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Learning the rules of peptide self-assembly through
data mining with large language models

Zhenze Yang1’2, Sarah K. Yorke3, Tuomas P. J. Knowles3*, Markus J. Buehler'"#°*

Peptides are ubiquitous and important biomolecules that self-assemble into diverse structures. Although exten-
sive research has explored the effects of chemical composition and exterior conditions on self-assembly, a system-
atic study consolidating these data to uncover global rules is lacking. In this work, we curate a peptide assembly
database through a combination of manual processing by human experts and large language model-assisted
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literature mining. As a result, we collect over 1000 experimental data entries with information about peptide se-
quence, experimental conditions, and corresponding self-assembly phases. Using the data, machine learning
models are developed, demonstrating excellent accuracy (>80%) in assembly phase classification. Moreover, we
fine-tune a GPT model for peptide literature mining with the developed dataset, which markedly outperforms the
pretrained model in extracting information from academic publications. This workflow can improve efficiency
when exploring potential self-assembling peptide candidates, through guiding experimental work, while also

deepening our understanding of the governing mechanisms.

INTRODUCTION
Self-assembly is a ubiquitous phenomenon in nature that plays a
critical role in the formation of hierarchical biomaterials. A wide
array of building blocks ranging from organic molecules and pro-
teins to nucleic acids and amphiphilic compounds can self-assemble
into nano- and microscale structures, driven by various molecular
interactions (1-3). Among these building blocks, peptides present
unique structural and functional characteristics with their simple
yet versatile chemical compositions and noncovalent, weak inter-
molecular interactions. In the past few decades, a rich diversity of
self-assembled peptide-based nanostructures have been reported,
including tubes, fibers, ribbons, plates, and spheres (4-9). These as-
sembled peptides serve as structured, functional biomaterials, span-
ning a broad spectrum of applications from drug delivery systems
(10) and tissue engineering (11) to catalysis (12) and electronics (13).

The self-assembly behavior of peptides is mediated by the under-
lying thermodynamics and kinetics of the systems (14). Peptides can
adopt specific organizations, such as supramolecular a helices,
sheets, and p-hairpins, which are key building blocks of specific as-
sembled nanostructures (15). As a result, extensive studies have
demonstrated that one can use a range of factors to manipulate a
system into forming specific secondary structures. These include in-
trinsic parameters, such as peptide sequence (16) and chemical
modifications (7), as well as extrinsic factors such as pH (17), tem-
perature (18), solvent type (19-21), and concentration (22).

Now, peptide self-assembly and materials design relies largely on
inherited knowledge of key motifs and interactions, known to pro-
mote self-assembly. There are two key sequences that highlight this
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preference for known pattern. Diphenylalanine (FF) nanofibers were
produced for the first time over 20 years ago, and work since has
highlighted the importance of n-7 stacking interactions in short pep-
tide assembly (23). Conversely, MAX1, a 20-residue f-hairpin-forming
peptide, relies on its amphiphilic nature (alternating valine and
lysine residues) to assemble into a rigid hydrogel (24). Peptides such
as these examples are made through solid-phase peptide synthesis.
However, this approach can be time-consuming and often requires
lengthy purification before peptides can be tested experimentally. Ef-
forts have been made to streamline the discovery of self-assembling
peptides with coarse-grained (CG) molecular dynamics (MD) simu-
lations, discussed further below (16). Although these simulations do
help identify candidates likely to form aggregates, it is difficult to ex-
tract specific phase information, and information with respect to
experimental conditions, with this approach. The simulation envi-
ronment is often highly concentrated to accelerate timescales, and
therefore, reproducing these results experimentally is limited (25).

Machine learning (ML) and artificial intelligence (AI) have
emerged as unique and invaluable tools across various fields beyond
computer science. For example, designing de novo proteins with
target functionalities using ML and Al techniques has revolution-
ized bioengineering (26-30). A relevant field is polypeptide self-
assembly, in which both classical ML algorithms [random forest
(RF) (31, 32)] and deep learning (DL) approaches [graph neural
networks (33) or transformer-based models (34)] have been applied
to predict the aggregation propensity of polypeptide materials given
different amino acid sequences. The classical ML algorithms have
shown the most promise for short peptide assembly predictions spe-
cifically thus far. A human-in-the-loop approach has been used to
explore tetrapeptide hydrogelators specifically, where 160 peptides
were synthesized and tested (32). The subsequent data were used to
iteratively train an ML model that could predict peptide gelators
with a success rate of 87%. Another recent work built an “AI expert”
to predict short peptide sequences with aggregation potential that
was found to outperform experts in the field (31). Although this “AI
expert” does not consider assembly conditions, this work highlights
the need to deviate from preconceived assembly rules that are used
in the design of manual peptide materials.
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It is challenging to generate large experimental datasets with
synthetic molecules; thus, the datasets used for training these mod-
els are generally curated from CG MD simulations (31, 32, 34) or
statistical algorithms based on physicochemical properties (35-37).
Compared to experimental approaches, computational methods of-
fer high efficiency but are constrained by their accuracy and the
range of intrinsic/extrinsic parameters to which they are applicable.
In addition, the aggregation propensity, a commonly predicted
metric in protein science, is defined based on surface area and re-
flects only the capacity of proteins to aggregate, not the structural
diversity of these aggregates. Therefore, collecting comprehensive
experimental data is crucial for understanding the self-assembly
behaviors of peptide materials and laying the groundwork for data-
driven research.

When it comes to data collection from the literature, often re-
ferred to as literature mining, it becomes an intractable task for hu-
man experts to review all relevant papers due to the vast volume of
publications. The recent advent of language models, such as large
language models (LLMs) (38), introduces an innovative approach
to mining academic texts written by researchers and collecting tar-
get information in a fast, automatic, and systematic manner. These
LLMs, built based on graph-forming transformer architectures
(39), have the capability to capture ultralong-distance relationships
within text documents. With massive training across all types of
text resources, LLMs attain the ability to comprehend the general
context of human languages, making them versatile for a wide
range of downstream language tasks such as graph reasoning (40)
and text mining (41, 42). Empowered by LLMs, numerous materi-
als research studies have succeeded in extracting information about
materials composition and properties from the abstract texts of ac-
ademic publications (43-45). However, because of their concise,
well-structured, and clear composition, abstracts can be easily pro-
cessed by language models, unlike the more complex main texts
with sparse and mixed-modality information (text, images, cap-
tions, references, etc.). Therefore, only a limited number of studies
have undertaken literature mining of the primary texts of massive
publications (46-48), and such work has used more complex pro-
cessing steps to extract knowledge from papers and to then use for
training LLMs. Abstracts provide only a minimal amount of infor-
mation and typically lack detailed experimental procedures and
results, both of which are essential for understanding and replicat-
ing self-assembly processes, thereby limiting their utility in mining
for comprehensive literature data.

In this work, we curate a dataset for self-assembling short pep-
tides with information about assembled phase and corresponding
experimental conditions. This dataset is derived from publications
selected from a previously established peptide self-assembly data-
base, SAPdDb (49), with the information being extracted by human
experts. With more than 1000 data entries from the database, we
are able to train and compare ML algorithms that can make accu-
rate phase predictions based on the peptide sequence and experi-
mental conditions. To further automate the process and increase
the efficiency of literature mining, we use the manually curated da-
taset to fine-tune the pretrained ChatGPT model (GPT-3.5 Turbo
model, referred as GPT model) via OpenAl API, which exhibits
superior performance in information extraction compared to the
original model, without fine-tuning. The model can be used to fa-
cilitate data collection for peptide materials, potentially providing
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access to previously unknown self-assembled structures while also
enhancing our comprehension of the underlying principles govern-
ing their self-assembly processes.

RESULTS

Overall workflow

The overall workflow of this study is depicted in Fig. 1. We first col-
lect scientific publications related to polypeptide self-assembly from
publishers directly and from scientific databases such as the PubMed
database, based on a previous polypeptide database known as SAPdb
(49). SAPdD is a collection of 1049 entries of experimentally vali-
dated short peptides (di- and tripeptides) from 301 papers. We
screen the entire database based on whether each publication can be
adopted into our feature template for ML predictions. In our feature
template, we have nine categorical features and four numerical fea-
tures as shown in Fig. 2 (A and B). Academic publications that extend
experimental control beyond these specified features are not included
in the database, due to their scarcity and limited utility. Following
the screening process, we identified a total of 75 publications. All 75
publications are cited in Zenodo (DOI: 10.5281/zenodo.14791268).
With these selected publications, we focus on extracting experi-
mental details and the assembled phases from the main texts, which
results in a total of 1012 data entries.

With the curated database, we then train ML models to predict
the self-assembly phases from peptide sequence and experimental
parameters. To obtain an optimal performance in the classification,
we compare multiple classic ML algorithms with hyperparameter
optimization, which are discussed more in detail in the following
content (see Results: ML algorithms for phase prediction). In con-
trast to the costly and time-consuming processes of peptide synthe-
sis and characterization, the ML model offers the ability to rapidly
classify the peptides with moderate accuracy. However, the manual
process of paper reading and data collection is human resource-
extensive and time-consuming. Therefore, we further leverage pre-
trained LLM (GPT-3.5 turbo) to accelerate the process of literature
mining. The LLM is engineered to perform a task known as “named
entity extraction” (NER), enabling the model to efficiently extract
key information from text documents based on a given targeted en-
tity. To adapt the GPT model to be specialized in understanding sci-
entific writing related to peptide self-assembly, the manually curated
dataset is split into training and testing sets, with the training set
being used to fine-tune the GPT-3.5 turbo model and testing set be-
ing implemented for performance evaluation. We demonstrate that
fine-tuning can substantially enhance the performance of informa-
tion extraction and requires only a small amount of data for transfer
learning.

With the fine-tuned LLM assistant, we are able to perform effi-
cient literature mining for future publications or research works that
are not among selected publications such as those studying longer
peptides. This future data, obtained by LLMs, can be further added
into our database and used for boosting the performance of our ML
model in phase classification. As a result, the proposed approach
paves the way for an autonomous workflow capable of continuously
collecting data from papers, augmenting the existing dataset, and
refining the classification model. Furthermore, this workflow offers
the potential to facilitate the design of experiments and screening of
promising peptide candidates.
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Fig. 1. Overview of the workflow reported in this work. We first collect PDF files of publications from different journal presses and scientific databases based on the
previous polypeptide database SAPdb (49). Here, we extract not only the peptide sequence but also experimental conditions from those previous publications and learn
their impacts on the self-assembly phase of polypeptides. The selected publications are read and processed by human experts to curate the database, which is further
used to train ML algorithms for predicting self-assembled structure from peptide sequences and experimental conditions. We also use the manually curated database to
fine-tune an LLM to be specialized in literature mining of polypeptide publications and compare the performance with the same LLM without fine-tuning. The model can
be used to extract information for new publications, reducing the time required compared to manual methods used by human experts. Moreover, by incorporating these
data, we can augment our existing database, thereby further refining and enhancing our ML model for phase prediction.
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Fig. 2. Dataset statistics. (A) Histogram of nine categorical features including “peptide sequence,”“N-terminal modification,” “C-terminal modification,” “Non-terminal
modification,’ “category: peptide/conjugate/mixture,’ “conjugate partner,’ “thermal process: heating/cooling,” “linear/cyclic,” and “solution” (the solution environment of
the peptide). (B) Histogram of four numerical features including “solvent ratio” (the ratio of solvent in the solution), “concentration” (concentration of peptides), “pH” (pH
of solution environment), and “temperature” (ambient temperature of experiments). All values are normalized between 0 and 1 based on min and max values. (C) Histo-

gram of assembled phases. (D) Occurrence of dipeptide data from the academic literature. (E) Occurrence of tripeptide data from the academic literature.

protecting groups, at the N terminus of peptides; (iii) “C-terminal

Features and statistics of dataset
modification,” which involves chemical modifications at the C terminus

The statistics of curated polypeptide dataset is shown in Fig. 2. There

are nine categorical features including (i) “peptide sequence;” which
is the amino acid sequence of peptides and is specified for dipep-
tides (length of 2) or tripeptides (length of 3); (ii) “N-terminal mod-
ification,” which describes chemical modifications, such as the
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of peptides; (iv) “Non-terminal modification,” referring to chemical
modifications of the R-group; (v) “category: peptide/conjugate/
mixture;” indicating whether the peptide system consists of a single
peptide, a conjugate, or a mixture; (vi) “conjugate partner; identifying
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the conjugated peptide within a conjugate system; (vii) “thermal
process: heating/cooling,” indicating the presence of temperature
changes, such as heating or cooling, during the experimental pro-
cess; (viii) “linear/cyclic,” distinguishing between linear and cyclic
self-assembling peptides; and (9) “solution,” detailing the solution
environment including information about the solvent and solute.
The potential values for each categorical feature, along with their
occurrence frequencies in our dataset, are visualized in Fig. 2A.

In addition to categorical features, numerical features also play a
crucial role in determining the self-assembly phase of peptides. We
here investigate four different numerical features as follows: (i) “sol-
vent ratio,” which describes the volume ratio of solvent in the solu-
tion; (ii) “concentration,” defined as the concentration (mg/ml) of
dissolved peptides; (iii) “pH,” which is the pH value of the solution
environment; and (iv) “temperature,” denoting the ambient temper-
ature at which the self-assembly experiment is conducted. The his-
tograms of these numerical features are displayed in Fig. 2B. All
numerical features are normalized between 0 and 1 based on the
maximum and minimum values found in the database.

The combination of categorical and numerical features consti-
tutes the complete input experimental conditions, encompassing a
total of 13 features. The corresponding distribution of output self-
assembly phases are shown in Fig. 2C. As shown in the figure, the
most frequent phases seen in the publications is “no-assembly” case,
which is not included in the original SAPdb database. Nonetheless,
these instances are vital for training a ML model for phase predic-
tion as they contribute valuable nonpositive examples to the data-
base. Example data entries in the database are shown in table S1.

We also visualize the occurrence frequency for both dipeptides
and tripeptides in our database, as depicted in Fig. 2 (D and E). For
dipeptides, FF is, as expected, the most studied peptide. FF is the
core recognition motif of the Alzheimers amyloid-p peptide and
can form a wide array phases including hydrogels and hollow nano-
tubes under different external stimuli (50). For tripeptides, sequenc-
es containing FF are also commonly observed (evident in data on
the x-y or y-z planes), with XFF having the highest frequency of
occurrence (where X is any given amino acid). This is attributed to
the wide range of experimental conditions under which XFF has
been examined. Apart from phenylalanine, glycine is the second
most investigated amino acids in both dipeptide and tripeptide cas-
es. In addition, research on dipeptides predominates over tripep-
tides in terms of overall study volume.

ML algorithms for phase prediction

With the curated dataset, we are now able to train ML algorithms for
phase prediction with different experimental conditions and peptide
sequences. Categorical features are converted to one-hot encodings
based on the number of classes. All input features are then concate-
nated into a one-dimensional (1D) vector as input to classic ML al-
gorithms. We compare four different classic ML algorithms: RE,
multilayer perceptron (MLP) classifier, Gaussian process classifier
(GPC), and K-nearest neighbor classifier (KNC). To optimize the
performance of these models, we conduct a grid search of hyperpa-
rameters for each of them. More details of hyperparameter selection
can be found in Materials and Methods: ML algorithms for phase
classification section and the grid search results are displayed in fig.
S1. Considering the dataset’s imbalance across eight distinct phases
(Fig. 2C), metrics including precision, recall, and F, scores are inte-
grated to provide a comprehensive evaluation of four different ML
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algorithms. Among tested ML models, RF exhibits the best perfor-
mance, achieving the highest score (precision = 0.814, recall = 0.806,
and F, = 0.808) across all three metrics (Fig. 3A). The KNC model
ranks second because it exhibits a precision score comparable to that
of the RF model and its recall and F, scores are slightly lower. This
indicates that KNC’s performance is more easily affected by the im-
balance of the dataset. In contrast to the RF and KNC algorithms, the
MLP classifier exhibits much worse accuracy, characterized by not
only lower overall scores but also a large discrepancy among differ-
ent metrics.

To further evaluate the performance of our ML models, we use
an oversampling technique known as Synthetic Minority Oversam-
pling Technique (SMOTE) (51) to address the imbalance of the da-
taset. The SMOTE approach generates synthetic examples of the
minority class to balance the dataset by interpolating between exist-
ing minority instances. When using an oversampled dataset, the F;
scores of the MLP classifier and GPC model see a large improve-
ment, whereas the RF and KNC algorithms maintain performances
comparable to those observed with the original dataset (Fig. 3B).
Among the four models evaluated, the RF model consistently dem-
onstrates the highest accuracy when tested with a synthetic bal-
anced dataset. However, our current method of randomly splitting
the dataset may introduce bias as both the training and testing sets
could contain data from the same publication. This is because a sin-
gle paper often contributes multiple data entries to the dataset. To
evaluate the generalization ability of our models, we partition the
dataset into training and testing sets based on publications, which
ensures that the data in the testing set originate from publications
completely unseen by the training set. As illustrated in Fig. 3B, the
F, scores of models evaluated on the generalized test set are mark-
edly lower than in the original scenario. However, the RF model still
exhibits a relatively high F, score (greater than 0.5), noteworthy con-
sidering that a random phase guess would only achieve a score of
0.125, given the eight phase categories in total.

On the basis of thorough evaluation of the models, we conclude
that the RF model is the optimal choice for phase prediction, given
its consistently superior performance across all tests. Figure 3C
shows the confusion matrix predicted by the RF model, which com-
pares the true and predicted classifications, visualizing the counts of
correct and incorrect predictions across different categories. The
high values observed along the diagonal of the confusion matrix un-
derscore the model’s effectiveness and consistency in classification
across different phases. All other confusion matrices for different
ML algorithms tested with different situations are listed and com-
pared in fig. S2.

After identifying an optimal model and assessing its perfor-
mance, we aim to delve deeper into understanding how various in-
put features—from peptide sequences to external stimuli—affect the
final output, the self-assembly phase. To acquire interpretability of
our model, we use the SHapley Additive exPlanations (SHAP) tech-
nique (52), which is a game theoretic approach that explains the im-
portance of input features to the output for a ML model. Among all
input features, “N-terminal modification,” “solution,” and “concen-
tration” are the top 3 most influential features for phase classifica-
tion overall (Fig. 3D). Among the two most common phases (“liquid
solution” and “hydrogel”), “concentration” is the most critical fea-
ture for the “no-assembly” phase, whereas “solution” stands out as
the paramount feature for the “hydrogel” phase. This is expected
given that, for a new phase to be nucleated, a critical concentration
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must be reached. The correlations uncovered by our model offer
valuable insights that can inform experimental designs. For in-
stance, researchers can prioritize the most influential features (iden-
tified in the SHAP analysis) in their experiments when aiming to
achieve a specific phase.

LLM-assisted literature mining

Although the manual extraction of data from the literature by hu-
man experts offers high accuracy, it is time-consuming and labor-
intensive. To streamline the information extraction process and
enhance the efficiency of data collection, we here implement LLMs
for automated mining of polypeptide self-assembly literature and
further use our manually curated database to fine-tune and evaluate
the performance of LLMs. The overall workflow of LLM-assisted lit-
erature mining is shown in Fig. 4A. We first download the PDF files
of 75 academic publications from different journal publishers (fig.
S3). The PDF files are then converted to texts using PDFMiner Py-
thon package (53). We then locate experimental sections from the
whole text document by searching for section headings such as

Yang etal., Sci. Adv. 11, eadv1971 (2025) 26 March 2025

“Material(s),” “Method(s),” and “Experimental section/detail(s)” If
no section heading is found, all texts are kept for further processing.
Afterward, we gather relevant paragraphs based on the occurrence
of key words associated with the information we aim to collect. For
example, we collect paragraphs with key words such as “fibers” and
“hydrogel” to obtain content related to self-assembly phases. Last,
we add the abstract text, which provides a summary of each scien-
tific paper, into the processed main text. We preprocess the texts to
reduce the volume of text input, thereby meeting the token (number
of words) limits for the training and inference of LLMs, and to aug-
ment the efficiency of data mining of the literature.

The distribution of token numbers for the 75 publications after
preprocessing is shown as Fig. 4B. We use the OpenAlI API to call
the GPT model (54) for information extraction from these pro-
cessed texts. The task is known as NER, which identifies and classi-
fies key information elements from text into predefined categories
(Fig. 4A). To enhance the model’s performance on NER for peptide
literature mining, we fine-tune the GPT model with our peptide da-
tabase. The peptide database is divided into training (52 papers) and
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tion. (D) Performance comparison of original pretrained GPT model and fine-tuned model for numerical feature extraction.

testing (23 papers) sets. Given that most publications yield multiple
data entries, we incorporate all data entries from the same publica-
tion into a single output, allowing the GPT model to better extract
multiple sets of target entities from a single paper. We compare the
performances of the original and fine-tuned GPT models by evalu-
ating their prediction accuracy on the testing papers from the man-
ually curated dataset.

For nine categorical features, we assess the performance of LLMs as
a True-or-False task by comparing features extracted by the LLMs with
those identified by human experts. The fine-tuned LLM markedly out-
performed the pretrained model for all nine categorical features with
an average accuracy over 80%. In comparison, the original GPT model
only achieves an average accuracy of 62.7%. More specifically, fine-
tuning substantially enhances the accuracy of predictions for clas-
sification queries. For example, the accuracy for identifying the
feature “category: peptide/conjugate/mixture’—which determines
whether the peptide system comprises a single peptide, a conjugate, or
a mixture—increases from less than 10% to over 90% after fine-tuning.
However, fine-tuning does not improve the model’s ability to extract
information for the feature “solution” This limitation arises from sev-
eral factors: (i) “solution” often involves multiple chemicals,
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complicating the capture of comprehensive information; and (ii) infor-
mation about the solution is frequently sparse or absent (appear in fig-
ures instead) in the processed texts used as input, making accurate
extraction challenging.

In terms of the numerical features, we calculate the mean abso-
lute error (MAE) of extracted and ground truth values to compare
the accuracy for LLMs with and without fine-tuning. As clearly de-
picted in Fig. 4D, the fine-tuned model not only attains an MAE
value but also exhibits a narrower error distribution compared to
the pretrained model. This demonstrates that fine-tuning enhances
both the accuracy and robustness of the GPT-3.5 turbo model for
peptide literature mining. With our fine-tuned LLM, we can notably
enhance the efficiency of dataset curation for learning rules of pep-
tide self-assembly. Furthermore, this workflow can be adapted to
other fields of the physical sciences as experimental conditions are
crucial for scientific investigations.

Limitations and opportunities of literature mining

Despite the notable improvements in accuracy achieved through
fine-tuning our language model, it is important to recognize the ex-
isting limitations of our LLM-assisted literature mining approach,
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which present opportunities for further investigation and refine-
ment in future studies. The major limitations and potential solutions
to them are listed as follows (shown in fig. S4):

1) Given the limit of token numbers, we trunk the full texts of
academic publications, which can eliminate important information
from the text. We believe that it can be addressed by dividing the full
texts into a series of chunks, which allows LLMs to process them
separately rather than all at once. In addition, there is an increas-
ingly number of open-source models with increased token limit as
the field evolves.

2) In this work, we only keep the text of publications for data
mining. However, figures, tables, and videos often contain essential
information about self-assembly results. To overcome this limita-
tion, multimodal LLMs hold significant promise. These advanced
models are capable of simultaneously processing text, images, and
videos, offering a comprehensive and integrated approach to litera-
ture mining. Furthermore, given that the graphs within the academ-
ic papers often come with captions, contrastive learning can be
implemented to fine-tune these pretrained multimodal LLMs using
paired text and image data.

3) We notice that, in the field of peptide self-assembly experi-
ments, the experimental information is often distributed sparsely
throughout the full text. For instance, the same group of informa-
tion, such as observations from electron microscopic examination
(see fig. S4), may be dispersed across various sections of a paper,
including Methods, Results, and figure captions. This scattered dis-
tribution significantly complicates the task of collecting all pertinent
information. To tackle the problem, during data preprocessing, we
can reorganize the relevant information using regular expressions or
custom parsing techniques. During the training stage, the extraction
task can be enhanced with clear and task-specific prompts for sparse
data collection (e.g., “Extract self-assembly phase from the Results
section and temperature from the Methods section”). Last, when
performing inference, chain-of-thought reasoning can be imple-
mented to extract data in a logical and structured manner (e.g., “Ex-
tract experimental methods first and then search for corresponding
results”).

4) Another challenge in mining literature of peptide self-
assembly results is the frequent occurrence of multiple experiments
conducted on the same peptide system to explore its morphology,
composition, and properties. This results in a mixture of target in-
formation we aim to extract, involving multiple sets of experimental
conditions, which confuses the LLMs we use. To address this chal-
lenge, we propose the inclusion of the experimental method as an
additional entity for information extraction. In addition, prompts
can be designed to specify the experiments of interest or to instruct
the model to distinguish between different experiments.

DISCUSSION

In this work, we manually collect data from the academic literature
to construct a dataset of peptide self-assembly systems, with a par-
ticular emphasis on peptide sequences and experimental condi-
tions. Using the database, classical ML algorithms, such as the RF
model, are used to predict the phases of assembled nanostructures
based on information regarding both internal chemical composi-
tion and external experimental stimuli. The model demonstrates
high accuracy in classifying various phases and exhibits moderate
generalization capabilities. By further interpreting the classification
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results, the importance of different experimental conditions to indi-
vidual phases can be evaluated. These insights offer valuable guid-
ance for researchers in designing experiments aimed at creating
specific phases of peptide nanostructures.

We further replace the labor-intensive manual data collection
process with an LLM assistant. Compared to human experts, the
LLMs are capable of processing academic texts and extracting target
entities in an automated and efficient manner. We used the giant
pretrained GPT model and demonstrated that, by fine-tuning it
with only a small set of publications, the LLM assistant can achieve
impressive accuracy in extracting experimental information, sig-
nificantly surpassing the performance of the original GPT model
designed for general human language tasks. This fine-tuned model
will facilitate the streamlining of the data collection process for fu-
ture publications. The extracted data can subsequently be integrated
into our database, further refining the ML algorithm trained for
phase classification. Despite the notable improvements in accuracy
achieved through fine-tuning our language model, it is important to
recognize the existing limitations of our LLM-assisted literature
mining approach, which present opportunities for further investiga-
tion and refinement in future studies. The major limitations and po-
tential solutions to them are shown in fig. S4 and table S4.

The proposed workflow and developed models from this work
can help us deepen our understanding of the self-assembly of pep-
tide materials. However, it is important to note that the experimen-
tal data extracted from the literature tends to be biased toward
specific peptides (as shown in Fig. 2, D and E) or experimental
methodologies (as shown in Fig. 2, A to C). Therefore, future efforts
could be directed toward incorporating data from domains that
have been less explored in previous experiments. Multiple method-
ologies can be used to achieve this objective. For example, given the
costs of conducting experiments, an active learning-based frame-
work could be adapted to identify a minimal number of experi-
ments required to extend knowledge beyond the current database.
High-throughput screening is another potential way of conducting
massive experiments in a systematic and automated manner (55).
Compared to experiments, computational tools such as CG MD
simulations are generally much faster but less accurate in phase pre-
diction. Nevertheless, we can harness the strengths of both experi-
mental (high-fidelity but limited in quantity) and computational
(low-fidelity but abundant) techniques through the application of
multifidelity learning (56). This approach allows the integration of
both experimental and computational data to train ML models with
both high accuracy and data efficiency. Current MD research and
other computational studies often focus on varying peptide se-
quences, whereas other extrinsic factors receive less attention. In ad-
dition, because of computational costs, CG MD simulation is the
only viable method to study such large peptide assemblies in a high-
throughput way (16, 57). However, these simulations sacrifice criti-
cal atomistic details, limiting their ability to distinguish between
specific phases. Consequently, we have not included computational
results in the current dataset, given the level of data volume and
coverage. Looking ahead, as high-throughput MD simulations be-
come increasingly prevalent and accessible, we anticipate acquiring
a sufficiently large and comprehensive computational dataset to en-
hance model performance using multifidelity ML approaches in the
future. Apart from physics-based experimentation and modeling,
generative modeling also serves as a useful method for data genera-
tion. Model architectures from variational autoencoders and
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generative adversarial networks to diffusion models are widely ap-
plied to augment the data pool of materials and proteins (58, 59).
These approaches can be easily adapted to produce new experimen-
tal data of peptide self-assembly by learning from the existing data
we have collected. Further provided with certain conditions like
desired phase or constrained experimental parameters, a condition-
al generative model is a promising approach to assisting experimen-
tal design as we discussed in earlier sections.

Last, although this study primarily concentrates on extracting in-
formation about the self-assembly phase of peptide materials, the
overarching workflow can be applied more broadly. For instance, as a
structured functional material, tuning the self-assembly process is
essential for accessing diverse applications. Leveraging our fine-
tuned LLM for literature mining and the ML classifier for phase pre-
diction, it becomes straightforward to gather property information
about peptides from the literature and to construct a model for pre-
dicting their functions. For instance, optical (e.g., photolumines-
cence) and mechanical properties (e.g., modulus) are of great interest
in designing peptide self-assemblies. Predicting the self-assembly
phase serves as a critical foundation for exploring these functional
properties. The current fine-tuned LLM can also be easily adapted to
extract these properties. Given the similarity and shared language
between these tasks, there is no necessity to train these models from
scratch; transfer learning with a relatively small dataset suffices for
precise data extraction and function predictions. Further with the
generative models, we can design not only experimental parameters
but also the peptide sequences to realize specific functions. These ap-
proaches will largely facilitate designing self-assembling peptide ma-
terials without conducting costly experiments.

MATERIALS AND METHODS

Manual processing of peptide database

We first select the data entries from the SAPdb database based on
the self-assembly phase. Our database includes the top 7 most fre-
quently occurring phases, eight inclusive of “no assembly”—hydrogel,
fiber, tube, sphere, particle, ribbon, and vesicle—because other
phases have too few data entries, likely making them difficult to be
accurately predicted by ML algorithms. Including the nonassembly
case, there are a total of eight phases. We also excluded publications
that involve rare methods and techniques that cannot be incorpo-
rated within the 13 features illustrated in Fig. 2. These publications
include the following cases: (i) experiments of coassembly of multi-
ple peptides such as ref. (60); (ii) purely computational study such as
ref. (61); (iii) studies on peptides that cannot split into a sequence of
amino acids such as ref. (62); (iv) experimental control beyond solu-
tion environment, pH, and temperature such as in situ ultrasound
approach (63), oxidation (64), and electromagnetic field (65); (v)
experiments in a solution environment with more than one solvents,
ref. (66); (vi) experiments without information of solvent/peptide
concentration, ref. (67); and (vii) experiments with rare (less than
five entries in SAPdb) solvents, additives, or chemical modifications
such as ref. (68).

With the screening, we obtain 75 publications in total. Typically,
each publication yields multiple data entries as a single study often
investigates various combinations of experimental parameters. Here
are the key principles we use to extract data entries from each pub-
lications: (i) For any parameters that fall within a specific range, we
uniformly sample six entries within that range to constitute the data;
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(ii) for a given critical value of phase transition, we select two values
(1.1x and 1.2x) above the critical value for one phase and two values
(0.8x and 0.9x) below the critical value for the other phase; (iii) for
peptide concentration, we standardize all values to the unit of mg/
ml by calculating the molecular weights of peptides; (iv) for pH val-
ues, if not specified in the publications, we obtain the value based on
the solvent and solute [for instance, for the pH of methanol-water
mixture in ref. (69), the pH value is calculated to be 8.3 according to
the volume ratio]; and (v) for temperature, if not specified in the
publication, we presume that the experiments are performed under
room temperature (25°C). By applying these rules to the publica-
tions in our database, we derive 1012 data entries.

ML algorithms for phase classification

The input feature vector for phase classification is composed of two
parts: the first from categorical features, represented through one-
hot encodings, and the second from numerical features. For cate-
gorical features with multiple elements, such as “peptide sequence”
and “solution,” each element is converted into a one-hot encoded
vector, and these vectors are then concatenated to form a single 1D
feature vector. These categorical and numerical features are com-
bined to create an input feature vector, which has a total length of
139. The output we train the ML algorithms to predict is the self-
assembly phase, which corresponds to eight different classes.

To optimize the performance of the four classical ML algorithms,
grid search of hyperparameters is performed. Grid search is a meth-
od used to identify the optimal combination of hyperparameters by
systematically exploring a specified search space, which is struc-
tured as a discrete grid. For each ML algorithm, we choose three
independent hyperparameters to form the grid as shown in table S2.
Fivefold cross-validation is implemented to compare the models
under different combinations of hyperparameters. The whole cu-
rated dataset is randomly split into training (60%), validation (15%),
and testing (25%) sets. All codes for hyperparameter optimization
and ML calculation are written using the scikit-learn package (70).
The results of grid search along with the optimal hyperparameter
combination for four ML models are visualized in fig. S1.

In terms of the SMOTE oversampling technique, we implement it
using the imbalanced-learn Python library (71). After oversampling,
the size of the training set increases from 607 to 842 with interpo-
lated data in minority classes. To test the generalization capacity of
our ML algorithms, we split the 75 publications instead of the whole
dataset into training (45 papers), validation (11 papers), and testing
sets (19 papers). As a result, the final numbers of data entries for the
training, validation, and testing set are 605, 151, and 256, respec-
tively. To better interpret the impact of different features on the self-
assembly phase, we implement the SHAP technique using the official
SHAP Python package (52, 72). Given that categorical features are
represented by one-hot encodings that span multiple dimensions in
the input vector, we group all dimensions related to the same feature
by summing up their SHAP values.

Text processing of the literature

We first download PDF files of 75 publications in our database and
then convert the files to text. No images, tables, and videos are in-
cluded after the conversion, and we exclude the supporting informa-
tion/supplementary materials given the text volume limit. As we are
interested in the effects of experimental conditions on the self-
assembly process of peptides, we then extract experimental sections
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based on the section headings. These headings include “Material(s),”
“Method(s),” “Material(s) and method,” “Method(s) and material(s),”
“Experimental section(s);,” and “Experimental detail(s).” If none of
them are found in the main text, the complete text document is kept
for the following processing. To determine the end of the text within
the experimental sections, we search for the headings of sections that
appear immediately after these experimental parts. These headings
include “Result(s) and discussion(s),” “Result(s) and conclusion(s),”
“Result(s),” “Discussion(s),” “Conclusion(s),” “Literature cited,’
“Acknowledgement(s);,” “Reference(s),” “Associated content(s),” “Au-
thor information,” and “Conflict of Interest(s).” If none of them are
found, the text after the experimental section will all be included.

With the text corpus of experimental details, paragraphs with tar-
get information are then collected. The target information is searched
based on a vocabulary of key words, which are relevant to the input
features and output phase. The list of key words is displayed in table
S3. If any of the key words are found within a paragraph, that para-
graph is kept in the text for data mining; otherwise, it is removed.
After collecting the relevant paragraphs, we eliminate these extreme-
ly short paragraphs (with less than 100 characters) and lines (single
line with less than 9 characters), which are present mainly due to
formatting errors. Upon completing these preprocessing steps, the
final token count for 75 papers is presented in Fig. 4B. Considering
the token limit for fine-tuning the GPT model, for processed texts
that exceed this limit, we cut the beginning and ending portions to
adhere to the token constraint. These texts are generally those with-
out clear headings for different sections. This approach is taken be-
cause the beginning of a paper is the introduction section, which
generally contains less information about the study itself. Similarly,
the ending is often conclusions and discussions and is less critical
compared to the main text.

LLM for literature mining
In this work, we use the “GPT-3.5-turbo-0125” version of the GPT
model (54) for both pretrained and fine-tuned cases considering the
accuracy and computational costs. The maximum number of tokens
that can be used for fine-tuning is 4096. Therefore, texts with more
than 4096 tokens are truncated to meet the limit. We pass the name of
both categorical and numerical features to our LLMs as an entity
prompts to perform the NER task. The LLM is fine-tuned with batch
size of 1 for only five epochs until the loss reaches a plateau. Although
this study conducted fine-tuning using the OpenAI API, we observe
an increasing availability of open-source LLMs, such as the Llama se-
ries. The volume of domain-specific literature in a given scientific field
is considerably smaller than the training datasets used for these large
models. Combined with the lower computational costs of fine-tuning
methods like LoRA (73) compared to pretraining, this makes fine-
tuning accessible to researchers with relatively modest computational
resources. In addition, open-source models provide greater freedom
and flexibility in prompt engineering and model customization.
Once the LLM extracts the target information from the text, we
proceed to assess its accuracy manually using the following protocol:
(i) For every data entry predicted by the LLM, we search for data in
our manually curated dataset (considered as the ground truth) that
align with the predicted peptide sequence and self-assembly phase.
(ii) In cases where multiple or no direct matches are found, we evalu-
ate the remaining target entities apart from the sequence and phase,
using the ground truth data that most closely match the LLM’s pre-
dictions for accuracy calculation. (iii) For categorical features, the
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prediction is considered accurate only if prediction and ground truth
categories fully align with each other. For features with multiple ele-
ments like “solution,” both solute and solvent need to be correctly
identified for the prediction to be considered True. (iv) For numeri-
cal features, accuracy is determined by comparing the predicted and
true values using the MAE. Entries lacking specific numerical values
(indicated by “nan” where no values are extracted) are excluded from
the MAE calculation.

Supplementary Materials
This PDF file includes:

Figs. S1to S4

Tables S1 to S4
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