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Abstract

Background/Objectives: Software has become core infrastructure in biomedical science; however,
tools and workflows remain fragmented across subfields, limiting reproducibility and slowing
translation from data generation to actionable decisions. This narrative review synthesizes
representative software ecosystems across three major pillars—bioinformatics, molecular modeling
and simulations, and epidemiology/public health—and evaluates their translational readiness using
a shared cross-domain framework focused on reproducibility, validation, interoperability, usability,
and decision relevance. Methods: A narrative review of articles indexed in PubMed/NCBI, Web of
Science, and Scopus between 2000 and 2025 was conducted. Domain-specific terms related to
bioinformatics, molecular modeling, docking, molecular dynamics, epidemiology, public health, and
workflow management were combined with software- and algorithm-focused keywords. Studies
describing, validating, or applying documented tools with biomedical relevance were included.
Results: Across domains, mature data standards and reference resources (e.g., FASTQ, BAM/CRAM,
VCF, mzML), widely adopted platforms (e.g., BLAST/BLAST+, Bioconductor, AutoDock Vina,
GROMACS, Epi Info, QGIS), and increasing use of workflow engines were identified. Software
pipelines routinely transform molecular and surveillance data into interpretable features supporting
hypothesis generation. Conclusions: Integrated, standards-based, and validated software pipelines
can shorten the path from measurement to decision in biomedicine and public health. Future progress
depends on reproducibility practices, benchmarking, user-centered design, portable
implementations, and responsible deployment of machine learning.

Keywords: bioinformatics; molecular modeling; epidemiology; workflows; reproducibility; machine
learning

1. Introduction

Over the past three decades, the biomedical sciences have undergone a profound turning point:
highly specialized instruments—from sequencers and mass spectrometers to microscopes and
portable biosensors —now generate data of such volume and complexity that manual analysis is no
longer feasible [1-3]. As a result, software has moved from a historically supporting role to a central
driver of discovery, translation, and decision-making [4-6]. Today, fundamental questions in biology
and medicine—how genes and proteins function, how molecules interact, how diseases spread, and
how interventions should be implemented —are routinely addressed using diverse programs that
combine statistics, machine learning, and data storage and analysis [7-9].

Three classes of software have been particularly important historically. First, bioinformatics
tools now convert raw biological signals into interpretable features: short reads become assembled
genomes; expression matrices become differential expression profiles; clinical records become
systematic cohorts [10-12]. These workflows depend on standardized formats (e.g. FASTQ,
BAM/CRAM, VCF for genomics; mzML for proteomics), reference databases, and algorithmic
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building blocks such as sequence alignment, multiple sequence analysis, clustering, dimensionality
reduction, and predictive modeling [13-15]. The result is a relatively defined path from asynchronous
measurements to hypotheses about function, mechanism, and phenotype [16].

Second, molecular modeling and simulation software connects structure with function.
Visualization tools enable researchers to inspect macromolecular architecture and binding interfaces;
docking programs propose plausible protein-ligand poses and rank them using scoring functions;
molecular dynamics simulations probe conformational landscapes and temporal stability [17,18]. In
combination with experimental restraints (e.g. cryo-EM density maps and NMR-derived constraints),
these software systems support structure-based design, shrink the search space, and accelerate the
optimization of lead compounds in drug discovery [9,19].

Third, epidemiological and public health software provides situational awareness and guides
population-level interventions [20]. Statistical packages and specialized tools allow analysts to ingest
clinical case reports, laboratory confirmations, mobility data, and environmental signals, then fit
compartmental or agent-based models, estimate reproduction numbers, forecast incidence, and
analyze counterfactual scenarios [9,21]. Geographic information systems and interactive dashboards
translate these data into spatially explicit, time-sensitive visualizations for decision-makers—
capabilities that proved essential during recent years of pandemics and uncertainty in disease spread
[22,23].

The convergence of these domains is transforming translational pipelines. For example, a
pathogen genome assembled and annotated by bioinformatics tools can immediately inform
molecular modeling software about potential inhibitor candidates, while epidemiological platforms
assess how, where, and in whom these interventions would have the greatest impact [24]. Likewise,
the integration of multi-omics (genomics, transcriptomics, proteomics, metabolomics) with electronic
health records and imaging data requires software that can link heterogeneous sources, ensure
traceability, and provide explainable outputs suitable for clinical review [25,26].

Despite this progress, several challenges demand a critical view of the current landscape. Data
heterogeneity and missingness complicate integration [27]. Many tools are powerful but difficult for
practitioners to learn, creating barriers for smaller laboratories and health services with limited staff
[28]. Data analysis itself can be inconsistent—varying datasets, metrics, and preprocessing steps can
create an impression of progress without clear real-world benefit [29]. In addition, the sustainability
of open-source projects —on which the community heavily relies—depends on funding, governance,
and data stewardship, raising concerns about long-term maintenance and the responsible use and
sharing of sensitive information [30,31].

Accordingly, this review maps representative software ecosystems across bioinformatics,
molecular modeling, and epidemiology/public health, and critically evaluates their strengths,
limitations, and translational readiness from measurement to decision.

Priority is given to widely adopted, well documented tools with proven value, while also noting
emerging approaches that substantially extend capabilities (e.g. machine learning for structure
prediction and graph-based methods for multimodal integration). With an emphasis on
reproducibility and usability, the article summarizes domains, tasks, licensing, computational
requirements, and validation, in order to align tools with scientific or public health objectives. The
goal is to provide a framework that orients newcomers and supports practitioners in planning robust
and efficient workflows.

In this review, “translational readiness” is defined as the capacity of software systems to reliably
transform primary measurements into interpretable outputs that inform downstream decisions. In
bioinformatics, this pathway begins with raw sequencing or omics data and culminates in annotated
features, biomarkers, or stratified cohorts. In molecular modeling, structural data and chemical
libraries are converted into ranked hypotheses about molecular interactions and stability. In
epidemiology and public health, heterogeneous surveillance data are transformed into forecasts, risk
maps, and intervention scenarios. Although these processes differ technically, they share common
requirements for reproducibility, validation, interoperability, and usability. By examining these
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shared requirements across domains, the review highlights where translation succeeds and where
friction remains.

2. Materials and Methods

2.1. Study design

This narrative review synthesizes information on software applications used in three pillars of
the biomedical sciences: bioinformatics, molecular modeling and simulations, and
epidemiological/public health analytics. This approach was chosen because of the methodological
heterogeneity of the current literature (algorithms, benchmarks, case studies), and integrates peer-
reviewed evidence from authoritative sources.

A narrative review design was selected because the included software spans heterogeneous
methodological paradigms, including algorithm development, simulation frameworks, statistical
modeling, and decision-support systems, which are not amenable to uniform outcome measures
required for systematic synthesis. The objective was not to quantify pooled effect sizes, but to
evaluate translational readiness across domains with respect to reproducibility, validation,
interoperability, and usability.

2.2. Information sources and search strategy

The search covered the period 2000-2025. The primary databases were PubMed/NCBI, Web of
Science, and Scopus. Domain-specific terms were combined with software/algorithm keywords:
“bioinformatics”, “molecular modeling”, “docking”, “molecular dynamics”, “epidemiology”,
“public health”, as well as phrases such as “multiple sequence alignment software”, “docking
program validation”, and “compartmental model software”. The reference lists of included articles
were screened manually for additional sources (“snowballing”).

2.3. Inclusion criteria

Sources were included if they:

- described, validated, or applied software central to one of the three pillars;

- provided sufficient methodological detail on core algorithms/approaches;

- demonstrated scientific or translational relevance.

Purely conceptual papers without implemented software, tools lacking minimal documentation,
and applications without clear significance for the biomedical sciences were excluded. Where
multiple versions existed, the most recent release with clear traceability was prioritized.

2.4. Study selection

Titles and abstracts were screened for domain relevance. Full texts were then assessed against
the inclusion/exclusion criteria. For widely used tools with extensive literature, key methodological
papers plus representative benchmark and application studies were selected to avoid
overrepresentation while preserving breadth. Selection prioritized tools with sustained adoption,
documented validation, and evidence of real-world use in biomedical research or public health
practice.

2.5. Data extraction

For each tool, the following were extracted: domain and main tasks; typical inputs/outputs and
supported data standards; core algorithms/approaches; validation evidence; usability characteristics;
interoperability; computational profile; licensing and sustainability; and known limitations.
Validation evidence was assessed with attention to benchmark design, dataset representativeness,
evaluation metrics, and independent replication, recognizing that reported performance is context-
dependent.
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2.6. Synthesis methods

Evidence was summarized narratively and organized by pillar, with overview tables comparing
tools by functionality, validation, usability, and implementation characteristics. Where possible,
quantitative performance metrics were reported alongside dataset characteristics and evaluation
protocols to contextualize results. End-to-end workflows from raw data to decisions were mapped to
illustrate how tools interact in practice.

3. Results

3.1. Bioinformatics

In the reviewed sources, bioinformatics software supports sequence search/alignment,
genome/transcriptome analysis, variant detection and interpretation, and multi-omics statistics.
Representative examples of widely used bioinformatics tools, their typical inputs/outputs, and core
characteristics are summarized in Table 1.

Table 1. Major bioinformatics software systems and pipelines and use cases.

Typical inputs —

Tool Main role Key features

outputs
Local similarit Web interface and command
BLAST/ Y Sequence(s) — ranked line; supports local
search, support for . - . .
BLAST+ . alignments, statistics databases; integrates into
annotation e
automated pipelines.
. Unaligned sequences .
Clustal Multiple sequence 8 d - Designed for large data sets;
_ multiple sequence .
Omega alignment at scale , fast and accurate alignment.
alignment
Omics analyses Count/intensity Open source; strict
. RNA-sequencing, trices — differential ckaging, traini
Bioconductor ( quencing matrices — differentia packaging, training .
methylation, expression, enrichment, materials, and reproducible
proteomics), statistics  reports workflows.

Common inputs include FASTQ (raw reads), BAM/CRAM (alignments), VCF (variants), and
count/intensity matrices; outputs include annotated genomes, prioritized variants, and differential
expression or pathway signatures [32-37]. Tools such as BLAST/BLAST+ remain fundamental for
similarity search and functional inference, while local pipelines enable large-scale, automated
analyses [38].

Large-scale multiple sequence alignment is routinely handled by Clustal Omega, which
emphasizes speed and accuracy for large protein sets, whereas Bioconductor provides a broad, open
ecosystem of R packages for omics workflows, statistics, and reproducibility [39,40].

Key strengths include mature conventions for file formats and reference resources; rich
ecosystems of packages; and support for containerization/workflows for deployment on HPC or
cloud environments— critical for reproducibility and research scalability [41,42].

Limitations include sensitivity to preprocessing choices and reference biases; batch effects when
integrating results; and variable usability, including limited language/geographic support. This
creates a need for skills in command-line interfaces and workflow management [43].

Collectively, these outputs represent the first translational step, converting high-dimensional
molecular measurements into structured features suitable for downstream mechanistic modeling and
population-level interpretation.
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3.2. Molecular Modeling and Simulations

This pillar encompasses molecular visualization, docking/virtual screening, and molecular
dynamics simulations. Inputs include 3D structures, force fields, and ligand libraries; outputs include
predicted binding poses and/or scores, as well as trajectories and derived observables [44,45].

Key examples include AutoDock Vina, a widely used tool for receptor-ligand docking that
improves speed and pose accuracy over earlier AutoDock versions; PyYMOL, a user-sponsored and
globally adopted visualization system; and GROMACS, a high-performance, actively maintained
package for molecular dynamics with extensive user documentation [46].

Strengths include diverse structure-based design workflows that integrate visualization,
docking, and molecular dynamics; and acceleration via GPU support and parallelization, which
makes demanding simulations more accessible to a broader community, especially when paired with
abundant training materials [47].

Limitations include biases in scoring functions, sensitivity to protonation states and other
preparation steps, and the computational cost of exhaustive sampling, which remains only partially
mitigated by advanced sampling schemes [48]. Table 2 outlines key molecular modeling platforms,
detailing for each tool its primary function, the types of data it processes and produces, and the main
features that support its widespread use.

Table 2. Representative tools for molecular modeling and their roles.

Tool Main role = Typical inputs — outputs Key features
Dockin Protein and ligand
AutoDock . 8/ gand Multithreaded; substantial speed-up
. virtual structures — binding . L
Vina . with competitive pose accuracy.
screening poses and scores
_ . Widely used in academia and
Molecular Structures/trajectories — . . o
PyMOL o . ) industry; actively maintained
visualization annotated figures/videos .
documentation and regular releases.
Topologies, coordinates, .
Molecul High f ce; up-to-dat
GROMACS 0@ force fields — trajectories, 0 Por ormance; up-to-date
dynamics releases and extensive user manuals.

observables

These tools translate molecular-scale hypotheses into ranked and testable candidates, providing
a mechanistic bridge between omics-derived targets and experimental or clinical validation.

3.3. Epidemiology and Public Health Analytics

Software in this pillar supports surveillance data management, situational analysis,
statistical/cluster modeling, mapping, and monitoring dashboards. Processed data include case
counts, laboratory confirmations, mobility/environmental signals, and metadata. Outputs comprise
estimates, forecasts, maps, and scenario analyses to support decisions [4,49,50].

Epi Info is a prominent example: it provides public-domain tools for questionnaire design, data
entry and analysis, visualization, and mapping, with extensions such as mobile apps for vector
surveillance. QGIS is a community-driven geographic platform for spatial analysis and map
production, widely used in public health [51,52]. Projects such as Nextstrain demonstrate real-time
phylogenetics and visualization for pathogens [53].

Strengths include rapid situational awareness through integrated data capture, analytics, and
geographic visualization, as well as the availability of public-domain and open-source platforms that
lower barriers for health professionals [54].

Weaknesses include limitations related to data quality/latency; interoperability issues with
laboratory information systems and electronic health records; and wide variation in statistical
capacity across institutions [55].

Overall, the reviewed software supports reproducible pipelines from raw biological signals to
actionable outputs: bioinformatics pipelines that convert sequences/omics into features and
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hypotheses; modeling environments that translate structural hypotheses into ranked ligand poses
and evidence of dynamic stability; and epidemiological platforms that transform case and contextual
data into forecasts and spatially explicit guidance [10,56,57]. Table 3 summarizes representative
software platforms used in epidemiology and public health, detailing their main roles, typical data
flows from input to output, and key distinguishing features.

Table 3. Representative tools for epidemiology/public health and their roles.

Typical inputs —

Tool Main role Key features
outputs
Capture and Case/questionnaire data Public domain; widely used for
Epi Info analysis of — statistics, graphs, investigating current
surveillance data ~ maps epidemiological situations.
Epi Info . Field observations — . L
Mobile vector Android application for vector
(Vector . datasets ready for . .
surveillance . surveillance and analysis.
App) analysis
. . Spatial layers — Free and open source; extensive
Spatial analysis . )
QGIS analytical maps, plugin ecosystem and

and cartography

geoprocessing comprehensive documentation.

In practice, results from one pillar “lock into” the others—for example, an annotated pathogen
genome produced by bioinformatics tools can initiate docking campaigns against key proteins, while
public health software quantifies the expected population-level impact and targeting of interventions
[58,59]. To make this linkage more explicit, Table 4 summarises the typical software outputs in each
domain and illustrates the kinds of downstream research and public health decisions they inform.

Here, software completes the translational pathway by contextualizing biological and clinical
signals into population-level risk estimates and decision-support outputs.

Table 4. Software outputs across domains and examples of downstream research and public health decisions

enabled.
Domain Main outputs/products Examples of downstream decisions
enabled
Prioritisation of candidate targets and
biomarkers for functional studies or
Annotated genomes and gene sets; clinical trials;
differential expression and other cohort stratification and patient
Bioinformatics multi-omics signatures; subtyping;
variant/biomarker panels with design of diagnostic panels and
pathway and network annotations. ~ validation experiments;
selection of follow-up omics or
imaging assays.
Triage and optimisation of lead
compounds or protein variants;
Ranked docking poses and scores; formulation of mechanistic
molecular-dynamics—derived hypotheses about binding and
Molecular stability and flexibility profiles; allostery;
modeling interaction energy decompositions;  selection of candidates for synthesis,

high-quality 3D structure
visualisations.

biophysical testing, and in vivo
studies;

generation of publication- and
submission-ready structural figures.
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Allocation of clinical, laboratory, and

Time-series estimates of incidence public health resources;
and reproduction numbers; timing and geographic targeting of
short- and medium-term forecasts interventions (e.g., vaccination,
Epidemiology & under alternative scenarios; screening, NPIs);
public health spatial risk maps at different setting trigger thresholds for
administrative levels; escalation or de-escalation of
quantitative evaluations of past or measures;
ongoing interventions. design and optimisation of

surveillance and monitoring systems.

The broad adoption of domain standards, common file formats, and evidence-based workflow
solutions enables integration of software components across the full chain from research to
translation.

4. Discussion

This review highlights how software has become an indispensable substrate of modern
biomedical science, enabling large-scale studies, structure-informed design, and timely situational
awareness in epidemiology. Across all pillars, standardized file formats, widely adopted toolchains,
and growing workflow support enhance interoperability and reproducibility. At the same time,
persistent challenges—data heterogeneity, uneven usability, variable validation practices, and
sensitive data governance—continue to shape what is practically achievable in research and
translation.

4.1. Reproducibility and Alignment with Good Data/Software Management Principles

Workflow  engines (e.g. CWL/WDL/Nextflow/Snakemake) and  containerization
(Docker/Singularity) now underpin many production pipelines. These practices reduce the classic
“works on my machine” failure mode and render analyses auditable [42]. However, reproducibility
still depends on complete reporting: exact versions, reference databases, parameters, and traceability
of intermediate files [60]. Common gaps include incomplete documentation of preprocessing steps
(e.g. read trimming, normalization, batch effect correction) and of environment details that
substantially affect results. Community templates and checklists can raise the baseline without
stifling innovation [61,62].

4.2. Validation and Benchmarking

Performance claims are most useful when linked to transparent datasets, well-justified metrics,
and baselines reflecting current practice [63]. In bioinformatics, reference biases, class imbalance, and
data leakage can inflate reported accuracy [59]. In docking and molecular dynamics, scoring
functions may favor certain chemotypes, and insufficient conformational sampling limits
generalizability [47]. In epidemiology, forecast quality must be interpreted alongside data latency
and revision effects [64]. Validation across multiple datasets, blinded or hold-out evaluation, and
replication by independent groups are practical safeguards [65].

Across domains, insufficiently transparent benchmarking remains a key translational
bottleneck. Performance metrics reported without access to datasets, preprocessing pipelines, or
baseline comparisons limit reproducibility and impede independent verification. From a
translational perspective, validation quality is often more decisive than marginal algorithmic
improvements, particularly when outputs inform experimental prioritization or public health action.
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4.3. Artificial Intelligence and Machine Learning

Machine learning is increasingly central—from variant effect prediction and multi-omics
integration, to structure prediction and epidemic “nowcasting” [7]. The advantages are clear:
enhanced sensitivity/specificity and automation of labor-intensive steps [66]. The risks are equally
concrete: opaque decision boundaries, domain shifts, and propagation of biases from historical data.
Priority directions include interpretable features or post-hoc explanations suitable for scientific and
clinical scrutiny; quantitative uncertainty estimation (calibrated probabilities, interval forecasts); and
rigorous external validation across laboratories, instruments, and populations [3,67].

A recurring theme across all three pillars is that limitations in reproducibility, usability, and
validation —not algorithmic capability —now represent the dominant barriers to translation. In many
contexts, simpler and well-validated tools outperform more complex models when deployed under
real-world constraints. Consequently, investment in benchmarking, documentation, and user-
centered design is likely to yield greater translational impact than incremental gains in model
accuracy alone.

4.4 Usability, Training, and Human Capacity

Powerful tools will not be used to their full potential if interfaces are opaque or documentation
is sparse. Teams with mixed skills—bench scientists, analysts, software engineers—benefit from
graphical user interfaces for routine tasks, and from command-line interfaces and APIs for advanced
use [68]. Interactive notebooks improve transparency but must be combined with environment
capture to remain reproducible [60]. Investment in training (short courses, tutorials, example
datasets) often yields disproportionate returns, especially for health services and small laboratories
[69].

4.5. Integration Across Pillars

Interoperability is no longer “nice to have” but essential: bioinformatics outputs (e.g. pathogen
genomes, differential expression signatures) routinely feed molecular modeling campaigns, while
public health platforms contextualize candidate interventions through risk maps and forecasts
[24,57,58]. Practical friction points include harmonization of identifiers (genes, proteins, compounds),
alignment of coordinate systems and force fields, and linking tabular analyses with spatial layers [70].
“Data contracts” —explicit expectations about schema, units, and metadata—help teams move faster
with fewer surprises throughout the lifecycle [60].

4.6. Data Governance, Privacy, and Security

Biomedical and surveillance data are inherently sensitive. Encryption at rest and in transit, role-
based access control, auditable logs, and data minimization are baseline requirements [71]. When
using cloud resources, organizations must plan for jurisdictional constraints and vendor lock-in by
adopting portable workflows and clear exit strategies [72].

4.7. Limitations

As a review spanning diverse sub-disciplines, this article prioritizes widely used, well
documented tools and workflows rather than exhaustively cataloguing every niche package.
Heterogeneous evaluation practices across domains complicate direct “metric-to-metric”
comparisons; where possible, the emphasis is on patterns and decision criteria rather than absolute
performance values.

5. Conclusions

Software now constitutes core translational infrastructure in biomedicine, enabling the
conversion of heterogeneous measurements into decisions at molecular, clinical, and population
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scales. This review demonstrates that, despite differences in data types and algorithms,
bioinformatics, molecular modeling, and epidemiological software share common dependencies on
standards, reproducibility practices, and transparent validation.

Near-term gains are most likely to come from disciplined engineering and stewardship:
transparent benchmarking, clear “data contracts” and traceability, user-centered interfaces built atop
robust command-line/API foundations, and secure, portable deployments. Machine learning
enhances sensitivity, specificity, and speed, and is poised to remain a key enabler across multiple
domains.

Future progress depends on integrated, multimodal pipelines (omics, imaging, electronic health
records), standardized evaluation with open datasets, sustained investment in training and equitable
access to compute, durable open-source ecosystems, and strong safeguards for security, privacy, and
ethical data use. Under these conditions, software will continue to shorten the distance between
measurement and decision, offering the clearest and most compelling value proposition for
biomedical science and public health.
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Abbreviations

The following abbreviations are used in this manuscript:

3D three-dimensional

API application programming interface

BAM Binary Alignment/Map (alignment file format)

BLAST Basic Local Alignment Search Tool

CRAM Compressed Reference-oriented Alignment Map

CWL Common Workflow Language

Epi Info epidemiological information software package for public health surveillance
FASTQ text format for nucleotide sequences with quality scores

GPU graphics processing unit

GROMACS GROningen MAchine for Chemical Simulations (molecular dynamics package)
HPC high-performance computing

mzML mass spectrometry markup language

NCBI National Center for Biotechnology Information

NMR nuclear magnetic resonance

NPI non-pharmaceutical intervention

PubMED public interface to the MEDLINE biomedical literature database

QGIS Quantum Geographic Information System (open-source GIS platform)
RNA ribonucleic acid

VCF Variant Call Format

WDL Workflow Description Language
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