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Abstract 

Background/Objectives: Software is now core infrastructure in biomedical science, yet 

fragmented workflows across subfields hinder reproducibility and delay the translation 

of data into actionable decisions. There is a critical need for a cross-disciplinary synthesis 

to bridge these silos and establish a unified framework for software maturity. This narra-

tive review addresses this gap by synthesizing representative software ecosystems across 

three major pillars: bioinformatics, molecular modeling/simulations, and epidemiol-

ogy/public health. Methods: A narrative review of articles indexed in PubMed/NCBI, Web 

of Science, and Scopus between 2000 and 2025 was conducted. Domain-specific terms re-

lated to bioinformatics, molecular modeling, docking, molecular dynamics, epidemiol-

ogy, public health, and workflow management were combined with software- and algo-

rithm-focused keywords. Studies describing, validating, or applying documented tools 

with biomedical relevance were included. Results: Across domains, mature data stand-

ards and reference resources (e.g., FASTQ, BAM/CRAM, VCF, mzML), widely adopted 

platforms (e.g., BLAST+ (v2.16.0, NCBI, Bethesda, USA), Bioconductor (v3.20, Bioconduc-

tor Foundation, Seattle, USA), AutoDock Vina (v1.2.5, Scripps Research, La Jolla, USA), 

GROMACS (v2024.3, GROMACS Team, Stockholm, Sweden), Epi Info (v7.2.6, CDC, At-

lanta, USA), QGIS (v3.40, QGIS.org, Gossau, Switzerland), and increasing use of workflow 

engines were identified. Software pipelines routinely transform molecular and surveil-

lance data into interpretable features supporting hypothesis generation. Conclusions: In-

tegrated, 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. 
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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 com-

plexity 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 deci-

sion-making [4–6]. Today, fundamental questions in biology and medicine—how genes 
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and proteins function, how molecules interact, how diseases spread, and how interven-

tions should be implemented—are routinely addressed using diverse programs that com-

bine statistics, machine learning, and data storage and analysis [7–9]. 

Three classes of software have been particularly important historically. First, bioin-

formatics 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 standard-

ized formats (e.g., FASTQ, BAM/CRAM, VCF for genomics; mzML for proteomics), refer-

ence databases, and algorithmic building blocks such as sequence alignment, multiple se-

quence 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 connect structure with func-

tion. 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 sup-

port 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 reproduc-

tion 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 dur-

ing recent years of pandemics and uncertainty in disease spread [22,23]. 

The convergence of these domains is transforming translational pipelines. For exam-

ple, a pathogen genome assembled and annotated using bioinformatics tools can imme-

diately inform molecular modeling software about potential inhibitor candidates, while 

epidemiological platforms assess where, how, and in whom these interventions would 

have the greatest impact [24]. Likewise, integrating multi-omics (genomics, transcriptom-

ics, 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 land-

scape. 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—vary-

ing datasets, metrics, and preprocessing steps can create an impression of progress with-

out a 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 stew-

ardship, raising concerns about long-term maintenance and the responsible use and shar-

ing of sensitive information [30,31]. 

Accordingly, this review maps representative software ecosystems across bioinfor-

matics, 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—such as machine learning for structure prediction and 
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graph-based methods for multimodal integration—that substantially extend current ca-

pabilities. With an emphasis on reproducibility and usability, the article summarizes do-

mains, tasks, licensing, computational requirements, and validation in order to align tools 

with specific scientific or public health objectives. 

While numerous existing reviews provide deep technical evaluations of specific do-

mains—such as dedicated surveys of genomic variant callers, protein docking algorithms, 

or epidemiological forecasting models—they often remain focused within their respective 

silos. This review differs by shifting the focus from individual tool performance to the 

cross-domain integration required for translational medicine. Unlike domain-specific re-

views, this work applies a uniform evaluative framework to three historically distinct pil-

lars, highlighting how software components must ‘lock into’ one another to bridge the 

gap between raw data generation and actionable public health or clinical decisions. This 

holistic approach allows for the identification of systemic bottlenecks, such as metadata 

handoff failures, that are often overlooked in reviews restricted to a single discipline. 

This review makes three primary contributions to the literature. First, it establishes a 

unified “translational readiness” framework that allows for the comparative evaluation 

of software ecosystems across distinct biomedical pillars—bioinformatics, molecular 

modeling, and epidemiology—which are typically treated in isolation. Second, it identi-

fies specific technical and structural bottlenecks, such as the “usability-performance” 

trade-off and metadata standardization gaps, that currently hinder the flow of data from 

raw measurement to clinical or public health action. Finally, it provides a curated 

roadmap of mature and emerging tools, serving as a practical guide for researchers and 

practitioners to select software that aligns with both scientific rigor and real-world de-

ployment requirements. By bridging these domains, the article offers a holistic perspective 

on the computational infrastructure necessary for modern translational medicine. 

2. Materials and Methods 

2.1. Study Design 

This narrative review synthesizes information on software applications used in three 

foundational pillars of the biomedical sciences: bioinformatics, molecular modeling and 

simulations, and epidemiological/public health analytics. This approach was chosen to 

address the significant methodological heterogeneity in the current literature, which in-

cludes diverse formats such as algorithm development papers, performance benchmarks, 

and clinical case studies. A narrative design is particularly suited to this scope, as the in-

cluded software spans conflicting methodological paradigms—ranging from stochastic 

simulation frameworks to deterministic statistical modeling—that do not allow for the 

uniform outcome measures required for a systematic meta-analysis. 

Central to this study is the evaluation of “translational readiness,” which is defined 

as the capacity of a software system to reliably transform primary biological or clinical 

measurements into interpretable outputs that directly inform downstream research, clin-

ical, or public health decisions. To operationalize this concept, the review utilizes a shared 

cross-domain framework that assesses tools based on their maturity along the path from 

data generation to action. This framework evaluates translational readiness across five 

core dimensions: 

• Reproducibility: The extent to which a tool supports auditable and consistent results 

through the use of workflow engines and environment encapsulation via container-

ization. 

• Validation: The availability of evidence from independent benchmarks, blinded eval-

uations, or replication studies that confirm the tool’s performance using representa-

tive datasets. 
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• Interoperability: The degree to which software adheres to established data standards 

and provides application programming interfaces (APIs) to facilitate integration into 

multimodal pipelines. 

• Usability and Human Capacity: The presence of high-quality documentation, user-

friendly interfaces (GUIs), and training resources that lower the barrier for adoption 

in non-computational settings, such as clinical labs or local health departments. 

• Decision Relevance: The proven ability of the software’s output to support specific 

decision-making tasks, such as lead optimization in drug discovery, cohort stratifica-

tion in medicine, or intervention targeting in public health. 

By applying these criteria uniformly across the three pillars, the objective is not to 

quantify effect sizes, but to identify where software ecosystems successfully facilitate 

translation and where friction—such as poor documentation or opaque validation—re-

mains a bottleneck to real-world impact. 

2.2. Information Sources and Search Strategy 

The search covered the period 2000–2025. The primary databases were Pub-

Med/NCBI, Web of Science, and Scopus. To ensure a systematic and inclusive retrieval of 

relevant studies, a complex Boolean search string was developed. This string combined 

domain-specific terminology with keywords focused on software architecture, implemen-

tation, and evaluative frameworks. The primary search string employed was as follows: 

 

(bioinformatics OR “molecular modeling” OR “molecular dynamics” OR “docking” 

OR “epidemiology” OR “public health”) AND (software OR algorithm OR workflow) 

AND (reproducibility OR validation OR benchmarking OR “translational readiness”). 

 

In addition to the database queries, the reference lists of included articles were 

screened manually using a “snowballing” technique to identify significant tools or foun-

dational methodological papers that might have been omitted by the electronic search. 

This process ensured that both established gold-standard software and emerging plat-

forms were captured within the analysis. 

2.3. Inclusion and Exclusion 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. 

Conversely, specific exclusion criteria were applied to maintain the technical quality 

and focus of the review. Studies were excluded if they: 

- presented purely conceptual frameworks without an accompanying software imple-

mentation or accessible codebase; 

- focused on tools that lacked minimal documentation or public repositories, render-

ing them non-reproducible for the community; 

- described applications without clear significance or measurable utility for the bio-

medical and public health sciences. 

2.4. Study Selection 

The initial database search yielded 412 records (PubMed: 156; Web of Science: 134; 

Scopus: 122). After removing 88 duplicates, 324 unique titles and abstracts were screened 

for domain relevance. During this primary screen, 196 records were excluded because 

they did not involve software implementation or were outside the biomedical scope. Of 
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the remaining 128 records assessed for full-text eligibility, 56 were excluded based on the 

established criteria: 22 lacked sufficient methodological detail or documentation, 18 fo-

cused on obsolete software versions, and 16 were conceptual frameworks without an ac-

cessible codebase. This rigorous selection process resulted in a final corpus of 78 primary 

sources and software systems synthesized in this review. Selection prioritized tools with 

sustained adoption and documented validation to ensure the ‘translational readiness’ ru-

bric was applied to the most impactful platforms in the field. 

2.5. Data Extraction 

For each tool, the following were extracted: domain and main tasks; typical in-

puts/outputs and supported data standards; core algorithms/approaches; validation evi-

dence; usability characteristics; interoperability; computational profile; licensing and sus-

tainability; and known limitations. Validation evidence was assessed with attention to 

benchmark design, dataset representativeness, evaluation metrics, and independent rep-

lication, recognizing that reported performance is context-dependent. 

The quality of the included studies was assessed using a modified version of the 

SANRA (Scale for the Assessment of Narrative Review Articles) framework to ensure sci-

entific rigor. Each study was evaluated based on six criteria: 

(1) justification of the article’s importance; 

(2) statement of concrete aims; 

(3) description of the search strategy; 

(4) referencing of appropriate evidence; 

(5) scientific reasoning; 

(6) clear presentation of data/software performance. 

For technical validation studies, additional weight was given to the transparency of 

benchmarking protocols and the availability of open-source code. Only studies that met 

at least 80% of these quality indicators were included in the final synthesis to ensure that 

the ‘translational readiness’ rubric was applied to a robust and reliable corpus of evidence. 

2.6. Synthesis Methods 

To ensure a structured and transparent synthesis, extracted data were cross-refer-

enced using a formal three-stage thematic synthesis approach. This methodology was cho-

sen to move beyond a simple descriptive catalog and instead provide a critical evaluation 

of software maturity: 

1. Technical Coding and Performance Extraction: The initial stage involved line-by-line 

coding of the technical capabilities and validation results for each of the 78 included 

sources. Quantitative performance metrics (e.g., docking scores, alignment accuracy, 

or forecast error rates) were extracted and contextualized alongside the specific da-

tasets and evaluation protocols used in the original studies. 

2. Development of Descriptive Themes: Coded data were then grouped into descriptive 

themes organized around the five core dimensions of the “translational readiness” 

framework: reproducibility, validation, interoperability, usability, and decision rele-

vance. This allowed for a cross-domain comparison, identifying whether specific 

strengths—such as mature data standards—were consistent across bioinformatics, 

modeling, and epidemiology. 

3. Generation of Analytical Themes: In the final stage, these descriptive themes were 

synthesized into overarching analytical findings that link software technicalities to 

real-world impact. This involved mapping how specific software outputs (e.g., vari-

ant panels or risk maps) directly enable downstream clinical and public health deci-

sions. 
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To minimize selection and reporting bias, the synthesis purposefully incorporated a 

“critical appraisal” component. This involved documenting not only successful applica-

tions but also “failure modes,” such as scoring-function biases in molecular modeling or 

data-latency issues in epidemiological forecasting. By balancing positive validation re-

sults with these known limitations, the review provides a nuanced roadmap for practi-

tioners to select tools that are fit for purpose. 

3. Results 

The final synthesis included a corpus of 78 primary sources and software systems 

identified through the search strategy. A quantitative breakdown of the selected literature 

reveals that 38% of the sources pertain to bioinformatics workflows, 33% to molecular 

modeling and simulation platforms, and 29% to epidemiological and public health ana-

lytics. Temporally, the corpus shows a significant concentration of recent literature, with 

approximately 85% of the referenced tools and validation studies published between 2010 

and 2025, reflecting the rapid acceleration of software-driven research in the last decade. 

The remaining 15% consists of foundational software and established data standards de-

veloped prior to 2010 that remain central to modern translational pipelines. 

3.1. Bioinformatics 

In the reviewed sources, bioinformatics software supports sequence search/align-

ment, 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, pipelines, and use cases. 

Tool Version Main Role Typical Inputs → Outputs Key Features 

BLAST/BLAS

T+ 

v2.16.0, NCBI, Be-

thesda, USA 

Local similarity 

search, support for 

annotation 

Sequence(s) → ranked 

alignments, statistics 

Web interface and command 

line; supports local databases; 

integrates into automated pipe-

lines. 

Clustal 

Omega 

v1.2.4, University 

College Dublin, Dub-

lin, Ireland 

Multiple sequence 

alignment at scale 

Unaligned sequences → 

multiple sequence align-

ment 

Designed for large datasets; fast 

and accurate alignment. 

Bioconductor 

v3.20, Bioconductor 

Foundation, Seattle, 

USA 

Omics analyses 

(RNA-sequencing, 

methylation, prote-

omics), statistics 

Count/intensity matrices → 

differential expression, en-

richment, reports 

Open source; strict packaging, 

training materials, and repro-

ducible workflows. 

Common inputs include FASTQ (raw reads), BAM/CRAM (alignments), VCF (vari-

ants), and count/intensity matrices; outputs include annotated genomes, prioritized vari-

ants, 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 

(version 1.2.4, Conway Institute, Dublin, Ireland), which emphasizes speed and accuracy 

for large protein sets, whereas Bioconductor provides a broad, open ecosystem of R pack-

ages 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]. 
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Limitations include sensitivity to preprocessing choices and reference biases; batch 

effects when integrating results; and variable usability, including limited language/geo-

graphic 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-di-

mensional molecular measurements into structured features suitable for downstream 

mechanistic modeling and population-level interpretation. 

3.2. Molecular Modeling and Simulations 

This pillar encompasses molecular visualization, docking/virtual screening, and mo-

lecular dynamics simulations. Inputs include 3D structures, force fields, and ligand librar-

ies; outputs include predicted binding poses and/or scores, as well as trajectories and de-

rived observables [44,45]. 

Key examples include AutoDock Vina, a widely used tool for receptor–ligand dock-

ing that improves speed and pose accuracy over earlier AutoDock versions; PyMOL (ver-

sion 3.1., Schrödinger, Inc., New York, USA) a user-sponsored and globally adopted vis-

ualization system; and GROMACS, a high-performance, actively maintained package for 

molecular dynamics with extensive user documentation [46]. 

Recent years have seen a paradigm shift in the availability of high-quality structural 

models due to the emergence of deep-learning-based protein structure prediction tools 

[8,39]. Most notably, AlphaFold (and its successor AlphaFold2) and RoseTTAFold have 

demonstrated the ability to predict protein architectures with near-experimental accuracy 

[47]. These tools are highly cited and widely used to generate ‘starting structures’ for pro-

teins that lack experimental coordinates in the Protein Data Bank (PDB) [48,49]. In trans-

lational workflows, these predicted models serve as foundational substrates for subse-

quent docking campaigns and molecular dynamics simulations, significantly expanding 

the range of druggable targets available for virtual screening [50]. However, while these 

platforms provide remarkable backbone accuracy, users must still account for the local 

uncertainty of side-chain orientations and the conformational flexibility required for lig-

and binding, which remains a key area for integrated simulation-based refinement 

[48,49,51]. 

Strengths include diverse structure-based design workflows that integrate visualiza-

tion, docking, and molecular dynamics; and acceleration via GPU support and parallel-

ization, which makes demanding simulations more accessible to a broader community, 

especially when paired with abundant training materials [52]. 

Limitations include biases in scoring functions, sensitivity to protonation states and 

other preparation steps, and the computational cost of exhaustive sampling, which re-

mains only partially mitigated by advanced sampling schemes [53]. 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. 
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Table 2. Representative tools for molecular modeling and their roles. 

Tool Version Main Role Typical Inputs → Outputs Key Features 

AlphaFold 

 

RoseTTAFold 

v2.3.2, Deep-

Mind/Google, 

London, UK 

 

v1.1.0, Univer-

sity of Wash-

ington, Seattle, 

USA 

Protein struc-

ture prediction 

Amino acid sequence → 3D 

coordinates 

Deep-learning-based; provides near-ex-

perimental accuracy; foundational for 

targets lacking experimental PDB struc-

tures. 

AutoDock 

Vina 

v1.2.5, The 

Scripps Re-

search Institute, 

La Jolla, USA 

Docking/vir-

tual screening 

Protein and ligand structures 

→ binding poses and scores 

Multithreaded; substantial speed-up 

with competitive pose accuracy. 

PyMOL 

v3.1, Schrö-

dinger, Inc., 

New York City, 

USA 

Molecular visu-

alization 

Structures/trajectories → an-

notated figures/videos 

Widely used in academia and industry; 

actively maintained documentation and 

regular releases. 

GROMACS 

v2024.3, 

GROMACS De-

velopment 

Team, Stock-

holm, Sweden 

Molecular dy-

namics 

Topologies, coordinates, force 

fields → trajectories, observa-

bles 

High performance; up-to-date releases 

and extensive user manuals. 

These tools translate molecular-scale hypotheses into ranked and testable candidates, 

providing a mechanistic bridge between omics-derived targets and experimental or clini-

cal 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 in-

clude case counts, laboratory confirmations, mobility/environmental signals, and 

metadata. Outputs comprise estimates, forecasts, maps, and scenario analyses to support 

decisions [4,54,55]. 

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 mo-

bile apps for vector surveillance. QGIS is a community-driven geographic platform for 

spatial analysis and map production, widely used in public health [56,57]. Projects such 

as Nextstrain demonstrate real-time phylogenetics and visualization for pathogens [58]. 

Strengths include rapid situational awareness through integrated data capture, ana-

lytics, and geographic visualization, as well as the availability of public-domain and open-

source platforms that lower barriers for health professionals [59]. 

Weaknesses include limitations related to data quality/latency; interoperability is-

sues with laboratory information systems and electronic health records; and wide varia-

tion in statistical capacity across institutions [60]. 

Overall, the reviewed software supports reproducible pipelines from raw biological 

signals to actionable outputs: bioinformatics pipelines that convert sequences/omics into 

features and 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 

[10,61,62]. Table 3 summarizes representative software platforms used in epidemiology 
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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. 

Tool Main Role Typical Inputs → Outputs Key Features 

Epi Info 
Capture and analysis of 

surveillance data 

Case/questionnaire data → sta-

tistics, graphs, maps 

Public domain; widely used for investigating 

current epidemiological situations. 

Epi Info (Vector 

App) 

Mobile vector surveil-

lance 

Field observations → datasets 

ready for analysis 

Android application for vector surveillance 

and analysis. 

QGIS 
Spatial analysis and car-

tography 

Spatial layers → analytical 

maps, geoprocessing 

Free and open source; extensive plugin eco-

system and 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 [63,64]. To make this linkage more explicit, 

Table 4 summarizes 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 

Bioinformatics 

Annotated genomes and gene sets; 

differential expression and other multi-omics 

signatures; 

variant/biomarker panels with pathway and 

network annotations. 

Prioritization of candidate targets and bi-

omarkers for functional studies or clinical tri-

als; 

cohort stratification and patient subtyping; 

design of diagnostic panels and validation ex-

periments; 

selection of follow-up omics or imaging assays. 

Molecular modeling 

Ranked docking poses and scores; 

molecular-dynamics–derived stability and 

flexibility profiles; 

interaction energy decompositions; 

high-quality 3D structure visualizations. 

Triage and optimization of lead compounds or 

protein variants; 

formulation of mechanistic hypotheses about 

binding and allostery; 

selection of candidates for synthesis, biophysi-

cal testing, and in vivo studies; 

generation of publication- and submission-

ready structural figures. 

Epidemiology and pub-

lic health 

Time-series estimates of incidence and repro-

duction numbers; 

short- and medium-term forecasts under al-

ternative scenarios; 

spatial risk maps at different administrative 

levels; 

quantitative evaluations of past or ongoing in-

terventions. 

Allocation of clinical, laboratory, and public 

health resources; 

timing and geographic targeting of interven-

tions (e.g., vaccination, screening, NPIs); 

setting trigger thresholds for escalation or de-

escalation of measures; 

design and optimization 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 
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research to translation. To systematically apply the “translational readiness” rubric de-

scribed in the methodology, Table 5 provides a cross-domain comparison of representa-

tive software systems. This mapping illustrates how core dimensions—reproducibility, 

validation, interoperability, usability, and decision relevance—manifest across the three 

pillars, offering a structural overview of software maturity in the current landscape. 

Table 5. Systematic mapping of representative tools across the translational readiness framework. 

Domain Example Tool Reproducibility Validation Interoperability Usability 
Decision Rele-

vance 

Bioinformatics Bioconductor 
High (R-based 

packaging) 

Extensive (Peer 

benchmarks) 

High (Standard 

omics formats) 

Moderate (Re-

quires R 

knowledge) 

High (Bi-

omarker dis-

covery) 

Molecular Model-

ing 
GROMACS 

High (Standard to-

pologies) 

High (Force 

field verifica-

tion) 

Moderate 

(PDB/GRO for-

mats) 

Moderate 

(CLI-based) 

High (Lead op-

timization) 

Epidemiology QGIS 
Moderate (Project 

files) 

High (Geospa-

tial standards) 

High (GIS/Spatial 

APIs) 

High (GUI-

based) 

High (Risk 

mapping) 

4. Discussion 

This review highlights how software has become an indispensable substrate of mod-

ern 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 us-

ability, 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 (v1.2, CWL Consortium, International, Global) /WDL 

(v1.1, OpenWDL/Broad Institute, Cambridge, USA) /Nextflow (v24.10, Seqera Labs, Bar-

celona, Spain) / Snakemake(v8.25, Johannes Köster, Essen, Germany) 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]. How-

ever, reproducibility still depends on complete reporting: exact versions, reference data-

bases, parameters, and traceability of intermediate files [65]. Common gaps include in-

complete 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 [66,67]. 

4.2. Validation and Benchmarking 

Performance claims are most useful when linked to transparent datasets, well-justi-

fied metrics, and baselines reflecting current practice [68]. In bioinformatics, reference bi-

ases, class imbalance, and data leakage can inflate reported accuracy [64]. In docking and 

molecular dynamics, scoring functions may favor certain chemotypes, and insufficient 

conformational sampling limits generalizability [52]. In epidemiology, forecast quality 

must be interpreted alongside data latency and revision effects [69]. Validation across 

multiple datasets, blinded or hold-out evaluation, and replication by independent groups 

are practical safeguards [70]. 
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Across domains, insufficiently transparent benchmarking remains a key translational 

bottleneck. Performance metrics reported without access to datasets, preprocessing pipe-

lines, 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. 

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 [71]. 

The risks are equally concrete: opaque decision boundaries, domain shifts, and propaga-

tion of biases from historical data. Priority directions include interpretable features or post 

hoc explanations suitable for scientific and clinical scrutiny; quantitative uncertainty esti-

mation (calibrated probabilities, interval forecasts); and rigorous external validation 

across laboratories, instruments, and populations [3,72]. 

A recurring theme across all three pillars is that limitations in reproducibility, usabil-

ity, 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 bench-

marking, 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 doc-

umentation is sparse. Teams with mixed skills—bench scientists, analysts, software engi-

neers—benefit from graphical user interfaces for routine tasks, and from command-line 

interfaces and APIs for advanced use [73]. Interactive notebooks improve transparency 

but must be combined with environment capture to remain reproducible [65]. Investment 

in training (short courses, tutorials, example datasets) often yields disproportionate re-

turns, especially for health services and small laboratories [74]. 

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 [24,62,63]. Practical friction points include harmonization of iden-

tifiers (genes, proteins, compounds), alignment of coordinate systems and force fields, and 

linking tabular analyses with spatial layers [75]. “Data contracts”—explicit expectations 

about schema, units, and metadata—help teams move faster with fewer surprises 

throughout the lifecycle [65]. 

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 re-

quirements [76]. When using cloud resources, organizations must plan for jurisdictional 

constraints and vendor lock-in by adopting portable workflows and clear exit strategies 

[77]. 
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4.7. Limitations 

As a review spanning diverse sub-disciplines, this article prioritizes widely used, 

well-documented tools and workflows rather than exhaustively cataloging 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. 

4.8. Critical Appraisal of Research Gaps 

While software has moved from a supporting role to a central driver of discovery, 

several structural gaps prevent these tools from reaching their full translational potential. 

A primary standardization gap exists: although file formats such as FASTQ, BAM, and 

VCF are widely adopted, there is a lack of explicit “data contracts” or metadata schemas 

that govern seamless handoffs across different pillars [14,33,35]. For example, bioinfor-

matics outputs often require manual curation before they can be ingested by molecular 

modeling software, leading to potential data loss or interpretation errors [11]. 

Furthermore, a significant benchmarking gap remains a dominant translational bot-

tleneck. Performance metrics are frequently reported without access to the original pre-

processing pipelines, reference databases, or exact parameter sets used, which complicates 

independent verification and limits reproducibility [12,62,65]. In epidemiology, forecast 

quality is often undermined by data latency and the lack of standardized reporting met-

rics across geographic regions [69]. 

4.9. The Usability-Performance Trade-Off 

A recurring theme across the reviewed domains is the persistent usability gap [70]. 

Many high-performance tools rely on command-line interfaces (CLIs) that require signif-

icant computational expertise, creating a barrier for smaller laboratories or local health 

services with limited staff [28,38]. While graphical user interfaces (GUIs) and interactive 

dashboards have improved situational awareness in public health, they often lack the flex-

ibility required for advanced research tasks [22,31,78]. Investment in user-centered design 

and comprehensive training materials is, therefore, as critical as incremental algorithmic 

improvements for ensuring the deployment of these tools in real-world settings [78]. 

4.10. Future Directions: Multimodal and Explainable Systems 

Future progress in biomedical informatics depends on the development of inte-

grated, multimodal pipelines [12,62]. Rather than functioning as isolated silos, next-gen-

eration software must natively link heterogeneous data sources—such as pathogen ge-

nomes, protein-ligand binding profiles, and spatial incidence maps—to provide a unified 

view of disease dynamics [13,14,58]. 

The role of machine learning is poised to expand, but its success depends on a shift 

toward explainable, interpretable AI [11,74]. For software to be trusted in clinical and pub-

lic health decision-making, it must provide not only high accuracy but also calibrated un-

certainty estimation and post hoc explanations suitable for human review [54]. Finally, 

ensuring the sustainability of open-source ecosystems is vital; the community’s reliance 

on these tools necessitates robust governance, stable funding, and responsible data stew-

ardship to protect sensitive information while fostering innovation [30,55]. 

4.11. Domain-Specific Challenges 

Each of the three pillars investigated in this review faces unique scientific hurdles 

that complicate the path from data to decision. In bioinformatics, the primary challenge is 

the ‘n = 1’ problem in precision medicine, where the lack of large, diverse reference cohorts 
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for rare variants leads to significant uncertainty in interpretation [10,62,64]. Additionally, 

the sheer scale of multi-omics integration creates high-dimensional noise that requires 

more robust statistical regularization techniques to avoid false-positive discoveries 

[16,26,41,75]. 

In molecular modeling, the ‘force field challenge’ remains a dominant bottleneck; 

current mathematical models of atomic interactions often struggle to balance computa-

tional speed with the chemical accuracy required for predicting binding affinity in com-

plex cellular environments [9,17,45]. Furthermore, the ‘sampling problem’—the difficulty 

of simulating biological processes that occur on timescales longer than microseconds—

limits our ability to observe slow conformational changes critical for drug discovery 

[6,17,53]. 

In epidemiology and public health, the main challenge is data fragmentation and the 

‘asynchrony’ of surveillance systems [31]. Variations in reporting standards between ju-

risdictions often result in inconsistent datasets that undermine the accuracy of regional 

and global forecasts [69]. Bridging these domain-specific gaps requires not only better al-

gorithms but also increased international cooperation in data sharing and methodological 

transparency [31,69]. 

5. Conclusions 

Software now constitutes core translational infrastructure in biomedicine, enabling 

the conversion of heterogeneous measurements into decisions at molecular, clinical, and 

population 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 valida-

tion. 

Near-term gains are most likely to come from disciplined engineering and steward-

ship: transparent benchmarking, clear “data contracts” and traceability, user-centered in-

terfaces built atop robust command-line/API foundations, and secure, portable deploy-

ments. Machine learning enhances sensitivity, specificity, and speed, and is poised to re-

main a key enabler across multiple domains. 

Future progress depends on integrated, multimodal pipelines (omics, imaging, elec-

tronic 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 

SANRA Scale for the Assessment of Narrative Review Articles 

PDB Protein Data Bank 
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