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Abstract. The imperative to re-analyze existing public sequencing data is central to modern biology, driven by new
hypotheses and advanced analytical methods. However, this effort is critically hampered by the profound heterogeneity
of repository data, particularly the non-standardized, free-text descriptions of biological experiments. This lack of
structural and semantic homogeneity prevents systematic search, integration, and comparative analysis, effectively
locking away the full potential of accumulated datasets. Advances in Natural Language Processing (NLP) offer a pivotal
pathway to overcome this bottleneck by transforming unstructured text into computable, homogeneous information.
The integrated Entrez database system, maintained by the National Center for Biotechnology Information (NCBI),
provides sophisticated programmatic access via an APl to primary sequencing data and its associated metadata,
including detailed experimental descriptions. This interface enables researchers to identify and retrieve relevant data
through keyword searches, including those based on gene names, and to apply modern NLP techniques to transform
textual metadata into structured information. The output is formatted data ready for integration into local databases,
accompanied by a systematic list of links for downloading primary files. The Alembic software package offers a
comprehensive and automated solution for the entire workflow. Designed as a locally deployable client-server system,
Alembic incorporates state-of-the-art transformer-based Al algorithms for analyzing the biomedical text that ac-
companies sequencing data. Its core utilizes the openly available AIONER platform, which is built upon the PubMedBERT
model trained on the PubMed repository, to ensure efficient and accurate recognition of biomedical named entities (e.g.,
genes, diseases). This provides users with structured and meaningful keyword search results. By delivering a curated list of
datasets, Alembic streamlines the path from search to analysis. Researchers can efficiently identify high-value targets and
obtain a complete package of metadata and primary data to construct a tailored local repository. This positions Alembic
as a universal solution that overcomes the fragmented approach of existing tools, offering an integrated workflow for
diverse public sequencing data.
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AHHOTaumA. Pa3BUTUE TEXHOMOIMI BbICOKOMPON3BOANTENBHOIO CEKBEHUPOBAHUA M METOLOB aHanm3a 6osnblumx
[aHHbIX CO3JaeT YCTONUYMBYIO MOTPEOHOCTb B MOBTOPHOM aHanM3e HAKOMMEHHOW B OTKPbLITbIX Perno3nTopusax
reteporeHHo nHoopmaumm. CepbesHoi npobnemon npu 3TOM ocTaeTcad npeobnajaHne cBOGOJHOrO TEKCTOBOrO
onucaHnA BUONOrMYECKNX SKCMEPVMEHTOB, UTO 3aTPYAHAET MPOAYKTMBHbIA MOUCK, CUCTEMATM3ALMIO U JajbHellee
MCMONb30BaHMe COOTBETCTBYIOWMNX HABOPOB AaHHbIX. [Mporpecc B 061acT UCKYCCTBEHHOTO WHTeNeKTa, 0CO6eHHO
B pa3BUTUN MeTOAOB 06paboTKM ecTecTBeHHOro A3bika (natural language processing, NLP), obycnasnusaet HoBble
METOLONIOMNYEeCK/e BO3MOXHOCTM AnA 3PEKTVBHOrO pelleHnA 3TOW 3ajaun. WHTerprvpoBaHHad cuctema 6a3
OaHHbIX Entrez, noppepkmBaeman HauuoHanbHbIM LEHTPOM 6roTexHonornyecko uHpopmaumm CLUA (NCBI),
npefocTaBnAeT Pa3BUTbIN U HaAeXHbIA JOCTYN Kak K MCXOAHbIM JaHHbIM CEKBEHVMPOBaHMA, Tak U K COMyTCTBYOLLEN
MeTanHdopmaL MK, BKOYaloLel feTarbHOE ONUCcaHNe NapamMeTPOB SKCNEPUMEHTOB, Yepes NPorpamMmMHbIi nHTepdenc
(application programming interface, APl). 3To no3sonsaet nAaeHTUOGULMPOBaATL M 3arpyaTb AaHHble CEKBEHUPOBaHUA
1N COOTBETCTBYIOLME MM MeTafaHHble C OMMUCAHVAMM SKCMEPUMEHTOB, MCMOMb3yA MOWUCK MO KOYeBbIM C/IOBaM ”
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pasnnyHbIM TEPMUHAM, TaKUM, HAaNPUMEP, KaK MMEHa reHOB, B PENO3UTOPMSAX; NPeobpa3oBbiBaTh U CUCTEMATU3NPOBATD
TeKCTOBble ONUCaHUA C NprMeHeHrem coBpeMeHHbIX NLP-meToaoB 1 obecneyrBaTh ncciefoBaTtesiaM CTPYKTYPUpPOBaH-
Hyt0 MHPOPMaLMIO AN UHTErpaL MK B NIoKasibHble 6a3bl JaHHbIX 1 GOPMaTUPOBAHHBI NepeyeHb CCbIFIOK A 3arpy3Ku
NCXOAHbIX AaHHbIX. [IporpaMmHbIn nakeT Alembic npeanaraeT KoMnnekcHoe peLueHne A1A Novcka 1 3arpysku AaHHbIX,
aBTOMaTU3MPYA BCe yKasaHHble 3Tarbl. [natdopma UCNonb3yeT KNNEHT-CEPBEPHYIO apXUTEKTYPY 1 NpefHa3HaveHa ans
NOKanbHOWM yCTaHOBKW. [1nA aHanv3a 6romeanLNMHCKUX TEKCTOB, CONMPOBOXAAIOLLMX AaHHble CEeKBeHMPOBaHMs, B Alembic
WNHTErprpoBaHbl COBPEMEHHbIE afiFOPUTMbl MCKYCCTBEHHOTO MHTENNEKTa Ha OCHOBE apXUTEKTYpbl TPaHCPopMepoB.
B yacTHocTW, ncnonb3yeTca nmetoLanca B oTKpbiTom goctyne nnatdpopma AIONER, obyueHHas Ha faHHbIX peno3nTopus
PubMed c nomoLuypbto mogenn PubMedBERT. Takoi nogxon obecneunBaeT s3¢ppeKTBHOE pacro3HaBaHWE NMEHOBAHHbIX
cywHoctert (named entity recognition, NER) 6uomefnLmHCKOro xapaktepa (reHbl, 3abonesaHus v ap.), npefocTaBnas
Nonb30BaTeNto CTPYKTYPUPOBaHHblE pe3ynbTaTbl MOMCKa MO KiuyeBbiM cnioBaM. DopmMupyemMblii NakeTom CNUCOK
[laeT BO3MOXHOCTb MCC/IeAOBaTeN0 aHaIM3MPOBaTh pe3ynbTaTtbl, 0TOMpaTh Hanbonee peneBaHTHble HABOPbI AaHHbIX
1 rnosiyyatb BClO Heobxoanmyto MHGOpMaLMio (BKNOYaA NCXOAHbIE JaHHbIE) ANiA CO3AaHWsA JIOKaNbHOro peno3nTopus,
OPUEHTVPOBAHHOIO Ha KOHKPETHYl WCCIefoBaTeNbCkylo 3apavy. B otnnuve ot mmetowmxca aHanoros, Alembic
ABNAETCA YHMBEPCANbHbIM peLleHeM AN MHTErpauny JaHHbIX U3 Pero3nTopueB OTKPLITOrO AOCTyna U paboTbl C
Pa3HOPOAHBIMU TUMAMU AAHHbBIX CEKBEHVPOBaHWA.

KnioueBble cnoBa: 06paboTka ecTecTBEHHbIX A3bIKOB; aHaNn3 6UOMEANLIMHCKMX TEKCTOB; CEMaHTUYeCcKas aHHOTauus;
rapmoHm3auua faHHbIX; MHTErpaLma OMUKCHbIX faHbIX

Introduction

The rapid accumulation of sequencing data from multiple
modalities, including WGSeq, RNASeq, and BSSeq, as well as
related publications, is driven by advances in high-throughput
sequencing technologies. The analysis of these extensive data-
sets calls for specialized software systems that can automati-
cally and efficiently extract biologically relevant information.
One promising approach involves the application of Natural
Language Processing (NLP) algorithms. Modern NLP tech-
niques automate the analysis of scientific texts, significantly
enhancing the efficiency of large-scale data processing. A
notable example is the MetaMap system (Aronson, Lang,
2010), which utilizes Named Entity Recognition (NER) to
identify concepts from the Unified Medical Language System
(UMLS) metathesaurus within textual sources. Building upon
this foundation, specialized tools such as the BIONER package
have further extended NER capabilities for biomedical entity
recognition (Wang et al., 2019).

Building on the foundational role of NER in biomedical
text extraction, advancements in neural network architectures
and word embedding techniques have markedly improved the
accuracy of biomedical entity recognition. The introduction of
context-sensitive models, such as ELMo (Embeddings from
Language Models), enabled the generation of word representa-
tions that incorporate contextual information. Recent progress
in the field is characterized by the dominance of transformer
architectures, particularly BERT (Devlin et al., 2019), which
have transformed approaches to NLP tasks. Adapting these
architectures for biomedical applications has spurred the de-
velopment of domain-specific models, including BioBERT and
PubMedBERT (Lee et al., 2020), as well as specialized pro-
cessing frameworks such as scispaCy (Neumann et al., 2019).

The most extensive integrated system of biomedical data-
bases remains Entrez, developed by the US National Center
for Biotechnology Information (NCBI). This platform con-
solidates 38 distinct repositories, including PubMed, PMC,
and databases of nucleotide and protein sequences. Data
are added to the system through both automated processes,
such as the analysis of scientific publications, and manual

submissions by researchers. Depositing sequencing data into
public archives (e. g., SRA, ENA) requires ones to provide
essential metadata describing their experiments and biologi-
cal samples. A principal advantage of Entrez is its program-
matic interface, the Entrez Programming Utilities (E-utilities)
(Sayers, 2022), which supports advanced querying and auto-
mated data extraction.

A common challenge in genomics involves identifying
relevant raw datasets from public repositories. While program-
matic access to resources like Entrez enables data retrieval,
the integration of contemporary NLP for analyzing the asso-
ciated biomedical text is key to building a unified system for
this task. Existing tools, such as iSeq (Chao et al., 2024) and
SampleExplorer (Chin, Lassman, 2024), have a narrow focus
and offer limited functionality in this regard. To address this
gap, we present Alembic, a system designed to analyze data
within NCBI’s public repositories and perform the structured
extraction of targeted information. Its name reflects its core
function: much like the distillation apparatus used to extract
essential substances from raw materials, Alembic refines
meaningful insights from large volumes of primary data.

Materials and methods

Alembic employs a client-server architecture, where a client
module handles query construction and result visualization,
and a server module is responsible for processing the request
and extracting the named entity. Figure 1 illustrates the overall
system module design and data processing workflow.

The system operates on data from the NCBI Short Read Ar-
chive (SRA), accessed through the public Entrez API, allowing
users to search using a broad spectrum of biomedical terms.
Upon query execution, the AlembicDump module processes
the results through a sequential pipeline: it first extracts NCBI
Universal Identifiers (UIDs), uses them to fetch the full cor-
responding metadata in XML format, and then standardizes
and restructures this information into a tabular format with
predefined columns. This final table adheres to the Entrez
SRA metadata schema, which comprises 21 fields containing
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either free-text descriptions (e. g., Study Abstract) or formally
structured identifiers (e. g., Sample Accession).

The structured data from AlembicDump are then analyzed
by the AlembicNLP algorithm to perform named entity re-
cognition. First, the input text undergoes preprocessing with
sciSpaCy (v 2.0.18), involving conversion to lowercase,
removal of special characters and punctuation, filtering of
isolated digits and stop-words (using the NLTK dictionary,
www.ntlk.org, v 3.8.1), lemmatization, and tokenization. The
processed text is then analyzed by the core AIONER model
(Luo et al., 2023), a Bioformer-based architecture.

Alembic implements this using the embedded, open-
source AIONER code with the bioformer-cased-v1.0 and
BiomedNLP-PubMedBERT-base-uncased-abstract model
variants, which were pre-trained on PubMed abstracts (https://
huggingface.co/lingbionlp/AIONER-0415/tree/main). These
models were trained on information available in the article
abstracts deposited in the PubMed catalog (Luo et al., 2023).
The recognition stage outputs entities that are automatically
categorized into predefined classes: Gene, Disease, Species,
Cell Line, Variant, and Chemical. Consequently, AlembicNLP
produces its final output: an annotated list that classifies each
entity and records its textual coordinates.

The front-end application is implemented on the Vite JS
framework (v 7.0) to optimize the build process. Its compo-
nent-based architecture is developed in React (v 19), while the
Ul layer employs Material UI (v 7) components complemented
by the MUI X DataGrid for advanced data table features.
Asynchronous API communication is facilitated by the Axios
library (v 1.6.7).

The application implements a clear workflow through two
dedicated modules. The workflow begins with the Search
Interface Module, where users query biomedical terms. This
module returns results in a consolidated, paginated table op-
timized for large datasets.

The user then selects relevant fields, triggering the Data
Preparation Module. This module automatically extracts
and categorizes key terms for Al-driven analysis. This entire
process is enabled by a client-server architecture: all complex
data processing occurs on the server, while the client provides
a clean, structured interface for interaction and presentation.
This separation streamlines the analysis of complex descrip-
tions and significantly reduces the user’s cognitive load.

The system presents an interactive dashboard for grouped
results, equipped with hierarchical term filters, a faceted
quick-search field, and dynamic highlight-on-hover func-
tionality. These tools enable drill-down analysis and rapid
identification of patterns within large datasets, eliminating the
need to manually parse complete experimental descriptions.
The interface implements a fully responsive design, ensuring
optimal usability and consistent functionality across desktop,
tablet, and mobile platforms.

A researcher using Alembic typically follows a three-stage
workflow: beginning with query formulation, followed by
metadata structuring, and concluding with entity extraction.
For instance, a search for Alzheimer’s disease transcrip-
tomic data starts by entering keywords such as “Alzheimer”,
“disease”, and “RNASeq” into the dedicated search interface
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Fig. 1. Schematic diagram of the Alembic package, comprising
the AlembicDump (search result preprocessing) and AlembicNLP
(named entity extraction) modules.

(Fig. 2). The system returns the number of matching SRA
records and, if results exceed 1,000 entries, prompts the user
to refine terms or accept the default limit.

In the second stage, Alembic structures the retrieved meta-
data into a table for review (Fig. 3). The table presents standard
Entrez metadata field names, the percentage of experiments
containing each field, and sample data entries. Using check-
boxes in the first column, users can select multiple metadata
types for subsequent Al-powered analysis.

Upon clicking the CONTINUE button, the system executes
the NLP pipeline and displays the final output (Fig. 4). The re-
sults in this example are presented as a word cloud, visualizing
the frequency of recognized entities. The interface includes
download links in the upper-right corner for two tab-separated
value (TSV) files: RESULTS.TSV (containing data prior to Al
processing) and Al PROCESSED.TSV (containing the post-
processed results). These structured files are suitable for direct
import into standard relational databases, including SQLite,
MySQL, or PostgreSQL. A separate file, DOWNLOADS.TXT,
supplies direct URLs for retrieving the corresponding raw
sequencing data from the SRA archive. The page concludes
with a detailed listing of each experiment and its associated
downloadable sequencing samples.

The project’s front end is built using modular JavaScript.
Its architecture prioritizes scalability, allowing new functional
modules to be added without modification of the core system.
All source code and comprehensive documentation are pub-
licly accessible under the MIT license via the project’s GitHub
repository: https://github.com/shitohana/Alembic.

A local installation of Alembic requires Python v 3.12 or
later and Docker v 24.0.2 or later. The setup procedure au-
tomatically installs all necessary dependencies, such as the
TensorFlow (v 2.3.0), Transformers (v 4.18.0), and stanza
(v 1.4.0) packages required for the integrated AIONER model.
Once installation is complete, the system becomes accessible
through a local web interface.

Results and discussion

The increasing scale of biomedical text processing has neces-
sitated the development of numerous named entity recogni-

295


https://github.com/shitohana/Alembic

I.V. Bezdvornykh, K.I. Yuditskiy, N.A. Cherkasov
A.A. Samsonova, A.A. Kanapin

Alembic: a framework for converting
disparate biological data into structured resources

Alzheimer disease RNASeq|

included in the results.

Fig. 2. The Alembic search interface.
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Fig. 3. Aggregated, tabular view of the results returned from a keyword search.

tion (NER) systems. Leading solutions in this area include
scispaCy and AIONER. scispaCy provides models pretrained
on biomedical corpora such as GENIA and MedMentions,
enabling efficient handling of essential NLP tasks, including
tokenisation, part-of-speech (POS) tagging, syntactic parsing,
and NER, while accounting for domain-specific linguistic
features. POS tagging, a foundational NLP technique, assigns
grammatical categories (e. g., noun, verb, adjective) to each
word in a text.

In contrast, AIONER specialises exclusively in biomedical
NER (BioNER) through an innovative All-in-One (AIO) ap-

proach, which simultaneously recognises terms drawn from
multiple annotated datasets. Unlike conventional methods that
label tokens separately per category (e. g., Gene, Disease), the
AIO architecture processes all categories concurrently using
specially designed boundary tags. This reduces attribution er-
rors for individual words or compound expressions, improves
tokenisation accuracy, and addresses common challenges such
as overfitting and poor generalisation, often stemming from
sparsely annotated biomedical data. Built on modern pretrained
language models like PubMedBERT and enhanced with a con-
ditional random fields (CRF) layer for precise entity boundary
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Fig. 4. Visualization of named entities identified by the PubMedBERT model, displayed as a word cloud where term size

corresponds to frequency.

detection, AIONER was selected as the core NER engine for
the Alembic package due to these combined strengths.

The growing volume of biomedical text has driven the
development of numerous named entity recognition (NER)
systems, with scispaCy and AIONER being leading examples.
scispaCy offers models pretrained on biomedical corpora,
such as GENIA and MedMentions. These models efficiently
perform essential natural language processing tasks, namely
tokenisation, part-of-speech (POS) tagging, syntactic pars-
ing, and NER, while incorporating domain-specific linguistic
features. Here, POS tagging refers to the foundational NLP
technique of assigning a grammatical category (e.g., noun,
verb, adjective) to each word in a text.

While tools like iSeq and SampleExplorer retrieve data
from public repositories, Alembic introduces a fundamen-
tally different approach grounded in natural language pro-
cessing. The distinction reflects their core operational phi-
losophies: iSeq functions as an automated data retrieval utility,
whereas Alembic is designed for semantic analysis and entity
extraction. iSeq operates via the command line to download
batches of NGS data from major repositories, such as GSA,
SRA, ENA, and DDBJ, using known accession numbers.
Although it automates the download process and verifies data
integrity, it performs no semantic analysis of metadata, rely-
ing entirely on pre-defined lists of identifiers. This approach
treats data fundamentally as files to be transferred rather than
information to be understood. SampleExplorer adopts a dif-
ferent strategy, employing language models to query reposi-
tories such as ARCHS4 for transcriptomic data. Its algorithm
identifies semantically similar experiments by combining
vectorised text metadata with transcriptomic similarity scores,
using genes or textual descriptions as search queries. This
design optimises discovery at the experiment level, enabling
researchers to find analogous samples and related studies.

BMONHOOPMATUKA N CUCTEMHAA BUONIOTNA / BIOINFORMATICS AND SYSTEMS BIOLOGY

However, it does not parse individual descriptions to extract
and classify specific biomedical entities — such as genes,
variants, and chemicals — which form the core function of
Alembic’s NLP pipeline.

Unlike iSeq and SampleExplorer, Alembic provides a
fundamentally distinct solution through an integrated NLP
stack purpose-built for biomedicine. It utilises established
preprocessing frameworks, notably scispaCy, and incorporates
transformer architectures, including BERT and BioBERT.
Its primary advantage, however, derives from implementing
PubMedBERT (a model further trained on the entire PubMed/
PMC corpus) within the AIONER architecture (Luo et al.,
2023). This specialised training enables Alembic to substan-
tially outperform generic models, achieving superior accuracy
in recognising complex biomedical terminology and interpret-
ing its contextual meaning, thereby transforming unstructured
text into structured, actionable knowledge.

Conclusion

Alembic enables systematic extraction and structuring of
biomedical metadata from open repositories through deep
NLP-driven analysis. The system generates import-ready
metadata packages compatible with SQLite and PostgreSQL,
automates retrieval of linked raw sequencing files, and supports
on-demand generation of specialized, project-specific local
databases. The integrated AIONER platform leverages state-
of-the-art language models, particularly PubMedBERT pre-
trained on the PubMed/PMC corpus, to accurately identify
and classify biomedical entities with higher precision than
alternative tools. Unlike command-line utilities that require
manual query formulation, Alembic’s graphical interface and
interactive visualizations streamline data discovery, reducing
operational friction and enabling researchers to focus on
analysis rather than data wrangling.
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By converting unstructured metadata into structured, ma-
chine-actionable knowledge, Alembic substantially reduces
the time and expertise required to prepare public repository
data for downstream analysis.
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