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Abstract. The escalating demand for adaptable Artificial Intelligence (AI) systems presents a critical hurdle:

generating efficient text embeddings tailored to specific problems. While Large Language Models (LLMs) excel in

general contexts, they struggle in specialized domains due to their massive data requirements, opaque embedding

strategies, and high computational costs. We introduce Biotext, featuring SWeePtex, a novel framework that adapts

successful Bioinformatics techniques for text embedding. By converting text to the Biological Sequence-Like (BSL)

format, our Python package enables the application of SWeeP, a tool originally developed for biological sequences,

to create content-addressable vectors in natural language, employing the random projection paradigm. Using

unsupervised machine learning, we validated this finding by analyzing data from 14,984 MEDLINE abstracts on the

thioredoxin theme. Biotext, through SWeePtex, constructs a unified vector space for words and documents from

scratch, capturing rich contextual relationships and offering scalable processing. Our usage example demonstrates

that this Bioinformatics-inspired method effectively addresses key challenges in Natural Language Processing (NLP),

providing interpretable, computationally efficient, and content-addressable linguistic representations for document

exploration. Ultimately, Biotext demonstrates that bridging Bioinformatics and NLP yields powerful, efficient, and

accessible text analysis tools that balance analytical power with interpretability, particularly valuable in specialized

domains and resource-constrained environments. Biotext Python package is freely available at the PyPI repository.
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1 Introduction

Texts are a traditional medium for storing scientific knowl-

edge. However, the ever-growing volume of textual data

in public databases underscores the need for improved tech-

niques in text manipulation and analysis [Tshitoyan et al.,

2019]. In this context, Text Mining (TM) methodologies

play a central role, enabling the extraction of structured in-

formation from unstructured text, linking human language

with computational techniques [Hassani et al., 2020], and

uncovering hidden insights within complex corpora.

A key aspect of TM is its reliance on string-based data

representations, a characteristic it shares with other computa-

tional fields such as Bioinformatics. In both domains, entities

– whether natural language texts or biological sequences in

FASTA format – must be manipulated as symbolic strings.

Consequently, techniques developed for mapping biologi-

cal sequences to vector representations [Asgari and Mofrad,

2015; De Pierri et al., 2020; Leimeister et al., 2019] can be

adapted to TM, thus broadening the repertoire of strategies

for text analysis [Hassani et al., 2020; Lilleberg et al., 2015;

Ma and Zhang, 2015].

These cross-domain parallels highlight a broader challenge:

the need for transparent and controllable methods of text

vectorization that yield interpretable embeddings. Although

Large Language Models (LLMs) such as GPT [OpenAI et al.,

2023; Radford and Narasimhan, 2018] can be used to derive

embeddings, this is not their primary design goal, and their

black-box complexity can obscure crucial choices in how

texts are embedded. For specialized domains, an emerging

alternative is to build models from scratch to mitigate the

biases inherent in general-purpose training data [Li et al.,

2025; Yao et al., 2022].

The quality of the resulting vector representations defines

the semantic space on which all downstream tasks oper-

ate, effectively setting an upper bound on their performance

[Mikolov et al., 2013b]. Embedding methods that faithfully

encode domain-specific semantics, syntactic nuances, and

conceptual relations can already unlock robust analyses when

combined with more straightforward and interpretable mod-
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els, a critical requirement as the field moves toward accessible

and transparent tools [Hutson, 2024]. Thus, text vectorization

is not merely a preprocessing step, but a central research prob-

lem that underpins efforts to achieve transparency, control,

and trustworthy inference in Natural Language Processing

(NLP) systems [Currie, 2023].

Motivated by the need for efficient, interpretable, and ac-

cessible embedding methods, this study investigates adapt-

ing SWeeP (Spaced Words Projection) – developed initially

for biological sequence vectorization – to the domain of

NLP. SWeeP [De Pierri et al., 2020] has proven efficient for

representing biological sequences as compact vectors using

FASTA-formatted data. Its successful application in various

Bioinformatics studies [da Silva Filho et al., 2021; De Pierri

et al., 2020; Perico et al., 2022; Raittz et al., 2021] motivates

exploration of its broader potential in text processing and

mining.

Here, we formally present Biotext, a framework that inte-

grates Bioinformatics and NLP through biological-sequence-

inspired text processing. At its core, Biotext features SWeeP-

tex, an adaptation of the SWeeP method for textual data. To

achieve this, the framework implements two distinct text-

to-BSL (Biological Sequence-Like) conversion strategies:

AMINOcode (an amino acid-like encoding) and DNAbits (a

nucleotide-like encoding). The Biotext is implemented in a

Python package.

Before this study, we demonstrated the applicability of

SWeeP to textual data by analyzing the Yoga literature [Ieger-

Raittz et al., 2025]. In that research, the emphasis was placed

primarily on content exploration rather than on the method-

ological characteristics of text vectorization. In the present

work, however, our goal is to foreground the conceptual di-

mension of Biotext. For exemplification purposes, we applied

unsupervised machine learning and geometric analysis of text

vector representations to examine PubMed abstracts within

a new domain: the thioredoxin literature. This experiment

successfully revealed meaningful thematic patterns within the

corpus.

Biotext uniquely combines NLP with biological sequence

analysis using SWeeP. Subsequent sections delve into the vec-

torization of natural language (Section 1.1), provide a detailed

explanation of the SWeeP vectorization method (Section 1.2),

and position SWeePtex within the relevant specialized litera-

ture (Section 1.3).

1.1 Natural language vectorization

Natural Language Modeling (NLM) explores the intersection

between computers and human language. Its primary objec-

tive is to equip machines with the capacity to understand,

interpret, and generate text at a level that approaches human

cognition [Jurafsky and Martin, 2025]. Over the past decades,

the field has evolved considerably, transitioning from early

symbolic and frequency-based representations to sophisti-

cated neural architectures that capture semantic, syntactic,

and contextual dependencies.

One of the first and most influential contributions to text

vectorization is the Inverse Document Frequency (IDF), intro-

duced by Jones [Jones, 1972]. By assigning lower weights to

commonplace words, IDF highlights specific and informative

terms within a corpus. When combined with Term Frequency

(TF), the widely used TF-IDF representation becomes cen-

tral to information retrieval and TM applications [Robertson,

2004]. Despite its simplicity, the conceptual foundation of

IDF continues to underpin many current NLP techniques.

As research progressed, new approaches sought to address

limitations of purely statistical models. Recurrent Neural Net-

works (RNNs) [Elman, 1990] enable the capture of temporal

and semantic patterns by maintaining an internal state that, in

the context of NLP, reflects the preceding context. This inno-

vation allows models to process text sequentially, laying the

necessary groundwork for the development of more complex

architectures capable of representing long-range dependen-

cies.

In parallel with advances in neural methods, random-

projection methods also played a significant role in the evolu-

tion of text vectorization. Random Indexing [Kanerva, 1994]

proposed representing concepts using randomly generated

sparse and dense vectors inspired by cognitive models of hu-

man memory. This method facilitates compositionality and

flexibility in developing new concepts [Kanerva, 1994; Kan-

erva et al., 2000]. Building on similar principles, Random

Mapping [Kaski, 1998] applied the Johnson–Lindenstrauss

lemma [Johnson and Lindenstrauss, 1984] to project high-

dimensional representations into lower-dimensional spaces

while preserving semantic structure. Its application to systems

such as WEBSOM demonstrated that random projections

can preserve thematic separability while achieving efficiency

comparable to that of techniques such as Principal Component

Analysis (PCA) [Kaski et al., 1998].

A significant shift occurred with the introduction of the neu-

ral probabilistic language model [Bengio et al., 2003], which

pioneered the concept of continuous word representations,

now known as “word embeddings”. By learning distributed

representations that capture the semantics of words in context,

this approach opened the door to more expressive and gen-

eralizable vector spaces. Subsequent developments further

refined this paradigm: Word2Vec [Mikolov et al., 2013a]

introduced the CBOW and Skip-gram models, providing effi-

cient and accurate embeddings via context-prediction tasks,

while FastText [Bojanowski et al., 2016] extended this by

modeling subword units, thereby increasing robustness in

representing rare or morphologically rich words.

The advent of Transformer-based architectures marked

another pivotal moment. GPT (Generative Pre-trained Trans-

former) [Radford and Narasimhan, 2018] used unidirectional

masked self-attention to learn autoregressive representations

optimized for predicting the next token. In contrast, BERT

(Bidirectional Encoder Representations of Transformers) [De-

vlin et al., 2018] leveraged bidirectional attention, enabling

the construction of highly context-aware embeddings by si-

multaneously attending to preceding and following words.

Together, these models redefined the representational capac-

ity of NLP systems and catalyzed the development of today’s

large-scale pretrained models.

Building on this trajectory, DeepSeek-R1 [DeepSeek-AI

et al., 2025] introduced multi-stage reinforcement learning

to enhance vector representations and reasoning capabilities.

Distilled versions of the model transfer its high-dimensional

internal structure to compact student architectures, such as
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Qwen and Llama, enabling more lightweight systems to gen-

erate embeddings aligned with those of the teacher model

while maintaining efficiency.

Supplementary Table S1 summarizes this historical pro-

gression, outlining the chronological development of key

methods and concepts in Linguistic Modeling (LM). The ta-

ble highlights how each methodological shift contributed to

shaping the current landscape of computational linguistics.

Despite these substantial advances, the ongoing shift to-

ward deep learning has increased the epistemological com-

plexity of language models. As a result, direct interpretation

of their internal representations has become increasingly com-

plex, raising significant concerns about interpretability and

reliability [Scorzato, 2024]. This growing complexity under-

scores the need for methodologies that balance expressive

power with transparency, particularly in domains that require

rigorous validation.

1.2 Sequence vectorization with SWeeP

SWeeP (Spaced Words Projection) [De Pierri et al., 2020]

is a method that efficiently represents biological sequences

as compact vectors using FASTA-formatted data as in-

put. SWeeP operates in two steps: 1) creation of a High-

Dimensional Vector (HDV); and 2) pseudo-random projec-

tion of the HDV into a Lower-Dimensional Vector (LDV or

SWeeP vector).

SWeeP exhibits robust performance even for long, struc-

turally complex sequence patterns, which are typically chal-

lenging to process directly within FASTA-based workflows.

The method is an efficient, quick, and effortless way of adapt-

ing sequences to machine learning tasks. SWeeP is efficient

for sequence comparisons, as demonstrated in previous stud-

ies [da Silva Filho et al., 2021; De Pierri et al., 2020; Perico

et al., 2022; Raittz et al., 2021].

1.3 Theoretical context

The evolution of language modeling has progressed from

classic statistical methods such as IDF [Jones, 1972] to

sophisticated modern systems, including GPT [Radford

and Narasimhan, 2018], BERT [Devlin et al., 2018], and

DeepSeek-R1 [DeepSeek-AI et al., 2025] (Supplementary

Table S1). This trajectory reveals a clear trend toward in-

creasing complexity in capturing intricate semantic patterns.

SWeePtex emerges as a distinct approach grounded in

random-projection principles. Although aligned with tech-

niques such as Random Indexing [Kanerva, 1994] and Ran-

dom Mapping [Kaski, 1998; Kaski et al., 1998], the method

establishes its own niche by combining the efficiency of early

random-projection strategies with a BSL encoding layer, thus

reducing the overall complexity of vectorization.

Early neural models, including recurrent networks [Elman,

1990] and the Neural Language Model [Bengio et al., 2003],

were groundbreaking in pioneering learned distributed repre-

sentations. The Transformer architecture introduced attention

mechanisms, enabling deep and comprehensive contextual

modeling. Nevertheless, the models still required substantial

computational resources for training and deployment. SWeeP-

tex, on the other hand, focused on embeddings and adopted

a distinctive paradigm by using random projection directly,

thereby circumventing the demands of deep training.

2 Method

The Biotext framework comprises two encoding methods,

AMINOcode and DNAbits, that convert natural language into

Biological Sequence-Like (BSL) formats. The encoded se-

quences are compatible with SWeeP vectorization allowed by

the SWeePtex method. Those vectors allow for downstream

tasks, including semantic embedding and machine learning

applications.

2.1 Approaches

This study focuses on vectorizing BSL-formatted texts using

the SWeeP method and defines SWeePtex. The resulting

vectors are suitable for a wide range of analytical techniques,

including machine learning, PCA, graph-based methods, and

semantic similarity assessment. Furthermore, converting the

text into a BSL format from AMINOcode or DNAbits can

already enable the use of other Bioinformatics tools, such

as sequence alignment and mutation-frequency analysis, al-

though this may require appropriate adaptations.

The AMINOcode substitutes characters with patterns from

a pre-defined dictionary, assigning generic encoding to un-

treated characters. Its variants include a reduced version that

generalizes numbers and punctuation, along with a detailed

version that explicitly encodes these elements. In contrast,

DNAbits uses the American Standard Code for Information

Interchange (ASCII), allowing a full representation of all

characters. These methods form an increasing sequence with

respect to both information preservation and string length.

The selection of a coding scheme depends on the specific

special characters that must be represented. For this study,

SWeePtex used the detailed AMINOcode, as it adequately

represented the character set typically found in the scientific

literature. Alternative schemes remain available for future

projects.

2.1.1 AMINOcode

AMINOcode is the method to encode natural language text

in a format based on amino acid sequence representation in

FASTA format. It offers two encoding options: reduced and

detailed. In reduced encoding, the resulting sequence has the

smallest possible size, but it loses information that cannot be

recovered during decoding. The detailed options increase the

string size by retaining information for additional characters.

Supplementary Table S2 shows the character substitution

rules.

Supplementary Table S3 provides an example of sentence

encoding using the AMINOcode, illustrating both reduced

and detailed options and their respective decodings, high-

lighting differences in information loss. The decoding with

AMINOcode does not preserve information about capital let-

ters or characters outside the rules defined by the dictionary.

However, it can maintain numbers and major punctuation

types in the detailed version.
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2.1.2 DNAbits

DNAbits encodes natural language text into a DNA-sequence

representation in FASTA format. The output string from

DNAbits is longer than that of AMINOcode but preserves all

the information in ASCII, as shown in Supplementary Table

S4. DNAbits processes text by converting each character

into its 8-bit binary representation and then splitting each

byte into four 2-bit pairs. Each pair of bits is then translated

to nucleotides: “00” becomes “A”, “10” becomes “C”, “01”

becomes “G”, and “11” becomes “T”. For example, the binary

representation of the character representing the letter “a” (byte

corresponding to the numeric value 97) is “10-00-01-10”,

yielding “CAGC” after DNAbits encoding.

DNAbits can also be used for alternative amino acid en-

coding, converting each encoded text into a protein sequence

in the three possible reading frames and concatenating the

three resulting sequences.

2.1.3 SWeePtex

Biotext utilizes SWeeP for text vectorization. Once the texts

are encoded with AMINOcode or DNAbits, applying SWeeP

is straightforward and requires no additional preparation. This

specific combination of BSL encoding and SWeeP is referred

to as SWeePtex. The resulting vectors are versatile and can be

directly employed in various applications, including machine

learning techniques, PCA, graph construction, matrix opera-

tions, text comparison, semantic analysis, or other text-based

tasks that require vector representation.

2.1.4 SWeePtex embedding

To create context-aware word and document embeddings that

leverage bidirectional relationships within a given corpus,

we designed a protocol based on SWeePtex. The corpus is

a set of documents that represent the subject of the analy-

sis. The embedding process starts with creating preliminary

vector embeddings for each document using SWeePtex. The

embedding of each word is derived by averaging the pre-

liminary vectors of the corresponding records in which the

word appears. Similarly, the final document embeddings are

obtained by averaging the word vectors of all words in the

document, leveraging precomputed word embeddings. Figure

1 illustrates the steps of the method.

The actual embedding program checks for the availability

of a preexisting word list. If such a list exists, it is loaded

directly for use. If not, the program creates a new word list

by extracting all unique terms from the corpus. Next, the pro-

gram begins mapping, establishing bidirectional relationships

between words and documents.

2.2 Usage example: “thioredoxin”

This section describes an experiment designed to showcase

SWeePtex’s capabilities for integrating machine learning and

geometric procedures for text analysis and visualization. Here,

we propose a pipeline for analyzing biomedical literature from

MEDLINE abstracts.

The topic of “thioredoxin” serves as a practical demonstra-

tion case, chosen because of the research group’s genuine

Figure 1. SWeePtex embedding flowchart. This figure illustrates the SWeeP-

tex embedding technique. It involves three key steps: (1) loading the textual

corpus, (2) creating a bidirectional mapping between words and documents,

and (3) computing embeddings for both words and documents through vector

averaging operations.

interest arising from a previous study [Rubel et al., 2016].

This selection demonstrates the protocol’s applicability to

real-world research questions.

The dataset is a MEDLINE (PubMed format) file con-

structed from a PubMed search on the topic “thioredoxin”,

comprising 14,984 entries (documents). The corpus is con-

verted to lowercase and tokenized to ensure consistency in

subsequent analyses. The search details are in Supplementary

Table S6.

Term Frequency-Inverse Document Frequency (TF-IDF)

norms are computed for all words in the corpus, with a thresh-

old of greater than or equal to 0.5 applied to select domain-

relevant vocabulary.

Semantic representations of words and documents are gen-

erated using Biotext embeddings with AMINOcode to con-

vert text into BSL format and SWeePTex to vectorize. In this

study, the SWeePtex output is set to 1,200 features.

The PCA and Multi-Layer Perceptron (MLP) autoencoder

bottleneck technique [Hinton and Salakhutdinov, 2006] is

applied to reduce the dimensionality of word and document

embeddings to 50. The goal is to evaluate the behavior of the

two reduction techniques.

For unsupervised analysis, the optimal number of clus-

ters for words and documents is determined using the elbow

method, followed by k-means clustering, for the three rep-

resentations: the full SWeePtex output, with 1,200 features;

the PCA reduced, with 50 features; and the MLP reduced,

also with 50 features. All clusterings are evaluated using the

Cosine Silhouette, Euclidean Silhouette, Calinski-Harabasz,

and Davies-Bouldin metrics. If different data representations

yield different numbers of clusters, a secondary clustering

is performed using the representation that produces the best

Cosine Silhouette score to ensure comparability. Visual com-

parisons are performed with this fixed number of clusters to
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improve comparability.

At the document level, the most salient term trios are ex-

tracted using TF-IDF cutoffs and stop-word filtering. Doc-

ument clusters are exemplified by items selected using two

approaches: (1) centroid-proximate, where documents clos-

est to the cluster’s geometric center (centroid) are chosen for

their typicality and representativeness of core themes, and (2)

randomly sampled, where documents are selected arbitrarily

to capture broader variability within the group.

This pipeline illustrated most of the resources available

through the Biotext package, as well as other potential analy-

ses that can be performed on the generated data. The results

are presented in multiple formats, including dimensional-

reduction visualizations, cluster-annotation plots, frequency-

based word clouds, and structured tabular data summarizing

key findings at both the word and document levels.

Finally, a manual analysis of document clusters is per-

formed using the generated material to identify the pattern

recognized by unsupervised machine learning.

Additionally, to test the intuitive consistency of vector

operations, proximity searches for the target words “leukemia”

and “pregnancy” are performed for word-to-word and word-

to-document relationships.

2.3 Implementation

The approaches are implemented as Python 3 [Van Rossum

and Foundation, 2025] modules in the Biotext package. A

pipeline script written in the same language automates the

usage example experiment.

In the Biotext package, the NumPy library [Harris et al.,

2020] is used for vector manipulation procedures. The re-

sults are made publicly available through the PyPI repository.

Biopython [Cock et al., 2009] is used to manipulate FASTA

files. The Scikit-learn library [Pedregosa et al., 2011] is used

to implement machine learning in the experimental script.

Graphs are generated using Matplotlib [Hunter, 2007] and

Wordcloud [Mueller, 2026], while scatterplot refinement is

performed using the adjustText [Flyamer et al., 2024] package.

The Natural Language Toolkit (NLTK) [Bird et al., 2009]

stopwords list is considered when necessary. The dataset

used is constructed from the PubMed database [Canese and

Weis, 2002].

3 Result

3.1 Python package

The Biotext Python package is freely available for installation

via PyPI (https://pypi.org/project/biotext). This implementa-

tion provides researchers with full access to the SWeePtex

methodology in a user-friendly format. The package handles

all stages of the analysis, from raw text input to final output

visualization.

Table 1 summarizes the core modules of the Biotext pack-

age, accompanied by minimal working examples. These

demonstrate BSL encoding (with both the AMINOcode and

DNAbits options) and the construction of a vector space.

The package includes the exact executable pipeline used for

the thioredoxin experiment, ensuring the reproducibility of

the published results. All analysis steps, from text processing

to final visualizations, can be replicated and reproduced. The

documentation provides detailed guidance for running the

complete experiment.

In addition to supporting reproducibility, the architecture

offers substantial flexibility for new applications. Researchers

can adjust encoding schemes, modify projection dimensions,

or implement custom similarity metrics to refine their analy-

ses. This modular design accommodates both immediate use

and extensive customization for specialized needs.

3.2 Thioredoxin result

The implemented Text Mining pipeline generated multiple

insightful visualizations and quantitative outputs, revealing

patterns across the 14,984MEDLINE abstracts analyzed. The

complete execution takes approximately 1 hour and 48 min-

utes on a personal computer (details in Supplementary Table

S5), with less than 18 minutes dedicated to Biotext embed-

ding (words and documents) and the remainder allocated to

pre- and post-processing tasks.

The experimental material is publicly available through

the Zenodo repository (https://doi.org/10.5281/zen-

odo.17810310), comprising the main execution script,

supporting utility modules, configuration files, and all output

results utilized in this study, allowing full reproducibility of

our findings while also providing researchers with adaptable

components for future applications.

The elbow method determines the optimal number of clus-

ters for words and documents (Supplementary Figures S1

and S2). For words, the optimal number is 9 clusters for the

complete SWeePtex vectors, 16 clusters for the PCA-reduced

vectors, and 3 clusters for the MLP-reduced vectors. For doc-

uments, all three vector representations result in 3 clusters.

In accordance with the methodological criterion, clustering

with 3 clusters is also performed for the complete and PCA-

reduced SWeePtex representations.

Quantitatively, MLP-based reduced vectorization achieves

the best performance, with a cosine silhouette score of 0.6552

for word clustering and 0.7136 for document clustering. This

superiority is consistent with the results across all other eval-

uated metrics. The complete results are detailed in Supple-

mentary Table S7.

Clustering results are visualized through scatter plots for

words (Supplementary Figure S3) and documents (Supple-

mentary Figure S4). The document clusters are further illus-

trated using word clouds (Supplementary Figure S5).

The full experimental output includes tables of the repre-

sentative document examples and the most frequent term trios

for each cluster across all three vectorization methods. For

brevity, the Supplementary Material presents only the tables

from the best-performing method, the MLP-based reduced

vectors (Supplementary Tables S9 and S10). A preliminary

interpretation of the document clustering pattern is also pro-

vided (Supplementary Table S8).

For target word analysis, the scatter plots display the 10

closest words from the word-to-word search (Supplementary

Figures S6 and S7). The word-to-document search is visu-

https://pypi.org/project/biotext
https://doi.org/10.5281/zenodo.17810310
https://doi.org/10.5281/zenodo.17810310
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Table 1. Biotext Python package summary. This table summarizes the Biotext modules designed for generating Bioinformatics-inspired text

encodings and embeddings at both the word and document levels.

Module Description Example

aminocode Encodes text using amino acid-like

representations.
encoded = aminocode.encode_string(

"Hello world!"
)
# Output:
# 'HYELLYQYSYWYQRLDYPW '

dnabits Encodes text using binary DNA-like

representations.
encoded = dnabits.encode_string(

"Hello world!"
)
# Output:
# 'AGACCCGCATGCATGCTTGCAAGAT
# CTCTTGCGATCATGCACGCCAGA '

sweeptex Generates document vectors using

the SWeePtex algorithm.
embeddings = sweeptex(

["Text 1", "Text 2"],
emb_size=1200

)
# Output array shape:
# (2, 1200)

sweep-

tex_emb

Generates context-aware embed-

dings for words and documents.
results = biotext_emb(

["First doc", "Second doc"],
return_doc_emb=True,
return_word_emb=True

)
# Output keys:
# - Document embeddings
# results['doc_emb ']
# - Word embeddings
# results['word_emb ']

alized via word clouds generated from the 30 most similar

documents (Supplementary Figures S8 and S9). Both figures

present results for all three vector representations. For the op-

eration using the complete SWeePtex vector, which retrieves

the documents intuitively most related to each target word, the

30 nearest documents per word are listed in Supplementary

Table S11.

The embedding visualization corresponding to the best

quantitative results is shown in Figure 2. Panel A displays the

resulting word clusters, with each cluster labeled by its most

representative terms, as determined by centroid proximity.

Panels B and C visualize the semantic neighborhoods of the

target words “leukemia” and “pregnancy”, respectively.

4 Discussion

4.1 Conceptual analysis

Biotext with SWeePtex demonstrates how Bioinformatics

methodologies can effectively address key challenges in NLP.

Although the BSL format has appeared in third-party imple-

mentations [Araujo et al., 2022], SWeePtex is, to our knowl-

edge, the first implementation specifically designed for text

vectorization. It provides interpretable, content-addressable

representations that enable direct vector manipulation dur-

ing literature exploration, while maintaining computational

efficiency and ensuring continuity in randomness-based lin-

guistic representations.

SWeeP is efficient for biological analyses, and its potential

extends to NLP through Biotext. This approach aligns with a

strategy in languagemodels: the use of random projections for

representation. For example, Kanerva [1994] illustrates how

random representation reflects human conceptual cognition.

However, despite this theoretical foundation, the predominant

technology in NLP largely follows alternative directions.

Transformer-based models, while effective, require sub-

stantial computational resources, making the development of

custom models challenging. To address this limitation, the re-

cent study by DeepSeek [DeepSeek-AI et al., 2025] proposes

model distillation as a strategy to reduce computational costs

and underscores its importance for future research. In con-

trast, SWeePtex revisits Kanerva’s concept and implements

it within a Bioinformatics framework, thereby maintaining

continuity in randomness-based linguistic representation.

Random approaches and methods based on Artificial Neu-

ral Networks (ANN) are not mutually exclusive; they repre-

sent complementary research directions. Patterns identified

through random exploration can be refined and structured

using ANNs, thereby enabling synergistic integration that
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Figure 2. Visualization of the Thioredoxin usage example result via scatter plots. This figure presents two-dimensional projections (reduced via PCA) of

data processed through the described pipeline. Semantic clustering and proximity calculations use SWeePtex feature vectors processed by the MLP-based

technique. Panel A shows word clusters identified by the optimal configuration, with each cluster labeled by its most representative terms. Panels B and C

illustrate the semantic neighborhoods of “leukemia” and “pregnancy”, respectively.

improves solution design. This combined methodology rep-

resents a potential path for future development.

4.2 Thioredoxin insights

The thioredoxin experiment shows how SWeePtex handles

large data volumes and extracts relevant contextual informa-

tion. The analysis is performed on a substantial collection of

documents, a volume impractical for manual evaluation, and

the results are human-interpretable.

Clustering using MLP-reduced vectors yields better quanti-

tative results (Supplementary Table S7). Hinton and Salakhut-

dinov [2006] demonstrates that the dimensionality reduction

approach using an autoencoder neural network can be stronger

than PCA reduction. Specifically, in the SWeePtex case, we

consider the possibility that the MLP adds characteristics

to the new representation that relate patterns not explicitly

captured by the averaging approach.

A visual inspection of the scatter plots of the word clus-

ters reveals broadly similar patterns across the three vector

representations tested (Supplementary Figure S3), despite

differences in dimensionality. Since MLP-reduced vectors

(Figure 2A) produced the strongest quantitative results, we

used this as the basis for the evaluation, from which the fol-

lowing interpretation arises: Cluster 0 is the most specific

grouping highly technical terms related to molecular structure,

enzyme mechanisms, and biochemistry (e.g. catalytic, disul-

phide, isomerase); Cluster 1 comprises intermediate-level

terms that define specific biological systems, disease mod-

els, and experimental contexts (e.g., hepatocytes, apoptosis,

mice); and Cluster 2 contains general methodological and

discourse-linking terms (e.g., or, evidence, over), forming the
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universal scaffold of scientific writing.

The structure of the clustering words reveals a linguistic

gradient, starting with broad contextual language, advancing

to concepts of the biological domain, and concluding with

precise structural and mechanistic terminology. However, it

represents only one possible semantic interpretation of the

clusters, and other valid perspectives could likely be identi-

fied.

In contrast to word-level evaluation, document-level anal-

ysis using the same MLP-reduced projection offers a broader

view of how the thioredoxin-related literature is organized

(Supplementary Table S8). Three thematic domains emerged

from the clustering patterns. Cluster 0 focuses on Fundamen-

tal Biochemistry and Enzyme Mechanisms, bringing together

studies on structural biology, catalytic cycles, protein dy-

namics, and mechanistic descriptions of redox enzymes and

cofactors. Cluster 1 groups topics associated with Chemical

Biology and Environmental Applications, spanning chemical

interventions in biological systems, including drug discovery,

enzyme inhibitors, antimicrobial agents, and environmental

detoxification processes. Cluster 2 encompasses research on

Disease Mechanisms and Therapeutic Approaches, reflect-

ing research in translational biomedical science, including

investigations of pathological processes and assessments of

therapeutic strategies in cellular and animal models.

In the word-to-word search analysis of the target words

“leukemia” and “pregnancy”, no significant qualitative dif-

ference is intuitively perceptible among the three vector rep-

resentations tested; the nearby terms are easily interpretable

in all cases (Supplementary Figures S6 and S7, Figures 2B

and 2C). However, for word-to-document search, as is evi-

dent from word clouds (Supplementary Figures S8 and S9),

clustering with vectors reduced by the MLP did not yield

documents strongly related to the search term. That is, the

MLP projection harmed the comparability between word and

document vectors. Between the full SWeePtex vector and the

one projected by PCA, coherence is visible in the word cloud,

and, looking at the documents returned by proximity, the full

vector looks the most coherent (Supplementary Table S11).

When using the full-vector approach, the system can asso-

ciate documents containing both “leukemia” and “leukaemia”

spellings, confirming that it interprets semantic relationships

rather than relying on exact term matches. For “leukemia”, it

retrieves studies on thioredoxin reductase inhibitors and drug

resistance, while for “pregnancy”, it returns the literature on

preeclampsia and gestational diabetes. These results demon-

strate the system’s utility in biomedical text analysis, as it

identifies contextually relevant documents without depending

on exact term occurrences.

Finally, the thioredoxin usage example shows an adaptable

pipeline that can be extended to other research topics. To

ensure reproducibility, we made all experimental material,

including execution scripts, utility modules, and generated

output, available. The scripts are thoroughly documented,

enabling third-party users to modify and reimplement them.

5 Conclusion

The integration of Bioinformatics and NLP in SWeePtex of-

fers a computationally efficient approach that addresses limi-

tations of traditional Transformer models, particularly in in-

terpretability, reliability, and resource utilization. SWeePtex

utilizes content-addressable vectors, enabling direct manipu-

lation and transparency in tasks such as literature exploration.

This approach is based on Bioinformatics, which provides

a foundation for vectorizing text. The efficient structuring

of text into a compact vector offers a representation that is

immediately applicable and easily integrable into modern

downstream Artificial Intelligence (AI) applications and NLP

pipelines.

SWeePtex can be seamlessly integrated into existing text-

processing pipelines to broaden the range of semantic analyses

they support. Its efficiency is underpinned by the organiza-

tion of words and texts within a unified vector space. This

core mechanism has already demonstrated its semantic power,

as evidenced by our earlier study [Ieger-Raittz et al., 2025],

which successfully used it to perform vector search and create

effective mappings for the Yoga literature domain. This ex-

isting framework validates the potential of projection-based

methods for extracting deep textual meaning, thereby setting

the stage for applying SWeePtex to other specialized corpora.

Looking ahead, a key opportunity is to explore text augmen-

tation techniques to further enhance SWeePtex’s capabilities.

This approach entails the programmatic generation of special-

ized text by integrating Large Language Models (LLMs) into

the SWeePtex environment. Using local corpus knowledge

captured by SWeePtex, the integrated LLM could generate

text focused on specific aspects or nuances within the corpus,

effectively enriching it for targeted analytical tasks. This syn-

ergy aims to combine the contextual depth of LLMs with the

computational efficiency of SWeePtex.
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