
zero-shot learning, as illustrated in Figure 5. Recent studies have
demonstrated reliable performance by pretraining on large quan-
tities of data, independent of the downstream task, followed by
task-specific fine-tuning.[28,29] However, considering the substan-
tial labeling costs associated with fine-tuning and the strengths of
generative models such as GPT in few-shot and zero-shot learn-
ing, exploring alternative learning methods is crucial. In this re-
gard, we employ various approaches of fine-tuning, few-shot, and
zero-shot learning methods. Additionally, we propose a method
using follow-up questions to effectively mitigate hallucinated in-
formation in the GPT outputs.

First, for the fine-tuning method, 126 input‒output pairs of
tables were created for training and testing. The dataset for fine-
tuning consists of three parts. The first part serves as a prompt
for the task and describes the actions required of the GPT model.
The second part consists of an input, and this input is prepared
in the original HTML, the customized JSON, and the customized

TSV formats of a table. The third part involves an output, and this
output represents the desired result obtained through the GPT
prediction process and is formatted in JSON.

Second, for few-shot learning, ten diverse and complex table
examples sourced exclusively from the material domain are cu-
rated to form input–output pairs. These pairs represent a spec-
trum of intricate table structures, consisting of complex tables,
as illustrated in Figure 2, and conventional table examples. The
selected examples are input into the GPT model along with care-
fully crafted task descriptions. These task descriptions provide
a list of performance metrics and the desired property informa-
tion to be extracted. Detailed task descriptions can be found in
Note S1 (Supporting Information). Subsequently, without the ne-
cessity of additional training, data extraction is directly applied to
the designated table input. This departure from fine-tuning has
a significant advantage in reducing labeling costs.

Third, zero-shot learning involves providing a JSON TEM-
PLATE for filling data alongside a description of the task. The
process subsequently proceeds by sequentially asking for the
required information while providing the input representation.
JSON TEMPLATE is structured hierarchically, with the cata-
lyst name, performance, and performance-related attributes (or
properties). Accordingly, the process begins by inquiring about
the presence of a catalyst, followed by querying information
regarding performance and its associated properties. The data
present in the actual input are then entered into the JSON TEM-
PLATE. Finally, any remaining unfilled property keys are re-
moved. Since no labeling cost is needed, effective data extraction

Adv. Sci. 2025, 2408221 2408221 (6 of 14) © 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH
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Figure 5. Schematic showing the GPT modeling process based on fine-tuning, few-shot, and zero-shot learning schemes. The extracted databases
obtained by the three learning methods are in JSON template format, and each database is subjected to conversational follow-up questions to minimize
hallucinations. In this schematic, customized TSV, instead of customized JSON, is chosen as an example for the GPT input format for clarity. GPT-3.5 is
used for fine-tuning, and GPT-4 is used for both few-shot and zero-shot learning since GPT-4 is not yet available for fine-tuning as of May 2024.

can be achieved across domains simply by modifying the tem-
plate without being constrained by domain-specific limitations.
Examples of zero-shot learning can be found in Note S2 (Sup-
porting Information).

The output data obtained through fine-tuning, few-shot, and
zero-shot learning methods may contain hallucinated informa-
tion. Since the outputs derived from each model adhere to the
structure of the JSON TEMPLATE, a discrepancy in catalyst
names, even with correctly extracted performance and property
information, causes the entire dataset to be incorrect. Since the
accuracy of the higher-level hierarchy critically impacts the data
quality, follow-up questions are employed to verify the correct-
ness of the data extraction at each level. When inaccuracies are
detected, the key is removed to reduce the amount of halluci-
nated information. The questions are straightforward: both the

input TSV and GPT output are provided, and the process regard-
ing the catalyst, performance, and performance-related proper-
ties that are present in the GPT output but not in the input TSV
are examined. If any discrepancies are found, the corresponding
data are removed. More detailed process of the follow-up ques-
tions with specific examples can be found in Note S3 (Supporting
Information).

5. Model Performance Evaluations

The performances of all models across various input formats and
learning methods are illustrated in Figure 6. MaTableGPT ex-
tracts data from tables and generates outputs in JSON format.
Thus, a correct JSON output needs to have a hierarchical struc-
ture matching that of the keys, and the corresponding values

Adv. Sci. 2025, 2408221 2408221 (7 of 14) © 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH
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Figure 6. Performance comparison of the MaTableGPT models with various parameters of input formats, learning methods, and table splitting. The
input formats of customized TSV, customized JSON, and the baseline are considered. Baseline denotes the case of the original HTML format and table
non-splitting. The learning methods of fine-tuning, few-shot learning, and zero-shot learning are considered. Non-split refers to the table inputs that
have not been split, while split denotes inputs where the table has been split. The metrics of the structure F1 score, value accuracy, and total F1 score
are used.

must also be accurate. If the hierarchy of keys is different, even if
the values are correctly extracted, the predicted output cannot be
considered accurate. Therefore, model performance evaluations
can be performed through two processes: 1) assessing whether
the hierarchical structure of keys has been correctly extracted;
this assessment is measured by the F1 score for the key structure
(or “structure F1 score” hereafter), and 2) determining whether
the values are correct when the key hierarchy is properly gen-
erated; this is evaluated through “value accuracy.” Finally, the
evaluation method further incorporates their harmonic mean,
termed the “total F1 score.” Detailed information on the evalu-
ation method is provided in the Experimental Section.

First, the structure F1 score is significantly affected by the in-
put format. The baseline model includes extensive and unnec-
essary HTML tags and consistently performed worse than the
same model with TSV representation. Throughout the paper, the
model names are presented in the form of “input format (table
splitting condition),” as shown by TSV (non-split). The superior
key structure performance of TSV (non-split) over the baseline
can be attributed to the reduction of input noise by minimiz-
ing the unnecessary HTML tags and the creation of the cus-
tomized tags for data extraction from captions and titles. Our
second strategy, table splitting, yielded even more pronounced
improvements. In the case of TSV (split), the few-shot and fine-
tuning models achieved structure F1 scores of 93.1% and 94.4%,
respectively; these values exceeded the performance of TSV (non-
split) with structure F1 scores of 79.3% and 89.0%, respectively.
These results indicated that reducing input complexity by split-
ting tables was a highly effective approach. Moreover, compared

with those of the baseline models, the structure F1 scores of
JSON (non-split) were similar or slightly lower in both the fine-
tuning and few-shot scenarios; these results could be attributed
to the inherent errors in generating a column-based JSON struc-
ture, as discussed in the section on table data representation
and table splitting. However, the improvement in the structure
F1 scores through splitting demonstrated that splitting was a
highly effective strategy regardless of the table data representa-
tion method used, thus validating its efficacy.

Next, for the analysis of the metric of value accuracy, both the
few-shot and fine-tuning models achieved value accuracies ex-
ceeding 95%. However, the zero-shot model had relatively low ac-
curacy mainly due to its ability to extract expressions directly from
the table without normalization; this led to inconsistencies when
the same data are represented differently across tables. Since the
value accuracy is calculated only when the key structure is cor-
rect, a high value accuracy indicates that MaTableGPT’s ability to
accurately extract data depends on its proficiency in identifying
the correct key structure.

Finally, the total F1 score is the harmonic mean of the struc-
ture F1 score and value accuracy and provides an overview of the
overall performance of all models. The best-performing model
employed both TSV representation with table splitting and an ap-
proach that eliminated hallucinated information through follow-
up questions; this model achieved a performance of 96.8%.

MaTableGPT extracts data using LLMs and generates it in a
structured format. Consequently, the errors inherent in MaT-
ableGPT include those arising from the extraction process and
those originating from the generation process. Error analysis was
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conducted using True Positive, False Negative, and False Positive
values, with detailed explanations of their meanings provided in
Experimental Section. Using True Positive and False Negative val-
ues, the overall extraction success rate for key structures was an-
alyzed. For TSV (split), both few-shot learning and fine-tuning
achieved an extraction success rate of 96.8%, indicating that the
majority of the data present in the tables was successfully ex-
tracted. Additionally, an error analysis based on the proportions
of False Negatives and False Positives in the generated data re-
vealed that for TSV (split), the proportion of False Positives was
significantly higher than that of False Negatives in both few-shot
learning and fine-tuning. This indicates that hallucinated infor-
mation constitutes a substantial portion of the errors generated
by MaTableGPT. These findings highlight the critical importance
of the follow-up questions process for removing hallucinated in-
formation to ensure high-quality data extraction. Details about
the errors that MaTableGPT generated are analyzed in Note S4
(Supporting Information).

6. MaTableGPT Accuracy-Cost Map

Thus far, the extraction accuracy of MaTableGPT has been inves-
tigated. On the other hand, when using GPT for data extraction,
two critical cost factors exist: labeling cost and LLM usage costs.
Labeling requires a significant investment of time from skilled
researchers, and achieving flawless and consistent labeling can
be labor intensive due to the human nature of the task. The cost
can increase further when multiple researchers are involved in
labeling due to ambiguous standards. In addition, the cost asso-
ciated with training and testing proprietary LLMs such as GPT is
also substantial. For instance, GPT-4-1106-preview has a cost of
$10.00 per 1 M input tokens and $30.00 per 1 m output tokens as
of May 2024.

In this subsection, we examine the extraction accuracy, label-
ing cost, and GPT usage cost of all investigated MaTableGPT
models, with the aim of identifying the most balanced solutions.
Figure 7 shows the extraction accuracy and cost (both labeling
cost and GPT cost) of different approaches based on the use of
table data representation, application of table splitting, choice of
learning methods, and application of follow-up questions. Note
that for the labeling cost, zero-shot learning requires no label-
ing, few-shot learning requires 10 I/O paired labels, and the fine-
tuning approach involves up to 126 I/O paired labels.

The Pareto-front solutions in terms of GPT cost and extrac-
tion accuracy are highlighted in Figure 7. We first note that the
highest-performing case is fine-tuning with follow-up questions
and TSV (split); however, this approach results in more than
ten times the labeling cost compared to few-shot method, and
the GPT cost increases due to follow-up questions. This method
could be ideal for those with sufficient human resources and bud-
gets.

We propose two other MaTableGPT models on the Pareto-front
line as the most balanced solutions: the 10-shot learning method
with either TSV (split) or JSON (split). The 10-shot method ex-
hibits slightly lower performance than the fine-tuning method.
However, the significant reduction in the labeling requirements
of the 10-shot learning method with respect to the fine-tuning
method leads to substantial savings in labor and time costs; thus,
using the 10-shot approach for data extraction is a very rational

Figure 7. MaTableGPT accuracy-cost map. A map providing an overview
of GPT usage cost, labeling cost, and performance (total F1 score) across
the various input formats and models. For the labeling cost, the size of
the circle represents the relative size of the labeling set, with larger circles
indicating a larger labeling size. For fine-tuning, the GPT cost is calcu-
lated based on all tokens used in training and test inputs and outputs.
For few-shot learning, the cost includes tokens from the task description,
10-shot examples, and their outputs. For zero-shot learning and follow-
up questions, the cost includes tokens from the task description and out-
puts. For cases involving table splitting, the training set (used only for
fine-tuning) contains 1055 tables, while the test set contains 293 tables.
For cases not involving table splitting, the training set for fine-tuning con-
tains 126 tables, and the test set contains 35 tables. Details of each GPT
cost can be found in Note S5 (Supporting Information).

choice. In practice, both the TSV (split) and JSON (split) meth-
ods achieve performance levels of ≈95%. Despite the tables be-
ing split, the GPT cost remains comparable to that of fine-tuning
without table splitting. For those who aim to minimize the label-
ing costs and can afford a high GPT usage cost, few-shot learning
with TSV (split) and improved performance through follow-up
questions can be a viable option. As such, the accuracy-cost map
in Figure 7 provides multiple solutions, enabling researchers to
tailor their methods based on their specific circumstances and to
balance labeling cost, GPT cost, and extraction accuracy.

7. Statistical Analysis of the Database on Water
Splitting Catalysis

The application of the pretrained MaTableGPT to all prepared
tables led to the construction of a large-scale database of water
splitting catalysis, and several statistical data mining and analyses
were performed, as shown in Figures 8 and 9. Although OER cat-
alysts were mainly targeted in the paper screening process, HER
catalysts were also extracted because both the OER and HER cat-
alysts were listed in the same table.

Figure 8a shows the overpotential distributions of the OER
and HER catalysts in different electrolyte environments (acidic
vs alkaline media). Here, the OER catalysts predominantly ex-
hibited overpotentials within the range of 200–400 mV, whereas
HER catalysts were primarily clustered around overpotentials of
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Figure 8. Distribution of the overpotentials under different electrolyte conditions and different current densities. a) Distribution of the overpotentials for
each OER and HER under different electrolyte conditions (acidic and alkaline). b) Distribution of the overpotentials for each OER and HER at different
current densities (10 and 100 mA cm−2). Y-axis represents count normalized by dividing by the total sum of counts.

50–150 mV. These results strongly support the well-known fact
that OER reactions serve as a difficulty compared to HER re-
actions in terms of overpotential.[30] Additionally, catalysts with
acidic electrolytes exhibited lower OER overpotentials than those
with alkaline media, as confirmed by the left shift of the distri-
bution curve. This statistical finding also agreed with the obser-
vations that catalysts involving Ir, Ru, and Pt, which are effective
and commonly utilized in acidic media, demonstrated superior
performance.[31,32]

The database under examination consists of overpotential data
gathered across a spectrum of current densities. An elevated cur-
rent density causes intensified ion oscillations near the electrode
interface, thereby perturbing the equilibrium of the electric dou-
ble layer and consequentially increasing the overpotential. More-
over, the migration of ions toward the electrode during current
passage leads to the formation of a boundary layer between the
electrode and electrolyte, thereby increasing resistance and volt-
age dissipation. Consequently, the increase in the current den-
sity intensifies the resistance losses, leading to elevated over-
potentials. Figure 8b shows insightful comparisons delineating
the overpotential distributions for two distinct current densities
sourced from the database. Figure 8b shows the overpotential dis-
tributions corresponding to 10 and 100 mA cm−2 for both the

OER and HER processes. Notably, across both reactions, height-
ened overpotentials are evident at a relatively elevated current
density of 100 mA cm−2.

Exploring the vast catalyst database reveals intriguing in-
sights into element utilization across different electrolyte envi-
ronments. Figure 9a illustrates the element occurrence frequen-
cies in each acidic and alkaline medium, highlighting their preva-
lence in distinct electrochemical settings. Next, Figure 9b–g show
the association rule mining (ARM) to reveal concurrent relation-
ships among elements, with node sizes indicating the occurrence
frequencies and edge thickness representing co-usage frequency.
This analysis reveals intricate associations in element utilization,
providing valuable insights for catalytic design and optimization.

In acidic environments with relatively low pH, the genera-
tion of hydrogen at the cathode during the electrochemical de-
composition of water shows excellent kinetics with Pt-based
catalysts.[33,34] However, finding stable OER catalysts at the an-
ode in harsh oxidative environments with low pH values and high
electrode potentials remains a major challenge. Thus far, Ru has
been generally recognized as a material with the highest catalytic
activity, and numerous studies have used Ru and Ir-based cata-
lysts because IrO2 catalysts exhibit greater corrosion stability than
Ru-based catalysts.[35,36] Figure 9a confirms the widespread use of

Adv. Sci. 2025, 2408221 2408221 (10 of 14) © 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH
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Figure 9. Elemental utilization across different electrolyte environments. a) Heatmap of the most commonly used elements in OER catalysts in each
acidic and alkaline medium. b–g) Visualization of the ARM results. b) Entire graph of the ARM results for an acidic medium. d) Subgraph highlighting
the nodes that are connected to Ir for acidic media. d) Subgraph highlighting the nodes that are connected to Ru for acidic media. e) Entire graph of the
ARM results for alkaline media. f) Subgraph highlighting the nodes that are connected to Ni for alkaline media. g) Subgraph highlighting the nodes that
are connected to Co for alkaline media.

Ru and Ir, with Ru-based catalysts generally exhibiting lower over-
potentials than Ir-based catalysts. Additionally, transition metals
such as Ni, Co, and Fe have been extensively utilized with Ir and
Ru.[37,38] Generally, the formation of doped catalysts is considered
an effective method for enhancing the activity and stability of cat-
alysts by adjusting their electronic structures.[39,40] Therefore, el-
ements such as Ni, Co, and Sr are likely doped into RuO2- or IrO2-
based catalysts.

Indeed, in Figure 9c, when the elements used with Ir are ex-
amined, Ni, Fe, Co, and other doping elements in addition to Ru
are observed. Notably, Sr is frequently used alongside Ir; these re-
sults reflect the research involving IrOx/SrIrO3 catalysts, which

have been reported to exhibit high OER performance,[41,42] and
subsequent studies in which SrIrO3 perovskite was doped with
various elements, such as Co and Ti.[43,44] Figure 9d shows the
elements used alongside Ru, with Ir being the most commonly
used in combination with Ru. This reflects the efforts of combin-
ing IrO2 with RuO2 to improve the catalytic stability.

Alkaline environments provide enhanced corrosion durability
due to the relatively high pH, and the utilization of a variety of
transition metals as electrode materials becomes feasible; thus,
expensive noble metals such as Ir and Ru are replaced. Metals
such as Ni, Co, and Fe,[45,46] as illustrated in Figure 9a, are com-
monly employed in these scenarios. First-row transition metals

Adv. Sci. 2025, 2408221 2408221 (11 of 14) © 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH
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such as Fe, Co, and Ni exhibit diverse oxidation states and elec-
tron exchange capabilities; therefore, they are considered to be
highly active catalysts.

Figure 9f,g show the frequent co-usage of Ni and Co with other
elements, respectively. Ni has demonstrated excellent perfor-
mance, particularly in studies employing NiFe LDH[47,48]; these
results are consistent with the thickest edge between Ni and Fe
shown in Figure 9e. Regarding oxides, Fe2O3 and NiO are most
stable in single Fe3+ and Ni2+ states, respectively; however, Co3O4
consists of Co2+ and Co3+ states and can undergo changes under
oxidation‒reduction conditions.[49–51] Due to this characteristic,
Co is ideal for forming various compounds; thus, it is extensively
used as much as Ni. Conversely, although Fe demonstrates com-
paratively lower activity in contrast to Ni and Co-based catalysts,
its multifaceted electronic structures play an instrumental role
in strengthening stability.[52] Consequently, Fe is commonly em-
ployed in conjunction with Ni or Co, as illustrated in Figure 9f,g.
Additionally, an examination of changes in the types of metals
used over time can be found in Note S6 (Supporting Informa-
tion).

7.1. Discussion

In the field of material science, extracting table data remains
an unexplored area. In this study, based on the development of
MaTableGPT, highly accurate extraction of table data could be
achieved, thus providing a high-quality materials database. We
showed exceptional performance, achieving a total F1 score of
up to 96.8% through combined strategies of TSV (split) input pro-
cessing, GPT fine-tuning, and follow-up questions. Furthermore,
our objective was to pinpoint the most balanced and optimal solu-
tions by assessing the extraction accuracy, labeling expenses, and
GPT utilization costs across all evaluated MaTableGPT models.
Consequently, we proposed the few-shot learning approach based
on TSV (split) processing as the best solution, which achieved a
nearly 95% total F1 score, with only 10 I/O labeling costs and
minimal GPT usage costs (5.9 US dollars); thus, it was the most
reasonable solution for MaTableGPT. Exploiting the advantages
of low labeling costs in few-shot learning, MaTableGPT could ef-
ficiently extract table data across various fields, such as catalysis
and batteries, regardless of domain.

To evaluate the broader applicability of MaTableGPT beyond
its focus on water-splitting catalysts, we further analyzed the
tables from Li-ion battery research. The evaluation applied MaT-
ableGPT’s two core strategies, table data representation, and table
splitting, to a dataset of 20 performance tables. Few-shot learn-
ing was then used for testing. This approach yielded a high total
F1 score of 0.961, demonstrating the model’s capability to han-
dle complex and diverse table formats across various scientific
domains. These findings highlight MaTableGPT’s versatility and
robustness, showcasing its ability to adapt to different research
areas and effectively analyze structured data beyond its initial fo-
cus. The results of applying the method to the battery domain can
be found in Note S7 (Supporting Information).

However, the normalization of material names remains a chal-
lenge to be addressed in future work. Well-known structures
such as LDH (Layered Double Hydroxides) and MWCNT (Multi-
walled carbon nanotubes) can be standardized using a dictionary-

based approach, but material science literature often employs ar-
bitrary abbreviations for complex substances composed of mul-
tiple elements. These abbreviations can be difficult to interpret
without directly consulting the original text, and the task of stan-
dardizing material names is widely recognized as a highly com-
plex problem. As part of future plans, methods will be developed
to normalize material names directly from the textual content of
the literature.

Using the pretrained MaTableGPT model (fine-tuned model
based on TSV (split)), we constructed a database related to the
performance of OER and HER catalysts; this database contained
information on catalysts, their performance, and various per-
formance attributes. The statistical analyses conducted on the
MaTableGPT-extracted database provided valuable insights into
the distribution of the overpotentials and elemental utilization of
reported catalysts for water splitting. Additionally, a binary clas-
sification test was conducted to predict the overpotential range
using the elemental and structural information of the materials,
achieving an AUC of 0.76. Further details are provided in Note S8
(Supporting Information). This demonstration showed the sig-
nificant advantage of MaTableGPT since it enabled the accurate
and cost-competitive extraction of a vast amount of information
existing in tables in the materials science literature via a single
process and, as a result, enabled insightful and statistical analy-
sis.

8. Experimental Section
Content Acquisition: The electrochemical water splitting reactions in-

volve both the OER and HER, and these reactions occur at the anode and
cathode, respectively. Understanding that the OER is regarded as a diffi-
culty in water splitting, the OER was intentionally used as a keyword for
paper screening to exclude papers without involving the OER. The papers
were collected from six accredited publishers: American Chemical Society
(ACS), Elsevier, Royal Society of Chemistry (RSC), American Association
for the Advancement of Science (AAAS), Nature Publishing Group (NPG),
and Wiley. The search began with keywords such as “OER electrocatalyst
water splitting” or “OER electrocatalyst water oxidation”; this led to the ini-
tial discovery of 26330 papers. To refine the search, the papers containing
keywords such as “battery,” “CO2,” “fuel cell,” “methanol,” and “H2O2” in
their titles were excluded; this process filtered out the noise, and 22561 pa-
pers remained. Subsequent analysis involved term frequency-inverse doc-
ument frequency (TF-IDF),[53] which is a statistical measure assessing the
relevance of a term within a document and facilitating the classification of
similar documents from a vast dataset. TF-IDF values were calculated for
all filtered papers using the entire main body of each document. The pa-
pers were then excluded if their TF-IDF value for “OER” fell below those
for “battery,” “CO2,” “aldehyde,” “alcohol,” “ORR,” and “photo”; this pro-
cess provides a collection of 11077 papers in the water splitting catalysis
domain.

Output Structure Design: A table is a structured format, yet the diver-
sity within its contents is vast. For instance, while a performance table
in the OER literature was assumed to contain only information on the
OER catalysts, in reality, it often contains various catalysts for reactions
such as the OER, HER, and bifunctional catalysts, among others. Thus,
crafting a well-structured JSON format for extracting table data is crucial.
The architecture of the constructed database was hierarchical, organized
as catalyst-performance-property (performance attributes). Properties in-
cluded “electrolyte,” “reaction_type,” “value,” “current_density,” “overpo-
tential,” “potential,” “substrate,” and “versus.” Information such as “re-
action_type” and “substrate” were potentially considered common across
the entire table; however, in practice, numerous cases existed where this
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assumption did not hold; hence, this information was placed at the lowest
level of hierarchy, which was at the property level.

Rule-Based Sub-Header Recognition: For table splitting, specific rules
were applied to identify the presence of headers within the HTML body.
Since the target was tables containing catalyst performance data, numer-
ical values were assumed to be included in the performance metrics. If
there was not at least one cell in a row within the HTML body whose
first character, excluding special characters (e.g., ∼, <, >), was a num-
ber, then, that row was considered a sub-header. Additionally, if all cells in
a row within the body were merged into one cell, it was also considered
a sub-header. These assumptions effectively filtered out tables containing
sub-headers.

GPT Details: GPT-3.5-turbo-1106 was utilized for fine-tuning, GPT-
4-1106-preview for zero-shot and few-shot learning, and GPT-4-0125-
preview for follow-up questions. These were selected because GPT-4 was
not available for fine-tuning or the service (fine-tuning in GPT-4) is lim-
ited to selected groups as of May 2024. All models were trained with the
following set parameters: temperature = 0, frequency_penalty = 0, and
presence_penalty = 0.

Model Performance Evaluation Method: Evaluation of the GPT output
that generates JSON data was a crucial process because it ensured the fi-
delity of the generated contents. When the JSON structures were created,
the accuracy of the extraction of the hierarchy of keys and their relation-
ships needed to be assessed. Additionally, an evaluation of the correctness
of the values extracted was equally vital.

First, for key evaluation, the JSON structure typically maintained a con-
sistent hierarchical arrangement of keys concerning the catalyst name, re-
action type, catalytic performance, and measurement conditions. There-
fore, any discrepancies in the hierarchical key arrangement could lead to
inaccuracies, even if the values are correct. Given the propensity for varied
erroneous outcomes in generative models, encompassing these diverse
errors into evaluation metrics entails employing True Positives (TPs), False
Negatives (FNs), and False Positives (FPs) to compute the “structure F1
score” as follows.

Structure F1 score = TP
TP + 1∕2 (FN + FP)

(1)

If the key was generated correctly, it was considered a True Positive; if
a key was not generated that should have been, it was considered a False
Negative; and if a key was generated that should not have been, it was
considered a False Positive.

On the other hand, for the value evaluation, the focus was exclusively
on instances where the key structure was accurately replicated. The “value
accuracy” is computed as follows:

Value accuracy =
# of correct predictions

# of correct predictions + # of incorrect predictions
(2)

Finally, the evaluation method further incorporates their harmonic
mean, termed the “total F1 score.” The evaluation approach for each key
and value ensured that not only the hierarchical arrangement of keys but
also the correctness of the values extracted were thoroughly assessed. Dis-
crepancies such as those involving spacing, singular/plural forms, and
similar nuances, albeit present in the correct answer, were still categorized
as incorrect within this meticulous evaluation process. A detailed example
of the evaluation method can be found in Note S9 (Supporting Informa-
tion).

Prompt Engineering: The performance of the GPT model is widely
known to be influenced by the prompts used.[54–56] According to Zheng
et al., prompts that provide detailed instructions, request structured out-
put, and minimize hallucinations can enhance the performance of the GPT
3.5 model.[57] To this end, prompt engineering was conducted to enhance
the performance of the method. The tested prompts included a simple
description of the task (Prompt #1 with a total F1 score of 0.930), a task
description with an added list of the features to be extracted (Prompt #2
with a total F1 score of 0.937), and a task description with a list of features

to be extracted and example outputs (Prompt #3 with a total F1 score
of 0.968). All GPT fine-tuning results were produced based on Prompt
#3. Detailed descriptions of these prompt engineering procedures can be
found in Figure S6 and Table S2 (Supporting Information).

Supporting Information
Supporting Information is available from the Wiley Online Library or from
the author.
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