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“A beleza de uma tecnologia ecoldgica — uma ecotecnologia, ou uma tecnologia
libertaria, ou uma tecnologia alternativa — € que as pessoas podem entendé-la se
estiverem dispostas a tentar dedicar algum grau de esforco para isso. E a
simplicidade, sempre que possivel, é a pequena escala, sempre que possivel. E
disso que estou falando. N&o estou falando em voltar ao paleolitico, ndo estou
falando em voltar para as cavernas. Nao podemos voltar a isso e acho que nao
queremos voltar a isso.”

(Murray Bookchin)



RESUMO

Este estudo apresenta o SWeePtex, uma metodologia para a geracao de incorpora-
cbes vetoriais de texto (text embeddings) por meio de projecdo aleatéria, inspirada
em técnicas de Bioinformatica. A abordagem permite a criacdo de modelos a partir
do zero (from scratch), sendo particularmente Gtil em dominios especificos. O SWe-
ePtex adapta o método SWeeP (Spaced Words Projection), originalmente concebido
para sequéncias biologicas, partindo da premissa de que a linguagem natural e as
sequéncias biolégicas compartilham uma estrutura comum de sequéncias de entida-
des elementares. Esta analogia é formalizada por meio do conceito de texto como uma
sequéncia bioldgica (Biological Sequence-Like, BSL), na qual textos sdo codificados
no formato FASTA para a aplicacao direta de métodos de Bioinformatica. A proposta
€ desenvolvida por meio de trés artigos: o Artigo 1 introduz o framework Biotext, que
integra o SWeePtex por meio da manipulacao de textos em BSL; o Artigo 2 apresenta
uma avaliacdo quantitativa por meio de uma plataforma de comparacao; e o Artigo 3
apresenta o TXTree (Text Tree), um gerador de interface portatil para a exploracao
de literatura. Consequentemente, o SWeePtex contribui para uma perspectiva episte-
moldgica alternativa na modelagem de linguagem, fundamentada em principios ma-
tematicos e de representacao distintos dos paradigmas de aprendizado profundo pre-
dominantes. Como resultado, 0 SWeePtex estabelece-se como uma alternativa viavel,
atuando como um contraponto construtivo e um catalisador de solugdes futuras. Qua-
litativamente, sua viabilidade e relevancia sao atestadas por meio de exemplos de uso
e de uma publicacéo cientifica revisada por pares. Quantitativamente, embora resul-
tados preliminares 0 mostrem comparavel a modelos neurais compactos, reconhece-
se que barreiras metodoldgicas de avaliacdo permanecem e devem ser abordadas
em projetos futuros. Assim, o SWeePtex demonstra a generalizagdo bem-sucedida
do SWeeP para além do seu dominio original, posicionando-o como uma técnica ba-
seada no paradigma da projecéao aleatéria com potencial abrangente. Para fomentar
avancos, o software esta publicamente disponivel em duas implementagdes: o pacote
Biotext no PyPI (https://pypi.org/p/biotext) e a aplicacdo TXTree no SourceForge
(https://sf.net/p/txtree).

Palavras-chaves: Bioinformatica. Processamento de linguagem natural. Método de
projecao aleatéria. Exploracao de literatura. Modelagem linguistica. Mineracao de tex-
tos.



ABSTRACT

This study presents SWeePtex, a methodology for generating text embeddings via ran-
dom projection, inspired by Bioinformatics techniques. The approach enables the cre-
ation of models from scratch, proving particularly useful for specific domains. SWeeP-
tex adapts the SWeeP method (Spaced Words Projection), originally conceived for
biological sequences, based on the premise that natural language and biological se-
quences share a common structure of elementary entity sequences. This analogy is
formalized through the concept of text as a biological sequence (Biological Sequence-
Like, BSL), where texts are encoded in the FASTA format for the direct application
of Bioinformatics methods. The proposal is developed across three articles: Article 1
introduces the Biotext framework, which integrates SWeePtex by manipulating BSL
texts; Article 2 provides a quantitative evaluation through a benchmarking platform;
and Article 3 presents TXTree (Text Tree), a portable interface generator for litera-
ture exploration. Consequently, SWeePtex contributes to an alternative epistemolog-
ical perspective in language modeling, grounded in mathematical and representational
principles distinct from prevailing deep learning paradigms. As a result, SWeePtex es-
tablishes itself as a viable alternative, serving as a constructive counterpoint and a
catalyst for future solutions. Qualitatively, its feasibility and relevance are supported
by usage examples and a peer-reviewed scientific publication. Quantitatively, although
preliminary results indicate it is comparable to compact neural models, methodological
evaluation barriers remain and must be addressed in future projects. Thus, SWeePtex
demonstrates the successful generalization of the SWeeP beyond its original domain,
positioning it as a random-projection-based technique with broad potential. To foster
progress, the software is publicly available in two implementations: the Biotext package
on PyPI (https://pypi.org/p/biotext) and the TXTree application on SourceForge
(https://sf.net/p/txtree).

Keywords: Bioinformatics. Natural language processing. Random projection method.
Literature exploration. Linguistic modeling. Text mining.
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1 INTRODUCAO

Os Grandes Modelos de Linguagem (Large Language Models, LLMs) repre-
sentam um paradigma vigente no processamento de linguagem natural e na geragao
de representacgdes vetoriais de texto (embeddings). Sua aplicagao pratica, contudo, en-
frenta desafios substanciais. A abordagem de aprendizado profundo (deep learning),
além de exigir custos computacionais proibitivos em muitos cenarios (Schwartz et al.,
2020), é inerentemente opaca. Essa falta de transparéncia constitui um obstaculo epis-
temoldgico: sem compreender como o significado € construido a partir dos textos,
torna-se impossivel realizar otimizacées estruturais profundas ou conceber alternati-
vas eficientes. O problema é agravado pela tendéncia de modelos excessivamente
generalistas de produzir representacdes superficiais ou enviesadas (Currie, 2023), o
que reforgca a urgéncia por métodos com funcionamento interno transparente e audita-
vel (Scorzato, 2024).

No campo da pesquisa cientifica, ha a tendéncia de executar LLMs localmente,
buscando maior privacidade, custos reduzidos e reprodutibilidade (Hutson, 2024). Fer-
ramentas como o Ollama (Ollama, 2026) viabilizam a execuc¢ao local de modelos como
Llama, Phi e Gemma. Contudo, essa pratica apenas mitiga questoes de infraestrutura,
sem abordar o cerne do problema: a criacao e o refinamento (fine-tuning) de modelos
nesse paradigma permanecem processos extensivos e computacionalmente custosos
(Li et al., 2025; Yao et al., 2022). A barreira persiste porque a complexidade e a opa-
cidade do mecanismo de aprendizado profundo dificultam uma reengenharia eficiente.
Portanto, a exploracao de paradigmas alternativos torna-se conveniente e necessaria.
Um caminho promissor é o desenvolvimento de métodos cujo mecanismo de forma-
cao de vetores seja matematicamente simples e transparente, permitindo ndo apenas
uma execucao eficiente, mas também uma compreenséao tedrica que guie a criacao
de modelos sustentaveis em dominios especificos.

Como paradigma alternativo para a incorporacao vetorial de textos, a projecéao
aleatéria possibilita a interpretabilidade por meio de operagdes matematicas diretas e
transparentes. Seu fundamento teérico é o lema de Johnson-Lindenstrauss (Johnson;
Lindenstrauss, 1984), que garante a preservacao aproximada das distancias entre ve-
tores apds sua projecao em um espaco de dimensao inferior, ainda suficientemente
grande para assegurar a representatividade dos dados. Neste processo, a projecao
aleatoria atua como um mecanismo de extracao de caracteristicas (feature extraction):
as combinacdes definidas pela matriz de projecao criam novas dimensdes sintéticas
que capturam padrdes e relacdes presentes na representacado inicial de alta dimen-
sionalidade do texto. Dessa forma, o método funciona como um processo auditavel,
transformando a alta dimensionalidade dos textos em representacées compactas e es-
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truturalmente consistentes, nas quais cada etapa da transformacao é explicitamente
compreensivel (Ganguli; Sompolinsky, 2012).

Analogamente a cognigdo animal, a projecao aleatéria funciona como um me-
canismo de abstragdo. Ela combina aleatoriamente caracteristicas (features) sensori-
ais de alta dimensionalidade para formar representacées mentais compactas (embed-
dings). Embora envolva uma perda seletiva de informacao, essa compressao preserva
relagbes fundamentais de similaridade estrutural. Isso remete a hipétese de codifica-
cao eficiente de Barlow (Barlow; Rosenblith, 1961). Conforme esta hipétese, tanto
sistemas biolégicos quanto artificiais podem comprimir dados sensoriais em represen-
tacdes de menor dimensionalidade. Este processo filtra ruido e retém informacdes
semanticamente relevantes, assegurando, assim, a eficiéncia computacional (Ganguli;
Sompolinsky, 2012).

O método SWeeP (Spaced Words Projection) (De Pierri et al., 2020) aplica
projecdes aleatdrias a representacdo de sequéncias bioldgicas, com sua eficacia con-
solidada em diversos estudos (Silva Filho et al., 2021; De Pierri et al., 2020; Perico
et al., 2022; Raittz et al., 2021). Dada uma adaptacdo adequada, sua aplicagdo pode
ser estendida ao dominio da linguagem natural. Na implementacéo original, o SWeeP
processa entradas no formato FASTA, que utiliza cadeias de caracteres para represen-
tar dados biologicos. Portanto, ao codificar textos em formato anélogo ao de sequén-
cias bioldgicas (Biological Sequence-Like, BSL), viabiliza-se a criacdo do SWeeP para
textos (SWeePtex). Esta transposicao conceitual da Bioinformatica permite incorporar
caracteristicas epistemoldgicas frequentemente desejaveis na area, estabelecendo,
assim, um novo caminho para a investigagao.

Este estudo apresenta trés artigos que detalham a concepcao, aplicacao e
avaliacdo do SWeePtex, com a finalidade de analisar o comportamento em relagcao
as problematicas mencionadas e a contribuicao para o paradigma da projecao aleaté-
ria. O primeiro’ introduz a metodologia, descreve o pacote de programacao e fornece
um exemplo de uso. O segundo? apresenta uma andlise quantitativa que compara a
abordagem com modelos baseados em redes neurais artificiais. Por fim, o terceiro®
demonstra a aplicagéo pratica por meio do TXTree, uma ferramenta em linha de co-

Artigo 1 — Biotext with SWeePtex: Bioinformatics Tricks to Perform Fast, Accurate, and Content-
specific String Embedding (Biotext com SWeePtex: Truques de Bioinformatica para Realizar Incorpora-
cao de Textos Rapida, Precisa e Especifica ao Conteudo)

2Artigo 2 — SWeePtex-Emb: Benchmarking Random Projection-Based Text Embeddings Inspired
by Bioinformatics (SWeePtex-Emb: Avaliacdo Comparativa de Incorporacdes de Texto Baseadas em
Projecao Aleatoria Inspiradas pela Bioinformatica)

SArtigo 3 — TXTree: A Visual Tool for PubMed Literature Exploration by Text Mining (TXTree: Uma
Ferramenta Visual para Exploragao de Literatura do PubMed por Mineragao de Textos)
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mando que viabiliza a geragdo de uma interface visual portatil para exploragcado de
literatura baseada em HTML (HyperText Markup Language), denominada HTML-TM
(HTML for Text Mining).

1.1 MOTIVACAO

Reconhece-se a necessidade de desenvolver métodos para a incorporacao
de textos (text embedding) que priorizem a interpretabilidade e sejam, simultanea-
mente, computacionalmente acessiveis. O avanco dos Grandes Modelos de Lingua-
gem (LLMs) baseados em redes neurais profundas trouxe capacidades notaveis, mas
também consolidou um paradigma no qual o processo exato de formacéo dos vetores
de incorporacao é complexo e frequentemente nao linear. Para favorecer a compreen-
séo tedrica e o desenvolvimento cientifico, € fundamental que se compreendam e se
descrevam claramente os mecanismos pelos quais as representacées sdo construi-
das, desde os dados de entrada até os vetores de saida.

A motivacao primaria deste trabalho é a busca por um paradigma alternativo
de representacao que promova a transparéncia metodolégica e a compreensibilidade.
Essa clareza tedrica € um requisito para a criacdo de ferramentas mais acessiveis e
reprodutiveis. Quando o processo de formacéo dos vetores é matematicamente expli-
cito e cada etapa da transformacao textual é logicamente compreensivel, viabiliza-se
a implementacéao de sistemas que podem ser auditados, replicados e adaptados com
confianca pela comunidade de pesquisa. Esse entendimento detalhado permite de-
rivar novos modelos, testar hipoteses linguisticas de forma controlada e explorar e
refinar a relacao entre a estrutura textual e a representacdo matematica.

A eficiéncia computacional constitui uma motivacao consequente nesta pro-
posta. Ela surge como um beneficio caracteristico de abordagens que, por serem
fundamentadas em operacdes matematicas diretas e bem definidas, dispensam pro-
cessos de otimizagao iterativa de alto custo.

Diante do objetivo de favorecer uma compreensao tedrica que viabilize fer-
ramentas acessiveis e reprodutiveis, motiva-se a investigacdo de paradigmas com
bases matematicas explicitas e transparentes. A inspiragdo da Bioinforméatica é espe-
cialmente pertinente, pois este campo ja oferece um conjunto de métodos fundamen-
tados e interpretaveis para a representacao de sequéncias de caracteres. Este legado
fornece um caminho claro e reprodutivel para modelar a linguagem natural de forma
acessivel ao escrutinio e ao desenvolvimento cientifico.
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1.2 JUSTIFICATIVA

A adaptacdo de métodos da Bioinformatica para o processamento de lingua-
gem natural é uma abordagem metodologicamente sélida. Essa area ja oferece técni-
cas comprovadas para a representagao e a comparagao de sequéncias de caracteres,
cuja estrutura fundamental é analoga a dos textos. Tanto as sequéncias bioldgicas
(de nucleotideos ou aminoacidos) quanto as linguisticas (de letras e palavras) séo
definidas pela ordem de seus elementos constituintes, que determina sua funcéo ou
significado. Essa similaridade estrutural fundamenta a transposicao de um dominio
para o outro.

A abordagem central do SWeePtex é a projecao aleatéria, que atua simulta-
neamente como mecanismo de extracdo de caracteristicas e de reducao de dimen-
sionalidade. O fundamento teérico é garantido pelo lema de Johnson-Lindenstrauss,
que assegura a preservacao aproximada das relagdes estruturais entre os dados. Di-
ferentemente do processo de treinamento de redes neurais, que € iterativo e gera
representacoes indiretas, a projecao aleatéria gera vetores por meio de operacoes
aritméticas lineares aplicadas a uma matriz fixa. Este processo direto confere ao mé-
todo uma transparéncia intrinseca, tornando explicita, auditavel e matematicamente
interpretavel a transformacao completa de texto em vetor.

A implementacao desses principios no método SWeePtex viabiliza, de forma
critica, uma compreensao l6gica e completa da representacdo. Cada operacao, desde
a decomposicao do texto em k-mers até a projecao final, mantém uma relacdo in-
terpretavel com os dados originais. Esta rastreabilidade é essencial para aplicacdes
cientificas que exigem validade analitica, reprodutibilidade e a capacidade de explicitar
e testar os mecanismos subjacentes a representagao linguistica.

1.3 OBJETIVOS

1.3.1  Objetivo geral

Propor, desenvolver e validar a transposi¢cdo do méetodo SWeeP, baseado em
projecao aleatéria e originario da Bioinformatica, para a criacdo de representagcoes
vetoriais de textos (SWeePtex). Esta validacdo, ancorada na premissa comum de tratar
sequéncias de elementos interdependentes, materializa-se em trés artigos cientificos
que constituem o nucleo desta tese.
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1.3.2 Objetivos especificos

» Transpor e implementar o método: desenvolver e disponibilizar um pacote de
software documentado que implemente a adaptacao do algoritmo SWeeP para
dados textuais (SWeePtex), garantindo usabilidade e reprodutibilidade. Este de-
senvolvimento constitui o ndcleo do Artigo 1.

 Avaliar quantitativamente: realizar uma avaliacdo comparativa (benchmark) do
desempenho do SWeePtex, contrastando sua efetividade e eficiéncia computa-
cional com métodos do estado da arte baseados em redes neurais artificiais.
Esta analise € apresentada no Artigo 2.

» Demonstrar a aplicabilidade pratica: validar a utilidade do método em um cena-
rio real por meio do desenvolvimento de uma ferramenta para a exploracéo de
literatura cientifica (TXTree). Esta demonstracdo consolida a aplicabilidade do
SWeePtex e é detalhada no Artigo 3.

« Discutir a contribuicao: com base nos trés artigos, delinear o panorama atual e
o potencial do SWeePtex.
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2 RESULTADO

O resultado deste estudo € composto por trés artigos, escritos na lingua in-
glesa, que atendem aos objetivos especificos delineados.

O Artigo 1 concretiza o primeiro objetivo especifico ao propor formalmente a
adaptacao do algoritmo SWeePtex. Introduz o pacote de software implementado em
Python, documentado e com exemplo de uso, que viabiliza a criagdo de incorporagdes
(embeddings) a partir do zero (from-scratch), garantindo usabilidade, reprodutibilidade
e interpretabilidade.

O Artigo 2 atende ao segundo objetivo especifico ao apresentar uma avalia-
cao comparativa (benchmark) com modelos baseados em redes neurais artificiais. A
analise identifica desafios metodol6gicos no processo comparativo que precisam ser
abordados em estudos futuros, mas também destaca potenciais quantitativos relevan-
tes para o método, bem como caminhos a seguir.

O Artigo 3 cumpre o terceiro objetivo especifico por meio do desenvolvimento
da ferramenta TXTree, que aplica 0 SWeePtex para converter resultados de buscas do
PubMed em uma interface visual interativa (HTML-TM). A ferramenta valida a utilidade
do método em um cenario real de exploracao de literatura, sendo operavel localmente
e fornecendo vetores para analises programaticas adicionais.

Cada um dos artigos, reproduzidos integralmente nas secoes subsequentes,
é precedido por uma breve contextualizacdo em lingua portuguesa. Estas contextuali-
zagdes resumem o conteudo e a contribuigao.

Apés a apresentacao dos artigos, o quarto objetivo especifico € atingido no ca-
pitulo de discussao, que integra as contribui¢cdes e os entendimentos alcangados com
o propésito de explorar criticamente as implicagdes teoricas e praticas, analisando os
potenciais e as limitacbes do método SWeePtex em sua situacao atual.
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2.1 ARTIGO 1 —BIOTEXT COM SWEEPTEX: FUNDAMENTACAO METODOLOGICA

O Artigo 1 introduz o framework Biotext, que adapta técnicas da Bioinformatica
ao dominio do Processamento de Linguagem Natural (NLP). Seu cerne metodologico
reside na reconfiguracéo do algoritmo SWeeP, originalmente concebido para a anélise
de sequéncias bioldgicas, para a representagao vetorial de textos. Essa transposicao
€ viabilizada por duas estratégias de codificacdo distintas: o AMINOcode, que gera
uma representacao compacta por perda irreversivel de informacao, e o DNAbits, que
preserva a codificacao original sem perdas.

O método resultante, denominado SWeePtex, opera em duas etapas princi-
pais. Primeiro, constrdi vetores de alta dimensionalidade a partir da contagem de pa-
drdes de palavras espacadas na sequéncia codificada. Em seguida, aplica uma pro-
jecao pseudoaleatéria conforme o lema de Johnson-Lindenstrauss. Esta etapa nao é
concebida meramente como reducédo de dimensionalidade, mas sim como uma téc-
nica ativa para a captura e incorporagdo de caracteristicas semanticamente relevan-
tes.

Complementarmente, o framework inclui uma técnica de incorporagédo (em-
bedding) contextual por média, aplicavel a palavras e documentos. Inspirada no prin-
cipio distribucional, que postula que o significado de uma palavra é definido pelos
contextos em que ocorre (Firth, 1957), esta abordagem permite que a representagao
lexical transcenda a ocorréncia isolada, absorvendo o contexto semantico comparti-
Ihado entre os documentos em que a palavra aparece.

O artigo posiciona e conceitua a proposta com base em uma revisao da li-
teratura sobre técnicas de modelagem de vetores linguisticos. Para contextualiza-la
e evidenciar seus contrapontos, sdo apresentados tanto métodos recentes baseados
em aprendizado profundo quanto exemplos do paradigma da aleatoriedade. Destes
ultimos, destaca-se o estudo de Kanerva (1994), que estabelece uma relagao funda-
mental entre processos cognitivos bioldgicos e a vetorizacdo mediada pela aleatorie-
dade.

Uma contribuicdo da abordagem reside na interpretabilidade do método. Di-
ferentemente de modelos de aprendizagem profunda que funcionam como sistemas
opacos, 0 SWeePtex mantém um vinculo direto e transparente entre caracteristicas
textuais originais e representagdes vetoriais finais, permitindo o enderecamento por
contetudo e maior controle analitico. Além disso, as etapas de geracao dos vetores
baseiam-se em operacdes conhecidas e teoricamente justificadas.

A formalizacédo e a analise da complexidade computacional das abordagens
do Biotext sdo apresentadas em nivel teérico, incluindo AMINOcode, DNADbits, SWeeP-



21

tex e a incorporacao com SWeePtex. A partir da teorizagdo, justifica-se o aspecto do
custo computacional, embora se destaque a importancia de uma analise assintética
empirica como pesquisa futura.

O texto evidencia a publicacao prévia sobre Yoga (leger-Raittz et al., 2025)
como validagao qualitativa da abordagem, mas também inclui uma nova implementa-
¢ao com o pacote Python e um exemplo de uso com 14.984 resumos da MEDLINE
sobre tioredoxina. O resultado demonstra a capacidade do método de identificar agru-
pamentos semanticos de termos especializados, estruturar a literatura em grupos te-
maticos e reconhecer, de forma ndo supervisionada, vizinhangas semanticas, man-
tendo a rastreabilidade das representacgdes.

O SWeePtex € especialmente destacado por permitir a modelagem do zero
(from-scratch). Essa capacidade € crucial em dominios especializados em que mo-
delos pré-treinados sobre o tema de interesse nao estao disponiveis. A abordagem
garante integridade referencial intrinseca ao processo, facilitando o rastreamento e
a interpretabilidade dos resultados, caracteristicas fundamentais para aplicacées que
demandam transparéncia analitica e controle sobre a representacao final dos dados.
Além disso, a interpretabilidade favorece a compreensao epistemolégica da modela-
gem de vetores.
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Biotext with SWeePtex: Bioinformatics Tricks to Perform Fast,
Accurate, and Content-specific String Embedding
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Abstract

The growth of scientific literature underscores the need for efficient,
interpretable methods for text analysis, particularly in specialized do-
mains. While large language models (LLMs) offer broad capabilities,
they often lack transparency and require substantial computational re-
sources, making them less suitable for focused, domain-specific prob-
lems that require models to be built from scratch. This study presents
Biotext, a novel framework that bridges Bioinformatics and Natural
Language Processing (NLP) to address this gap. Built on three inte-
grated pillars: theoretical design, software implementation, and exper-
imental validation, Biotext introduces the SWeePtex method. SWeeP-
tex first encodes text into a Biological Sequence-Like (BSL) format,
then applies the proven Spaced Words Projection (SWeeP) algorithm
with random projection, a technique originally developed for biological
sequence analysis. This process generates high-dimensional, content-
addressable vectors in near-linear time, eliminating the need for iterative
model training. In an unsupervised usage example, analyzing 14,984
MEDLINE abstracts on thioredoxin, SWeePtex successfully organized
biomedical terminology along a specificity gradient and clustered docu-
ments into semantically coherent research domains. The resulting em-
beddings, grounded in distributional principles via contextual averaging,
enable intuitive semantic exploration and direct vector manipulation.
By prioritizing transparency, scalability, and immediate applicability,
SWeePtex offers a practical alternative for domain-specific text analysis
from scratch. The Biotext Python package is freely available on PyPI
(https://pypi.org/p/biotext).

Keywords: Text mining. Vector embedding. Bioinformatics. Random
projection.
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1 Introduction

Texts are the traditional way of storing scientific knowledge. However, the ever-
growing volume of textual data in public databases underscores the urgent need for
improved techniques for text manipulation and analysis (Tshitoyan et al. 2019). In
this context, Text Mining (TM) methodologies are crucial, as they bridge human
language and computational techniques to extract information and uncover hidden
insights within complex texts (Hassani et al. 2020; Jurafsky and Martin 2025).
This analytical process finds a significant methodological parallel in Bioinformatics.
Both fields fundamentally process sequential symbolic data: TM analyzes strings of
characters encoding linguistic information, while Bioinformatics analyzes strings of
characters representing nucleotide or amino acid sequences, often in standardized
formats such as FASTA.

This shared foundation in pattern recognition within symbolic sequences is not
coincidental. Historically, Bioinformatics has integrated and refined techniques from
diverse computational fields, including Computational Linguistics, to handle its spe-
cific data structures. This established cross-disciplinary adaptation sets a valuable
precedent. Consequently, the sophisticated computational framework developed by
Bioinformatics for the analysis, alignment, and interpretation of biological sequences
presents a directly relevant and technically robust toolkit. Elements of this toolkit
can be adapted and reapplied to address methodological challenges in TM, par-
ticularly in sequence modeling, feature extraction, and similarity detection within
textual data.

Methods developed to map biological sequences to vector representations (Asgari
and Mofrad 2015; De Pierri et al. 2020; Leimeister et al. 2019) are, in principle,
transferable to the textual domain. This exchange broadens the analytical repertoire
for text analysis (Hassani et al. 2020; Lilleberg, Zhu, and Zhang 2015; Ma and Zhang
2015), opening the way for novel approaches. Currently, Large Language Models
(LLMs) such as GPT (OpenAl et al. 2023; Radford and Narasimhan 2018) offer
a generalist solution to text-related problems on a scale. However, their adoption
raises significant concerns (Currie 2023). The epistemic complexity of deep learning
severely limits interpretability and complicates its reliability assessment (Scorzato
2024). For researchers aiming to solve specific, specialized problems modeled from
scratch, these challenges are magnified by limited access to proprietary training
data, opaque model training processes, and constrained computational resources for
domain adaptation. Consequently, a consensus is emerging around the need for
more transparent, controllable, and computationally manageable alternatives that
do not sacrifice analytical power (Hutson 2024).

Driven by this need, this study presents the theoretical conceptualization of Bio-
text, a framework that integrates Bioinformatics and Natural Language Processing
(NLP) through biological sequence-inspired text processing. The validity of this
general approach has been preliminarily demonstrated in a published material that
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applied it to the Yoga literature (Ieger-Raittz et al. 2025). However, the present ar-
ticle shifts the focus from empirical application to formalization, offering a detailed
conceptual and theoretical foundation for the framework. At the core of Biotext
lies SWeePtex, a formal adaptation of the biological sequence vectorization method
SWeeP (De Pierri et al. 2020) for textual data. The framework theoretically ar-
ticulates two distinct strategies for converting text into Biological Sequence-Like
(BSL) representations: AMINOcode (an amino acid-like encoding) and DNAbits (a
nucleotide-like encoding).

The primary objective of this article is to present the conceptual design of the
Biotext framework and its SWeePtex method. We also provide an example that ap-
plies the framework to analyze the scientific literature on thioredoxin from PubMed.
This demonstration employs unsupervised machine learning and geometric analysis
of the generated text vectors to identify patterns within the corpus, serving strictly
as a proof of concept for the theoretical propositions. To support the proposed
approach, a review is structured as follows: first, it explores the vectorization of
natural language (Section 1.1), then provides a detailed theoretical explanation of
the original SWeeP method (Section 1.2), and finally positions SWeePtex within the
relevant specialized literature (Section 1.3).

1.1 Natural language vectorization

Natural language modeling (NLM) explores the intersection of computers and
human language. The primary objective of NLM is to equip machines with the ability
to understand, interpret, and generate text at a level comparable to human cogni-
tion (Jurafsky and Martin 2025). Language modeling has advanced significantly in
recent decades, from traditional word-vectorization methods to sophisticated models
that leverage deep neural networks and reinforcement learning paradigms.

Inverse Document Frequency (IDF), an early and foundational approach to text
vectorization, is rooted in the theory of Jones (1972). The metric assigns a lower
weight to terms that appear frequently across many documents in a corpus. Com-
bined with Term Frequency (TF), it forms the TF-IDF weighting scheme, which has
been extensively applied in information retrieval and TM (Robertson 2004). Despite
the advent of neural methods, the core intuition behind IDF continues to influence
contemporary NLP.

Recurrent Neural Networks (RNNs) (Elman 1990) enable the representation of
words and sequential data by processing inputs through time-dependent hidden
states. These networks preserve temporal information in continuously updated vec-
tor representations, allowing them to capture contextual and sequential relationships
between words. This architecture represented a significant advance in neural lan-
guage processing by enabling models to encode both lexical semantics and sequential
structure.

Random-based approaches also play an important role in text vectorization.
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Random Indexing, proposed by Kanerva (1994), employs randomly generated vec-
tors to represent concepts, drawing inspiration from cognitive models. In this frame-
work, dense vectors encode generalizations, while sparse vectors capture specific
features, enabling the formation of new representations through vector combina-
tion (Kanerva 1994; Kanerva, Kristoferson, and Hols 2000). Kanerva (1994) argues
that such randomness enables flexible, non-deterministic concept formation, loosely
analogous to mechanisms of human cognition.

Random Mapping (Kaski 1998) reduces vector dimensionality while approxi-
mately preserving pairwise similarities, relying on the Johnson-Lindenstrauss lemma
(Johnson and Lindenstrauss 1984). When applied to the Web Self-Organizing Map
(WEBSOM) system, this method projects documents into a lower space while main-
taining thematic separability, producing results comparable to those obtained with
Principal Component Analysis (PCA) (Samuel Kaski et al. 1998).

The Neural Language Model, introduced by Bengio et al. (2003), employs neural
networks to generate distributed word representations based on contextual infor-
mation. This research establishes a foundational approach for learning continuous
word vectors, thereby capturing the statistical regularities of language in a high-
dimensional space. This concept directly informs the later development and formal-
ization of word embeddings.

Word2Vec (Word to Vector) (Mikolov et al. 2013) introduced the Continuous
Bag-of-Words (CBOW) and Skip-gram architectures. Both models learn distributed
word representations from local context windows, but with different objectives:
CBOW predicts a target word from surrounding context, while Skip-gram predicts
context words from a target word. These methods significantly improved the effi-
ciency and semantic quality of learned embeddings.

FastText (Bojanowski et al. 2016) extends Word2Vec by incorporating subword
information through character n-grams. This design improves robustness when rep-
resenting rare or out-of-vocabulary words, while retaining efficient gradient-based
training of vector representations.

GPT (Generative Pre-trained Transformer) (Radford and Narasimhan 2018) rep-
resents text using a unidirectional self-attention mechanism within a Transformer-
based architecture. During processing, the model attends only to preceding tokens in
the sequence. This constraint produces contextual vector representations optimized
for autoregressive language modeling tasks, such as text generation.

BERT (Bidirectional Encoder Representations from Transformers) (Devlin et al.
2018) is built upon a stack of standard Transformer encoders. Its primary pretrain-
ing objective, Masked Language Modeling (MLM), enables token representations to
be conditioned on their entire surrounding context, both left and right, simultane-
ously. This explicit bidirectionality yields contextual representations that integrate
information from the full input sequence, providing a holistic view of context that is
particularly advantageous for text analysis and understanding tasks in which mean-
ing emerges from the complete sentence.
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T5 (Text-to-Text Transfer Transformer) (Raffel et al. 2019) proposes a unified
framework for NLP by casting all tasks into a text-to-text format. In this ar-
chitecture, a Transformer encoder maps input text to contextual latent represen-
tations, while a decoder generates the output sequence. Pre-training relies on a
span-corruption objective, in which contiguous token spans are masked and recon-
structed from large-scale corpora. The resulting representations are adapted to di-
verse downstream tasks through fine-tuning, primarily by modifying the task-specific
instruction text.

DeepSeek-R1 (DeepSeek Reasoner 1) (DeepSeek-Al et al. 2025) employs a repre-
sentation learning through a multi-stage reinforcement learning framework. Its dis-
tilled variants produce more compact vector representations by transferring learned
behaviors to smaller architectures. In this teacher-student paradigm, DeepSeek-
R1 guides student models, such as Qwen and LLaMA, to approximate its internal
reasoning patterns and output distributions, thereby integrating its learned repre-
sentations.

Supplementary Table S1 presents a chronological sequence of the methodologies
described and the progress made for each. The table highlights the evolution of key
concepts and methods in linguistic modeling, ranging from early approaches. Fach
entry reflects progress in computational linguistics and the contributions that have
shaped the field’s trajectory.

1.2 Sequence vectorization with SWeeP

SWeeP (Spaced Words Projection) (De Pierri et al. 2020) is a method that effi-
ciently represents biological sequences as compact vectors using FASTA-formatted
data as input. SWeeP operates in two steps: 1) creation of a High-Dimensional Vec-
tor (HDV); and 2) pseudo-random projection of the HDV into a Lower-Dimensional
Vector (LDV or SWeeP vector). The random projection is based on the concept
proposed by Johnson and Lindenstrauss (Johnson and Lindenstrauss 1984), which
reduces the dimensionality while preserving the comparability of information among
vectors.

SWeeP performs well even for vectorizing long string patterns that are difficult to
handle directly in the FASTA string format. The method is an efficient, quick, and
effortless way of adapting sequences to machine learning tasks. SWeeP is efficient

for sequence comparisons, as demonstrated in previous studies (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 meth-
ods, such as IDF (Jones 1972), to complex systems, including GPT (Radford and
Narasimhan 2018), BERT (Devlin et al. 2018), T5 (Raffel et al. 2019), and DeepSeek-
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R1 (DeepSeek-Al et al. 2025) (Supplementary Table S1). This trajectory reveals a
clear trend toward increasing complexity in capturing intricate semantic patterns.

Within this diverse landscape, SWeePtex emerges as a distinct approach rooted
in a random-projection representation. It aligns well with techniques such as Ran-
dom Indexing (Kanerva 1994) and Random Mapping (Kaski 1998; Samuel Kaski et
al. 1998). These methods show that randomized projections can efficiently preserve
semantic relationships through dimensionality reduction, providing a computation-
ally lightweight alternative to more resource-intensive dense embeddings.

Early neural models, including recurrent networks (Elman 1990) and the Neural
Language Model (Bengio et al. 2003), are groundbreaking in pioneering learned dis-
tributed representations, yet they still carried significant computational overhead.
In contrast, SWeePtex capitalizes on the inherent simplicity of random projection, ef-
fectively bypassing the extensive training phases and parameter fine-tuning required
by later models, such as Word2Vec (Mikolov et al. 2013) and FastText (Bojanowski
et al. 2016). Although the Transformer architecture introduced powerful attention
mechanisms for deep contextual modeling, it also exponentially increased compu-
tational demands. Even complex architectures such as DeepSeek-R1, which aim to
distill knowledge into compact representations, still reflect the idea of random-based
dimensionality reduction.

SWeePtex has carved out a unique niche in this spectrum. It combines the effi-
ciency of early random projection methods with a BSL encoding layer. Although it
does not employ attention mechanisms or iterative parameter optimization, SWeeP-
tex incorporates contextual information holistically at the sentence level. In this re-
spect, it can be theoretically related to contextual language models such as BERT,
which derive meaning from the entire sentence, albeit through deep bidirectional
attention.

While model distillation, as exemplified by DeepSeek-R1 (DeepSeek-Al et al.
2025), projects knowledge iteratively from a teacher to a student model, SWeePtex
operates under a fundamentally different paradigm by replacing this costly training
process with efficient, non-iterative random projection. Importantly, SWeePtex ex-
plicitly embraces randomness as a core design feature, aligning itself with the neural
random concept championed by Kanerva (1994).

2 Method

The methodological approach of this study is structured into three phases. First,
we establish the theoretical framework and design specifications for the Biotext
system, defining its core components and their functional relationships. Building
upon this foundation, we next implement the framework as a functional Python
package. Finally, we conduct an experiment to demonstrate the system’s utility
through a usage example.
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2.1 Theoretical design

The Biotext framework integrates a suite of techniques. It includes the two
BSL encoding schemes: AMINOcode and DNAbits. The framework also uses the
SWeePtex method, which combines BSL encodings with the SWeeP algorithm. Ad-
ditionally, it employs a contextual embedding strategy derived from SWeePtex.
Each component is described with intuitive explanations and formal mathematical
definitions, and its computational complexity is analyzed theoretically.

2.2 Implementation approach

The Biotext framework is implemented as a Python 3 package (Van Rossum
and Foundation 2026). The implementation includes modules for BSL encoding
and SWeePtex vectorization, providing a user-friendly interface for researchers. A
pipeline script written in the same language automates the usage example experi-
ment.

In the Biotext package, the NumPy library (Harris et al. 2020) is used for vector
manipulation procedures. The results 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, Klein, and Loper 2009) stopwords list is considered when necessary. The
dataset is drawn from the PubMed database (Canese and Weis 2002).

2.3 Usage example: “thioredoxin”

An experiment demonstrates SWeePtex’s capabilities for integrating machine
learning and geometric methods in text analysis and visualization. It presents a
complete, executable pipeline for analyzing MEDLINE abstracts to extract biomed-
ical information. This usage example serves as a proof-of-concept demonstration; its
primary purpose is to illustrate the practical application of the theoretically concep-
tualized Biotext framework. Therefore, methodological choices regarding encoding
schemes, parameter settings, and analytical techniques are presented as illustra-
tive examples rather than optimized solutions. The complete, modifiable source
code is publicly available, allowing researchers to explore alternative configurations
according to their specific requirements. The Supplementary Box S1 contains a
demonstration of the usage example pipeline using fictitious data.

The topic of “thioredoxin” serves as a practical demonstration case, chosen be-
cause it reflects the research group’s genuine interest arising from a previous study
(Rubel et al. 2016). This selection demonstrates the applicability of the protocol to
real-world research questions.
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The dataset is a MEDLINE (PubMed format) file constructed from a PubMed
search (12 April 2025) for the topic “thioredoxin”, comprising 14,984 entries (docu-
ments). The corpus is converted to lowercase and tokenized to ensure consistency
in subsequent analyses. The search details are in the Supplementary Table S6.

Term Frequency-Inverse Document Frequency (TF-IDF) norms are computed
for all words in the corpus, with a threshold of greater than or equal to 0.5 applied
to select domain-relevant vocabulary.

Semantic representations of words and documents are generated using Biotext
embeddings with AMINOcode to convert text into BSL format and SWeePTex to
vectorize. Principal Component Analysis (PCA) is applied to reduce the dimen-
sionality of both word and document embeddings, retaining the first 50 principal
components.

For unsupervised word-level analysis, the optimal number of clusters is deter-
mined using the elbow method, and clustering is performed using k-means.

At the document level, the most salient terms are extracted using a TF-IDF
cutoff and stop-word filtering. The elbow criterion determines the optimal number
of clusters, and k-means is applied to group documents thematically. The docu-
ment clusters are represented by items selected using two approaches: (1) centroid-
proximate, where documents closest to the geometric center of the cluster (centroid)
are chosen for their typicality and representativeness of the core themes, and (2)
randomly sampled, where documents are selected arbitrarily to capture a greater
variability within the group.

The pipeline illustrated most of the resources available through the Biotext pack-
age, as well as other potential analyses that can be performed on the generated data.
The results are presented in multiple formats, including dimensional-reduction vi-
sualizations, 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 performed using the generated
material to identify the pattern recognized by unsupervised machine learning.

3 Result

The results are presented in three parts. First, we detail the theoretical ap-
proaches and design of the Biotext framework, which translates natural language
into Biological Sequence-Like (BSL) formats and projects these sequences into a
vector space. Second, we describe its practical implementation in an open-source
Python package. Finally, we demonstrate its application in a usage example from
a biomedical corpus.
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3.1 Theoretical approaches and design

The Biotext framework is conceptually built upon two core BSL encoding meth-
ods, AMINOcode and DNADbits, which convert natural language into Biological
Sequence-Like (BSL) formats. These encoded sequences are designed to be compat-
ible with SWeeP vectorization through the SWeePtex method. The resulting vectors
enable downstream tasks, including semantic embedding and machine learning ap-
plications.

3.1.1 AMINOcode

AMINOcode is a method for encoding natural language text into a format based
on amino acid sequence representation in FASTA format. It provides two encoding
variants: reduced and detailed. In the reduced variant, the resulting sequence is
compact, but it loses information that cannot be recovered during decoding. The
detailed variant increases the sequence length while retaining information for addi-
tional characters, such as numbers and significant punctuation marks. Supplemen-
tary Table S2 specifies the character-substitution rules, and Supplementary Table S3
illustrates example encodings with both variants, showing the loss of information
upon decoding. Notably, AMINOcode does not preserve letter case or characters
that are not in its substitution dictionary.

Let a text T" be a sequence of characters T = (¢q, ¢y, ..., ¢,), where each ¢; be-
longs to an admissible symbol set C. AMINOcode is defined by an encoding function
Y : C — X} that maps each character to a non-empty string over the 20-symbol
amino acid alphabet X,,. The function operates in two distinct modes. In reduced
mode, the domain is restricted to a subset ¢’ C C, and multiple characters are
mapped to shared amino-acid codewords of fixed length, resulting in a space-efficient
but non-injective encoding in which distinctions such as digits, punctuation, letter
case, and unsupported symbols are irreversibly lost. In detailed mode, the mapping
is expanded to cover a larger subset of C, including digits and common punctuation,
by assigning distinct amino-acid codewords of variable length to each supported
character, thereby preserving symbol-level distinctions at the cost of increased se-
quence length. The encoded biological sequence is obtained by concatenation:

Saa(T) - ?/1(01)||¢(02)|| s ||7/}(Cn)7 ?/J(Cz) € E;_a'

The decoding employs a partial inverse ¢! : $L — C defined only for code-
words present in the encoding dictionary. Consequently, decoding cannot recover
the collapsed distinctions during encoding, reflecting the inherent trade-off between
sequence compactness and information retention.

The AMINOcode exhibits linear time complexity O(n), where n is the number
of characters in the input text, since each character is processed via a constant-time
dictionary lookup. Memory usage is determined by the encoding expansion factor,
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which varies according to the selected mode. In reduced mode, most alphabetic
characters are encoded as a single amino acid, while digits and punctuation require
two amino acids, yielding a variable expansion per character of either 1 or 2 symbols.
In expanded mode, characters are encoded using between 1 and 3 symbols, producing
a more expressive but less compact representation. In both cases, the expansion is
linear in the input size, and the overall space complexity remains O(n), with the
dictionary storage overhead being negligible.

3.1.2 DNADbits

DNADbits encodes natural-language text into a DNA-sequence representation in
FASTA format. The output sequence is longer than that produced by AMINOcode;
however, it preserves all information from the original American Standard Code
for Information Interchange (ASCII), as detailed in Supplementary Table S4. The
method operates by converting each character into its 8-bit ASCII binary repre-
sentation in least-significant-bit-first order, splitting each byte into four consecutive
2-bit pairs, and mapping each pair to a nucleotide: 00 — A, 10 — C', 01 — G, and
11 — T. For example, the character “a” (ASCII value 97) has the binary represen-
tation 10000110 (in least-significant-bit—first order), which is split as 10-00-01-10,
yielding the nucleotide sequence “CAGC”. Optionally, the resulting DNA sequence
can be translated into amino acids using the standard genetic code across the three
forward reading frames, and the resulting amino acid sequences are concatenated to
yield an alternative protein-like representation.

Given a text T'= (cy, ¢a, . . ., ¢;,) with each character ¢; € C (ASCII set). Denote
by b(c;) € {0,1}® the 8-bit binary expansion of the ASCII code of ¢;. This byte is
divided into four consecutive 2-bit pairs pipapsps. A fixed mapping 7 : {0,1}* —
Yana is applied, where ¥g,, = {A, C, G, T} and

n(00) = A, n(10)=C, n(01)=G, n(11)=T.

The DNADbits-encoded sequence of ¢; is

banal(ci) = 1(p1) n(p2) n(p3) N(ps) € Shas

and the full encoded text becomes

Sdna(T) = ¢dna(cl)”¢dna(02)” s ||¢dna(cn> S Eﬁga
3

The optional amino-acid translation uses the genetic code 7 : ¥ | — Y,, (where
Yaa 18 the amino-acid alphabet of 20 symbols, possibly including a stop symbol).
Translating Sgn. (7)) into the three forward reading frames and concatenating yields

Saa-alt (1) = T(Sdna(T)[l ]) ||T(Sdna(T) 2 ]) ||T(Sdna(T) 3 3])7

10
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where Sana(T')[k :] denotes the subsequence starting at position k and is taken in
non-overlapping triplets. This two-step encoding ensures complete reversibility to
the original ASCII text from Sgn,(7"). At the same time, amino-acid-like translation
from DNADbits sequences can also be applied to compactification.

The DNADits operates with linear time complexity O(n), where n is the length of
the input text. The space complexity of the output sequence is O(n), with an exact
expansion to 4n characters. This deterministic length arises from mapping each 8-bit
ASCII character to exactly four nucleotide symbols. The optional subsequent step of
three-frame amino acid translation yields a total length of approximately 4n amino
acids across all reading frames when the translated sequences are concatenated, as
each reading frame produces on the order of 4n/3 amino acids and the concatenation
of the three frames results in (4n/3) x 3, with minor deviations depending on how
residual nucleotides at sequence ends are handled.

3.1.3 SWeePtex

SWeePtex integrates BSL encoding (AMINOcode or DNAbits) with the Spaced
Words Projection (SWeeP) method to transform texts into numerical vectors, inde-
pendent of their original length. After a text is encoded into a biological sequence
using either AMINOcode or DNADbits, the SWeeP algorithm is applied directly to
the resulting sequence without further preprocessing.

SWeeP operates in two steps for each spaced-word mask: first, it constructs a
high-dimensional vector (HDV) by counting spaced-word patterns specific to that
mask; second, it projects each HDV into a lower-dimensional space using a random
projection matrix, following the Johnson-Lindenstrauss lemma. For a set of masks,
the resulting lower-dimensional vectors are concatenated to form the final represen-
tation. The combined pipeline, BSL encoding followed by SWeeP projection and
concatenation, is termed SWeePtex. The resulting vectors have a uniform dimen-
sionality, enabling their immediate use in machine-learning workflows, PCA, graph
construction, matrix operations, text-similarity assessment, semantic analysis, and
other applications that benefit from vector-space representations of textual data.

Consider a text 7' encoded as BSL E(T) € ¥* by AMINOcode or DNADits,
where ¥ is the corresponding alphabet (X,, or Yg..). Using a set of spaced-word
masks M C {0,1}* (length k, weight H), a hash function h : £ — {1,... d} maps
each pattern to an index in an implicit d-dimensional space, with d = |S|¥. For a
given mask m € M, an HDV 4™ (T) € R? records pattern frequencies specific to
that mask:

|E(T)|—k+1

ugm)(T) = Z I[ h(extract,(E(T),p)) =j], j=1,....d,

where j indexes the coordinates of the high-dimensional vector and corresponds to
a specific hashed spaced-word pattern. Here, S = E(T) € ¥* denotes the BSL-

11
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encoded sequence of the text, and extract,, (S, p) returns the subsequence of length
H obtained from S at positions where the mask m has value 1, starting at position
p.

For each mask m, a random projection matrix A" € R™ >4 projects the mask-
specific HDV into a lower-dimensional vector:

U(m) (T) _ A(m) u(m) (T) e ]Rm/.

The final SWeePtex vector is obtained by concatenating the projected vectors
from all masks:

vsweeriex(T) = [o(T) (@) ¥ (1)] € R

By the Johnson-Lindenstrauss lemma (Johnson and Lindenstrauss 1984), a set
of N vectors can be embedded into

m' = O(e *log N)

dimensions while preserving all pairwise Euclidean distances within a factor of
1 £+ ¢ with high probability. For each spaced-word mask m, the corresponding
random projection approximately preserves the Euclidean distances between the
high-dimensional vectors (HDVs) derived under that mask, maintaining their local
similarity structure in the projected space. The concatenated representation, formed
by aggregating multiple mask-specific projections, increases robustness and expres-
siveness. Consequently, SWeePtex yields a computationally efficient, dimension-
uniform representation that bridges symbolic text patterns with geometric vector-
space methods, enabling scalable similarity computations.

Two main stages determine the computational complexity and memory require-
ments of SWeePtex: HDV construction and random projection. For a sequence of
length L,, HDV construction requires O (|M|- (Ls—k+1)- H) operations to extract
and hash spaced patterns for each mask m € M, where £ is the mask length and H is
the mask weight. Each mask produces an independent HDV, which is subsequently
multiplied by a random projection matrix to obtain an LDV. While the nominal
cost of this projection is O(m’ - d), with d = |X|*, the HDVs are sparse in practice,
containing only nnz < d non-zero entries. Exploiting this sparsity reduces the ef-
fective projection cost to O(m’-nnz) per mask. The total computational complexity
per sequence is therefore

O(\M\ : (LS-H+m'-nnz)),

which scales linearly with the sequence length and the number of masks. Scalability
is ensured when the projection dimension m’ is chosen logarithmically with respect
to the number of sequences, as motivated by the Johnson-Lindenstrauss lemma.

12
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Memory usage involves three primary components: the encoded sequence
(O(Ly)), the sparse HDVs during processing (O(|M| - nnz)), and the final fixed-
dimension output vectors (O(m/-|M|) per document). For a corpus of N documents,
the total storage of all vectors is O(N - m/ - |M|), which remains manageable due
to the logarithmic scaling m’ = O(log N). Peak memory occurs transiently during
HDYV construction, but is optimized through streaming processing and sparse data
structures.

3.1.4 SWeePtex embedding

The SWeePtex embedding enables the creation of context-aware word and doc-
ument embeddings by leveraging bidirectional relationships within a corpus. The
process operates on a corpus D = {Dy, Do, ..., Dy} of documents. Embeddings
are constructed through a two-phase, iterative procedure that first computes pre-
liminary document vectors and then refines them via word-document co-occurrence
statistics. Figure 1 illustrates the complete workflow. The Supplementary Box S2
shows a demonstration of the process.

Formally, let W = {w;, ws,...,wy} be the vocabulary extracted from D. For

each document D;, a preliminary SWeePtex vector dEO) € R™ is obtained directly
from the raw text using the standard SWeePtex pipeline (BSL encoding followed by
SWeeP). These preliminary vectors correspond to the vgweeptex(7’) representations
described in the previous section, with dimensionality m = m/ - |M|, and serve as
initial context representations.

Word embeddings are then derived as the average of the preliminary vectors of
all documents in which the word appears. Let D(w) denote the set of documents

that contain the word w. The word embedding e,, € R™ is computed as:

1 (0)
Cw = d;”.
D(w)] 2

Subsequently, the final document embeddings are obtained by averaging the
embeddings of all words contained in the document. For document D; with word
sequence (w1, Wjg, . .., wjr, ), the refined document embedding d; € R is:

1 &
di = E jzl ewij.

This bidirectional averaging procedure effectively propagates contextual infor-
mation across the corpus: document vectors inform word representations, and word
vectors, in turn, refine document representations. The resulting embeddings capture
both local lexical statistics and global corpus-level co-occurrence patterns, making
them suitable for downstream tasks such as semantic similarity measurement, doc-
ument classification, and information retrieval.

13
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Figure 1: SWeePtex embedding flowchart. This figure illustrates the SWeePtex 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.

The actual embedding program checks whether a preexisting word list is avail-
able. 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.

The SWeePtex embedding algorithm proceeds through three main computational
stages. The overall time complexity scales as O(N - (Csweeptex + La - m)), where N
is the number of documents, Csweeptex the cost per-document of the SWeePtex base
vectorization, L; the average document length in words, and m the embedding
dimension. First, preliminary SWeePtex vectors are generated for all documents,

14
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which require O(N - Csweeptex) Operations. The word embeddings are constructed
by aggregating, through an inverted index, the document vectors associated with
each term in the vocabulary W (size V), which takes O(N - Ly - m) in the worst
case. Finally, refined document embeddings are obtained by averaging the word
embeddings contained in each document, which also costs O(N - Lq - m).

The space complexity is determined by the storage of three vector sets and the
inverted index. Memory must hold preliminary document vectors (O(N -m)), word
embeddings (O(V -m)), and final document embeddings (O(N -m)). Additionally,
inverted index mapping words to documents requires O(N - Ly) space. Consequently,

the total memory complexity is O((N + V) -m+ N - Ly).

3.2 Python package implementation

The Biotext Python package is freely available for installation via PyPI'. This
implementation 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 package, accompanied by
working examples. These demonstrate BSL encoding (with both the AMINOcode
and DNADbits options) and the construction of a vector space.

The package includes the exact executable pipeline used for the thioredoxin ex-
periment. The documentation provides detailed guidance for running the complete
experiment. Beyond reproduction, the architecture enables flexible modifications
for new applications. Researchers can adjust encoding schemes, modify projec-
tion dimensions, or implement custom similarity metrics to optimize their analysis.
This modular design supports both immediate out-of-the-box use and extensive cus-
tomization for specialized needs.

3.3 Thioredoxin usage example result

The implemented TM pipeline generated multiple insightful visualizations and
quantitative outputs, revealing patterns across the 14,984 MEDLINE abstracts an-
alyzed. The complete execution takes approximately 1 hour and 22 minutes on a
personal computer (hardware details in the Supplementary Table S5), with approxi-
mately 16 minutes dedicated to Biotext embedding (words and documents) and the
remaining time allocated to pre- and post-processing tasks.

All experimental material, including the complete pipeline implementation, is
publicly available through the Zenodo repository?, comprising the main execution
script, supporting utility modules, configuration files, and all output results utilized

https://pypi.org/p/biotext
*https://doi.org/10.5281/zenodo.18370817

15
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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 rep- | encoded = aminocode.encode_string(
resentation. "Hello world!"

)

# Output:

# 'HYELLYQYSYWYQRLDYPW'

dnabits Encodes text using DNA-like represen- | ¢ncoded = dnabits.encode_string(
tation. "Hello world!"

)

# Output:

# '"AGACCCGCATGCATGCTTGCAAGAT

# CTCTTGCGATCATGCACGCCAGA'

sweeptex Generates document vectors using the embeddings = sweeptex(
SWeePtex algorithm. ["Text 1", "Text 2"1,
emb_size=1200

)

# Output array shape:
# (2, 1200)

sweeptex__emb | Generates word and document embed- | results = biotext_emb(

dings via a processing pipeline. ["First doc", "Second doc"],
return_doc_emb=True,
return_word_emb=True

)

# Output keys:

# - Document embeddings

# results['doc_emb ']

# - Word embeddings

# results['word_emb ']

in this study, thereby enabling full reproducibility of our findings while also providing
researchers with adaptable components for future applications.

An elbow method analysis determines the optimal number of clusters for words
and documents (Supplementary Figure S1). For words, the point of diminishing re-
turns indicates 7 as the optimal number. For documents, the corresponding optimal
number is 3.

The PCA of the word and document embeddings reveals their organization into
distinct clusters (Figure 2). For word embeddings (Panel A), clusters are identified
by their most representative terms, which are determined by the proximity of their
centroids. Similarly, document embeddings (Panel B) are grouped, with each cluster
labeled with the most representative TF-IDF word from its documents. Further-
more, the semantic neighborhoods of “leukemia” (Panel C) and “pregnancy” (Panel
D) are visualized, illustrating the conceptual proximity of related terms within the
embedding space.

For each target word (“leukemia” and “pregnancy”), the titles and PubMed IDs
(PMID) of their most closely associated documents are detailed in the Supplemen-
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This figure illustrates the results of

the usage example through two-dimensional scatter plots of PCA-reduced embedding data: (A) Word embeddings
are clustered by k-means and annotated with five representative terms per cluster, defined by their proximity to
the centroid; (B) Document embeddings are displayed, colored by cluster, and labeled with TF-IDF-derived words
representing the documents closest to each centroid; (C) The neighborhood of “leukemia” shows its ten closest words
plus the target word; and (D) The analogous neighborhood for “pregnancy” displays its ten closest words.

tary Table S7. Word clouds also provide cluster characterization for each document
group (Supplementary Figure S2). The 30 most frequent representative terms for
each document group are summarized in Supplementary Table S8. Supplemen-
tary Table S9 provides an analysis of the groupings of documents based on the cited
material. At the same time, the Supplementary Table S10 presents examples of doc-
uments for each cluster, selected using proximate centroid and random sampling,
along with interpretations of their cluster membership.
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4 Discussion

This discussion interprets the results by examining the underlying conceptual-
ization, computational implications, and specific insights from the thioredoxin usage
example. We explore how the Biotext framework bridges Bioinformatics methods
with natural language processing, analyze its efficiency profile compared to con-
temporary models, and evaluate its practical utility for structuring and exploring
biomedical literature. Together, these perspectives contextualize SWeePtex as a
complementary approach that prioritizes transparency, scalability, and immediate
applicability in text representation.

4.1 Conceptualization

Biotext with SWeePtex demonstrates how Bioinformatics methods can effec-
tively address key challenges in NLP by bridging symbolic sequence analysis with
text representation. Although the BSL format has been used in third-party imple-
mentations (Araujo et al. 2022), SWeePtex, to our knowledge, represents the first
implementation specifically designed for text vectorization within this paradigm.
Provides interpretable and content-addressable representations that enable direct
vector manipulation for literature exploration, thereby establishing continuity with
randomness-based approaches to linguistic representation.

The methodology is aligned with established strategies in cognitive and computa-
tional linguistics that employ random projections for representation. Kanerva (1994)
demonstrated how sparse distributed memory and random indexing can reflect hu-
man conceptual cognition, providing a theoretical foundation for high-dimensional
geometric approaches to meaning. SWeePtex operationalizes this principle within a
Bioinformatics framework, applying spaced-word hashing and random projection to
create text embeddings.

The semantic construction in SWeePtex embedding follows a theoretically
grounded approach based on vector averaging. Primary SWeeP vectors initially
capture basic lexical information from individual texts, while semantic representa-
tion emerges through a contextualization process mediated by vector averages. The
contextual vector for each word is calculated as the average of the vectors from
all the documents in which it appears. This allows words to transcend isolated
representation and incorporate shared semantic context across documents, following
the distributional principle that meaning arises from co-occurrence patterns (Firth
1957). Subsequently, each document’s vector is obtained by averaging the contex-
tual vectors of all its words, thereby semantically synthesizing the document from
its already contextualized terms. This is a consolidated technique for composing
document representations (Mitchell and Lapata 2010).

This design favors document-level similarity tasks, where computational effi-
ciency and straightforward implementation are valued over explicit modeling of word
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order or complex syntactic structures. This aspect could be addressed in future work
through strategies such as positional encoding or syntax-aware pattern extraction.

Although transformer-based models have dominated recent NLP research, they
represent a fundamentally different paradigm based on learned, contextually modu-
lated representations. The approach implemented in SWeePtex offers a complemen-
tary perspective: instead of teaching representations via gradient-based optimization
over massive datasets, it constructs them via deterministic hashing, random projec-
tion, and theoretically grounded averaging operations. This distinction highlights
an alternative pathway in representation learning that prioritizes transparency, re-
producibility, and immediate applicability.

Randomized approaches and neural network methods are not mutually exclu-
sive but rather complementary research directions. Patterns identified through
random exploration can provide initialization points or constraints for neural ar-
chitectures, while learned representations can inform the design of more effective
hashing and projection schemes. This synergistic integration represents a promising
avenue for future development, potentially yielding hybrid systems that combine
the efficiency and interpretability of randomized methods with the representational
power of learned models.

4.2 Computational Complexity

The computational demands of text processing methods reveal a fundamental
trade-off between representational power and operational efficiency. SWeePtex op-
erates in a deterministic, near-linear complexity regime, with a per-document pro-
cessing cost that does not scale with corpus size.

In contrast, transformer-based language models exhibit quadratic time and mem-
ory complexity in the self-attention mechanism, as characterized in surveys of effi-
cient Transformers (Tay et al. 2022). Introduced in the original Transformer archi-
tecture (Vaswani et al. 2017), self-attention reflects a profound architectural commit-
ment to learning dense, contextually modulated representations through gradient-
based optimization over massive datasets, which are powerful but computationally
intensive to produce and opaque to direct interpretation.

SWeePtex circumvents this trade-off by adopting a randomization-based,
geometry-first approach inspired by Bioinformatics. Its efficiency comes from
avoiding the learning process altogether. Instead, it employs hashing and random
projection to map textual patterns into a fixed-dimensional space, preserving
similarity in accordance with the Johnson-Lindenstrauss lemma. Consequently,
SWeePtex excels in scenarios where the cost, delay, or opacity of the deep learning
model deployment is prohibitive. These applications include rapid exploratory
analysis, dynamic or domain-specific corpora lacking pre-training data, and tasks
requiring interpretable feature attributions.

Recent efforts to mitigate the computational burden of transformers acknowledge
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this fundamental challenge. Strategies such as model distillation (DeepSeek-Al et al.
2025), sparse attention mechanisms (Child et al. 2019), and efficient architectural
variants such as Linformer (Wang et al. 2020) and Longformer (Beltagy, Peters, and
Cohan 2020) all seek to address the quadratic-complexity constraint. SWeePtex rep-
resents a more radical departure from this paradigm. Rather than approximating
or optimizing the transformer architecture, it replaces the learning-centric approach
entirely with a lightweight, similarity-preserving embedding that is intrinsically ef-
ficient and explainable. This positions SWeePtex not as a competitor to artificial
neural methods but as a complementary strategy that expands the performance-
efficiency frontier for tasks where semantic nuance can be partly traded for speed,
transparency, and minimal infrastructure.

The methodological choice between these approaches ultimately depends on
aligning technical assumptions with application constraints. SWeePtex demon-
strates that Bioinformatics-inspired randomized methods can deliver practical, scal-
able text vectorization for a meaningful class of problems. By offering an inter-
pretable alternative, it enriches the NLP toolkit and provides researchers with
greater flexibility when designing text-processing pipelines. However, although the-
oretical complexity analysis positions SWeePtex favorably against quadratic-scaling
transformer models, an empirical asymptotic characterization remains a necessary
step for future projects.

4.3 Thioredoxin insights

The thioredoxin usage example demonstrates SWeePtex’s ability to handle large
data volumes and extract relevant contextual information. The analysis is per-
formed on a substantial collection of documents — a volume impractical for manual
evaluation —, and the results are human-interpretable.

The pipeline generates word clusters that reveal an intuitive organization of
biomedical terminology, as shown in Figure 2A with a specificity gradient. Generic
functional words (e.g. “these”, “it”, and “as” in Cluster 6) are centrally located in the
vectorial space, while more specialized terms radiate outwards. Clusters 0 through
5 each represent distinct biomedical subdomains, showing how the embedding nat-
urally groups related concepts without explicit supervision. For example, Cluster 4
(“tumor”, “inhibitor”) includes terminology related to cancer drug discovery, while
Cluster 2 (“renal”, “injury”, “inflammation”) reflects preclinical research on kidney
disease. Highly specialized terms, such as those in Cluster 3 (“nrx”, “nanopore”),
appear farthest from the center, occupying more specific semantic spaces.

The SWeePtex-generated document clusters (Supplementary Table S9) provide
an analytical perspective on the composition of the literature related to thioredoxin.
Computational pattern recognition identified three primary research domains: (1)
bacterial redox systems and biotechnological applications, (2) mechanisms of ox-
idative stress in metabolic and degenerative pathologies, and (3) eukaryotic re-
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dox biology and developmental systems. The effectiveness of the framework in
structuring this literature is evident from the combination of the examination of
centroid-associated terms (Figure 2B) and frequency-based word clouds (Supple-
mentary Figure S2). This SWeePtex-based analysis offers a method for mapping
current thioredoxin research, while acknowledging that other clustering approaches
may reveal alternative dimensions.

The vectorial neighborhoods of “leukemia” (Figure 2C) and “pregnancy”
(Figure 2D) illustrate the approach’s capability to capture related concepts. For
“leukemia”, terms like “inhibitory”, “lymphoma”, and “marrow” are identified,
while “pregnancy” is associated with terms such as “placental”, “maternal”,
and “fetal”. This semantic understanding extends to recognizing synonyms and
terminological variations, even without exact character matching.

Supplementary Table S7 lists texts closely related to “leukemia” and “preg-
nancy”. The system associates documents with both “leukemia” and “leukaemia”
spellings, confirming that it interprets semantic relationships rather than relying on
exact term matches. For “leukemia”, the system retrieves studies on thioredoxin
reductase inhibitors and drug resistance, whereas “pregnancy” retrieves studies on
preeclampsia and gestational diabetes. These outcomes show the system’s utility
in biomedical text analysis, as it extracts contextually relevant literature without
relying on exact terms.

Finally, the thioredoxin usage example demonstrates an adaptable pipeline that
can be extended to other research topics. The experimental material is publicly
available, including documented scripts, enabling third-party users to modify and
reimplement them with confidence.

5 Conclusion

This study demonstrates that Bioinformatics-inspired methods offer a viable,
transparent alternative to conventional text vectorization via the SWeePtex
framework. By adapting spaced-word hashing, random projection, and contex-
tual averaging from sequence analysis to text, SWeePtex constructs interpretable,
content-addressable representations without the resource-intensive training required
by traditional methods. This approach provides a computationally efficient path
to domain-specific embeddings while fostering an epistemological understanding
of how linguistic meaning is geometrically structured. The successful application
to the thioredoxin literature, alongside the already published exploration of Yoga
literature (leger-Raittz et al. 2025), confirms its utility for exploratory analysis
in specialized domains. Significantly, this research expands the SWeeP method
beyond its original Bioinformatics domain, establishing a novel, randomness-
based paradigm for building linguistic representations from scratch. Ultimately,
SWeePtex represents a complementary pathway in representation learning that
prioritizes transparency, scalability, and immediate applicability in resource-aware
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environments.
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Supplementary Material

Table S1: Methods in linguistic vectorization. An overview of concepts and methods in the field, presented in

chronological order and accompanied by a brief description of their key contributions.

Year | Model/Technique

‘ Key Contribution

‘ References

1972 Inverse Document Fre- | A statistical measure that emphasizes rare but in- | Jones (1972)
quency (IDF) formative terms, improving document retrieval and
weighting in information retrieval systems.

1990 Recurrent Neural Net- | A foundational architecture for sequential data pro- | Elman (1990)

works (RNN) cessing, where hidden states retain temporal context,
enabling early NLP sequence modeling.

1994 Random Indexing A method for sparse semantic representations, in- | Kanerva (1994)
spired by cognitive principles, that reduces compu- | and Kanerva,
tational overhead. Kristoferson, and

Hols (2000)

1998 Random Mapping A dimensionality reduction technique that preserves | Kaski (1998) and
pairwise semantic similarities, facilitating efficient | Samuel Kaski et al.
large-scale analysis. (1998)

2003 Neural Language Model A neural network-based approach that learns dis- | Bengio et al. (2003)
tributed word representations, capturing semantic
relationships.

2013 Word2Vec A word embedding approach that uses skip-gram | Mikolov et  al.
and CBOW architectures to model semantic rela- | (2013)
tionships via context windows.

2016 FastText Extends Word2Vec by incorporating subword infor- | Bojanowski et al.
mation, enhancing representations for rare words | (2016)
and morphologically complex languages.

2018 GPT (Generative Pre- | A unidirectional Transformer model that excels in | Radford and

trained Transformer) autoregressive text generation through large-scale | Narasimhan (2018)
pretraining.

2018 BERT (Bidirectional | A bidirectional Transformer model that achieves | Devlin et al. (2018)

Encoder Representations | deep contextual understanding, setting new bench-
from Transformers) marks across NLP tasks.
2019 T5 (Text-to-Text Transfer | A unified text-to-text framework that casts all NLP | Raffel et al. (2019)
Transformer) tasks as generating text from text. Pre-trained via
span corruption and fine-tuned with task instruc-
tions, it offers flexibility for generative and compre-
hension tasks.
2025 DeepSeek-R1 A model that combines multi-stage reinforcement | DeepSeek-Al et al.

learning and model distillation (based on Qwen/L-
lama) for efficient language alignment.

(2025)
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Table S2: AMINOcode character substitution rules. Table showing the AMINOcode encoding rules. This
case-insensitive method offers two approaches: reduced encoding (compact, limited to alphanumeric characters and
basic symbols) and detailed encoding (comprehensive but longer).

Character ‘ Detailed ‘ Reduced H Character ‘ Detailed ‘ Reduced

a YA YA X W W
b E E zZ A A
c C C w YW YW
d D D y YY YY
e YE YE 0 YDA

f F F 1 YDQ

g G G 2 YDT

h H H 3 YDH

i YI YI 4 YDF

j I I 5 YDI YD
k K K 6 YDS

1 L L 7 YDE
m M M 8 YDG

n N N 9 YDN

0 YQ YQ YPE

p P P , YPC

q Q Q ; YPS

r R R ! YPW YP
s S S ? YPQ

t T T : YPT

u YV YV space YS YS
v A% A% exception YK YK

Table S3: Example of AMINOcode encoding and decoding.

Description ‘ String
Original Text SWeeP is amazing! 10 to 100 times faster than other techniques. #Bioinformatics
#DiscoverSWeeP

Encoded (reduced) | SYWYEYEPYSYISYSYAMYAAYINGYPYSYDYDYSTYQYSYDYDYDYSTYIMYESYSFYASTYERYSTHYANYSYQT
HYERYSTYECHNYIQYVYESYPYSYKEYIYQYINFYQRMYATYICSYSYKDYISCYQVYERSYWYEYEP

Encoded (detailed) | SYWYEYEPYSYISYSYAMYAAYINGYPWYSYDQYDAYSTYQYSYDQYDAYDAYSTYIMYESYSFYASTYERYSTHYA
NYSYQTHYERYSTYECHNYIQYVYESYPEYSYKEYIYQYINFYQRMYATYICSYSYKDYISCYQVYERSYWYEYEP
Decoded (reduced) | sweep is amazing. 99 to 999 times faster than other techniques. -bioinformatics -discoversweep
Decoded (detailed) | sweep is amazing! 10 to 100 times faster than other techniques. -bioinformatics -discoversweep

Table S4: Example of DN Abits encoding and decoding.

Description

String

Original Text SWeeP is amazing! 10 to 100 times faster than other techniques. #DBioinformatics
#DiscoverSWeeP

Encoded TACCTCCCCCGCCCGCAACCAAGACGGCTATCAAGACAGCCTGCCAGCGGTCCGGCGTGCTCGCCAGAAAGACATAA
ATAAAGAACTCTTGCAAGACATAAATAAATAAAGAACTCCGGCCTGCCCGCTATCAAGAGCGCCAGCTATCACTCCC
GCGATCAAGAACTCAGGCCAGCGTGCAAGATTGCACTCAGGCCCGCGATCAAGAACTCCCGCTAGCAGGCGTGCCGG
CCATCCCTCCCGCTATCGTGAAAGATAGAGAACCGGCTTGCCGGCGTGCGCGCTTGCGATCCTGCCAGCACTCCGGC
TAGCTATCAAGATAGAACACCGGCTATCTAGCTTGCGCTCCCGCGATCTACCTCCCCCGCCCGCAACC

Decoded SWeeP is amazing! 10 to 100 times faster than other techniques. #Bioinformatics
#DiscoverSWeeP
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Table S5: Hardware specifications. Hardware specifications of the system used for analysis.

Component ‘ Specifications

Processor Intel Core i5-3470 @ 3.20GHz (4 cores, 4 threads, 3.6GHz Turbo)
(CPU)

CPU Cache | L2: 1 MB, L3: 6 MB

Memory 16 GB DDR3 @ 1333MHz (2 x 8GB Kingston 99U5471-060.AOOLF
(RAM) modules)

RAM Con- | Dual Channel (ChannelA-DIMMO, ChannelB-DIMMO)

figuration

Motherboard | Gigabyte H61M-S1 (Intel H61 chipset, LGA1155 socket)

Table S6: PubMed search specifications. PubMed search parameters and results used to construct the dataset
for the thioredoxin usage example.

Description ‘ Information

Search Date 12 April 2025

Interface Entrez Direct command line tool

Search String thioredoxin AND english([language] AND hasabstract NOT
"Published Erratum"[Publication Typel

Output File thioredoxin_ 2025.04.12.medline

Command Used esearch -db pubmed -query "$SEARCH_STRING" | efetch -format
medline > "$OUTPUT_FILE"

Result 14,984 documents
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Table S7: Documents related to “leukemia” and “pregnancy”. Titles and PubMed IDs (PMID) of documents
most closely associated with the target words “leukemia” and “pregnancy”.

Target Title PubMed
Word 1D

leukemia | Possible roles of an adult T-cell leukemia (ATL)-derived factor/thioredoxin in the drug | 9116292
resistance of ATL to adriamycin.
A novel thioredoxin reductase inhibitor inhibits cell growth and induces apoptosis in HL-60 | 18196608
and K562 cells.
Inhibition of thioredoxin reductase by auranofin induces apoptosis in adriamycin-resistant | 21699084
human K562 chronic myeloid leukemia cells.
Ethaselen: a novel organoselenium anticancer agent targeting thioredoxin reductase 1 re- | 28471109
verses cisplatin resistance in drug-resistant K562 cells by inducing apoptosis.
Inhibition of the Nrf2-TrxR Axis Sensitizes the Drug-Resistant Chronic Myelogenous | 31828114
Leukemia Cell Line K562/G01 to Imatinib Treatments.
Synergism between thioredoxin reductase inhibitor ethaselen and sodium selenite in inhibit- | 28757135
ing proliferation and inducing death of human non-small cell lung cancer cells.
Shikonin inhibits gefitinib-resistant non-small cell lung cancer by inhibiting TrxR and acti- | 27864022
vating the EGFR proteasomal degradation pathway.
A thioredoxin reductase inhibitor induces growth inhibition and apoptosis in five cultured | 15982805
human carcinoma cell lines.
Thioredoxin-1 inhibitor PX-12 induces human acute myeloid leukemia cell apoptosis and | 25197347
enhances the sensitivity of cells to arsenic trioxide.
CD40 ligation inhibits IL-2 and SAC+IL-2 induced proliferation in chronic lymphocytic | 9201312
leukaemia cells.
pregnancy| Changes in maternal serum thioredoxin (TRX) levels after delivery in preeclamptic and | 21250889
normotensive pregnant women.
Beneficial effects of dietary fibre supplementation of a high-fat diet on fetal development in | 21486515
rats.
Effect of different iodide intake during pregnancy and lactation on thyroid and cardiovascular | 37506535
function in maternal and offspring rats.
Serum manganese supe