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Abstract:  
Introduction — Scientific discovery is undergoing a profound 
transformation driven by the emergence of foundation models capable 
of learning generalized representations across diverse scientific 
domains. Unlike conventional artificial intelligence systems developed 
for narrowly defined tasks, foundation models provide adaptable 
computational architectures that increasingly support hypothesis 
generation, molecular design, biomedical knowledge synthesis, 
multimodal data interpretation, and scientific reasoning. These 
developments are reshaping the methodologies through which 
researchers investigate complex biological, medical, and forensic 
problems. 
Perspective — This editorial discusses how foundation models are 
redefining research practices across bioinformatics, computational drug 
discovery, digital forensics, health informatics, and artificial intelligence. 
Rather than considering these models merely as tools for automation, 
we argue that they constitute a new scientific infrastructure capable of 
accelerating discovery while simultaneously introducing challenges 
related to reproducibility, explainability, transparency, and research 
integrity. The editorial further highlights the continuing importance of 
rigorous methodology, expert peer review, and responsible AI 
governance in ensuring trustworthy scientific progress. 
Conclusion — The Foundation Model Era represents not only a 
technological transition but also a paradigm shift in scientific discovery. 
As interdisciplinary computational research continues to evolve, 
journals have an increasingly important role in promoting reproducible, 
explainable, and ethically responsible research. JBDFI aims to serve as 
an interdisciplinary platform supporting scientific innovation at the 
intersection of bioinformatics, digital forensics, artificial intelligence, 
and computational health sciences. 
 
Keywords: foundation models; scientific discovery; artificial 
intelligence; bioinformatics; digital forensics 

1. The Emergence of the Foundation Model Era 

Throughout the history of modern science, transformative discoveries have often been associated with 
paradigm shifts in scientific methodology rather than merely incremental advances in experimental 
techniques [1], [2], [3], [4], [5], [6]. The transition from empirical observation to statistical inference, 
from computational simulation to data-intensive science, and more recently from machine learning to 
foundation models illustrates how advances in computational methodologies reshape the way 
scientific knowledge is generated [2], [3], [7], [8]. Today, the rapid evolution of large-scale foundation 
models represents one of the most significant methodological transitions in contemporary research, 
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fundamentally altering how hypotheses are formulated, experiments are designed, and evidence is 
interpreted. 
 
The concept of a Foundation Model was formally introduced to describe machine learning models 
trained on extensive and diverse datasets that can be adapted to a broad spectrum of downstream 
tasks through fine-tuning or prompting [9], [10], [11], [12], [13], [14]. Unlike conventional task-specific 
artificial intelligence systems, foundation models develop generalized representations that capture 
complex patterns across multiple domains [10], [11], [14]. Their emergence has been enabled by 
advances in transformer architectures, self-supervised learning, large-scale distributed computing, and 
unprecedented growth in scientific data repositories. Recent developments—including large language 
models, protein language models, multimodal biomedical models, and generative molecular models—
demonstrate that the influence of foundation models now extends far beyond natural language 
processing into virtually every branch of computational science [2], [9], [11], [14]. 
 
The implications for scientific discovery are profound [15]. Foundation models are increasingly used 
not only to automate routine analytical tasks but also to facilitate literature synthesis [16], [17], [18], 
identify hidden biological relationships [19], [20], predict protein structures [11], [21], [22], generate 
candidate therapeutic compounds [23], [24], interpret medical images [9], and assist in scientific 
reasoning [14]. Consequently, the traditional research workflow—characterized by sequential 
processes of hypothesis formulation, data collection, statistical analysis, and interpretation—is 
gradually evolving into a collaborative paradigm in which human expertise and computational 
intelligence jointly contribute to knowledge generation [25], [26]. This transformation signals the 
emergence of what may appropriately be described as the Foundation Model Era, where artificial 
intelligence becomes an integral component of scientific inquiry rather than merely a supporting 
analytical tool. 

2. From Data-Driven Science to AI-Driven Scientific Discovery 

Over the past several decades, scientific methodology has undergone successive paradigm shifts 
driven by advances in computational technologies [3], [7], [26]. For much of the twentieth century, 
scientific inquiry was primarily characterized by the hypothesis-driven paradigm, in which theoretical 
propositions guided experimental design, data collection, and statistical validation [27], [28]. The 
exponential growth of digital data, coupled with increasing computational capacity, subsequently gave 
rise to data-driven science, where large-scale datasets became a primary source for discovering 
previously unrecognized patterns, associations, and predictive relationships [29], [30]. This transition 
fundamentally expanded the role of computation from an analytical instrument to an indispensable 
component of scientific investigation. 
 
The emergence of deep learning further accelerated this transformation. Unlike conventional machine 
learning algorithms that rely heavily on manually engineered features, deep neural networks learn 
hierarchical representations directly from raw data through end-to-end optimization [4], [31], [32]. 
These advances have substantially improved performance across numerous scientific domains, 
including medical image interpretation, genomic analysis, natural language processing, and 
biomolecular structure prediction [17], [26]. Nevertheless, most deep learning models remained highly 
specialized, requiring independent training for each downstream application and exhibiting limited 
capacity for knowledge transfer across scientific disciplines [18], [26]. 
 
A more profound transformation emerged with the introduction of foundation models—large-scale 
neural networks trained through self-supervised learning on diverse and heterogeneous datasets to 
acquire generalized knowledge representations [9], [10], [21]. Rather than solving a single predefined 
task, foundation models can be adapted efficiently to a wide variety of downstream applications 
through prompting, fine-tuning, or transfer learning [16], [20], [22]. This capability represents a 
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fundamental shift from task-specific artificial intelligence toward general-purpose computational 
intelligence, enabling models to support complex reasoning, multimodal information integration, 
scientific knowledge synthesis, and cross-domain inference. 
 
Within scientific research, this transition extends far beyond incremental improvements in 
computational performance. Foundation models are increasingly being employed to accelerate 
literature discovery, generate research hypotheses, predict protein structures, identify candidate 
therapeutic compounds, interpret multimodal biomedical data, and assist researchers in constructing 
mechanistic explanations from heterogeneous evidence. Consequently, artificial intelligence is 
evolving from a passive analytical tool into an active computational collaborator that participates 
throughout the scientific workflow—from knowledge acquisition and experimental planning to data 
interpretation and scientific communication. The concept of AI-driven scientific discovery therefore 
reflects not merely technological advancement, but a broader transformation in the epistemology of 
modern science. 
 
Importantly, this emerging paradigm should not be interpreted as replacing human scientific 
reasoning. Scientific discovery remains fundamentally dependent upon critical thinking, domain 
expertise, methodological rigor, and empirical validation [7]. Instead, foundation models function as 
knowledge amplifiers, extending researchers' ability to process vast quantities of information, identify 
non-obvious relationships, and formulate hypotheses that might otherwise remain undiscovered. 
Human expertise continues to provide the conceptual framework, ethical judgment, and experimental 
validation necessary to transform computational predictions into reliable scientific knowledge. 
 
The implications of this paradigm shift extend well beyond individual research projects. Universities, 
research institutions, funding agencies, scientific publishers, and scholarly journals are increasingly 
required to reconsider established standards for research design, reproducibility, peer review, and 
scientific communication in response to AI-assisted research practices. As foundation models become 
deeply integrated into scientific workflows, the future credibility of computational research will 
depend not only on increasingly capable AI systems, but also on sustained commitments to 
reproducibility, transparency, explainability, responsible AI governance, and rigorous independent peer 
review [33]. These principles will ultimately determine whether foundation models serve merely as 
powerful computational tools or evolve into trustworthy partners in scientific discovery. Figure 1 
explained the evolution of scientific discovery. 

 
Fig. 1. Evolution of scientific discovery from hypothesis-driven science to AI-driven scientific 

discovery in the Foundation Model Era.  
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3. Transforming Scientific Discovery Across Bioinformatics, Drug Discovery, Digital Forensics, 
and Health Informatics 

The transformative influence of foundation models extends far beyond improvements in 
computational performance. Their most significant contribution lies in redefining how scientific 
knowledge is generated across multiple disciplines [34]. Rather than functioning as isolated analytical 
tools, foundation models increasingly serve as general-purpose scientific infrastructures capable of 
integrating heterogeneous data, learning transferable representations, and supporting complex 
reasoning across diverse research domains [35]. As a result, disciplines that have traditionally evolved 
independently—including bioinformatics, computational drug discovery, digital forensics, and health 
informatics—are beginning to converge through shared AI-enabled methodologies. This convergence 
represents one of the defining characteristics of contemporary computational science and aligns 
closely with the interdisciplinary mission of the Journal of Bio-Digital and Forensic Informatics (JBDFI). 
 
3.1 Foundation Models in Bioinformatics 
Bioinformatics has emerged as one of the earliest scientific disciplines to demonstrate the 
transformative potential of foundation models [36], [37], [38]. Advances in self-supervised learning 
have enabled protein language models to learn evolutionary and structural representations directly 
from millions of protein sequences without requiring explicit structural annotations. These learned 
representations have substantially improved a wide range of downstream applications, including 
protein structure prediction, functional annotation, mutation effect estimation, protein engineering, 
and biomolecular interaction analysis. 
 
The success of AI systems capable of accurately predicting protein structures has fundamentally 
altered computational biology by reducing reliance on expensive and time-consuming experimental 
techniques for many preliminary investigations. More recently, multimodal biological foundation 
models have expanded beyond proteins to integrate genomic, transcriptomic, proteomic, 
metabolomic, and phenotypic information within unified computational frameworks [39]. Such 
integration enables researchers to investigate biological systems at unprecedented scales while 
facilitating systems-level understanding of disease mechanisms, precision medicine, and synthetic 
biology. Consequently, foundation models are increasingly becoming indispensable components of 
modern bioinformatics research rather than supplementary computational tools. 
 
3.2 Accelerating Computational Drug Discovery 
Drug discovery has historically been characterized by long development timelines, high financial costs, 
and low clinical success rates [40], [41]. Foundation models are rapidly transforming this landscape by 
enabling AI-assisted molecular representation learning, virtual screening, de novo molecular 
generation, protein–ligand interaction prediction, and multi-objective optimization of 
pharmacological properties [42]. Instead of evaluating compounds solely through sequential 
experimental screening, researchers can now prioritize promising molecular candidates using 
computational intelligence before laboratory validation. 
 
The integration of foundation models with molecular docking, molecular dynamics simulations, 
quantitative structure–activity relationship (QSAR) modeling, and ADMET prediction has created 
increasingly sophisticated computational pipelines capable of reducing both development time and 
resource requirements [43], [44], [45], [46]. Generative molecular models further extend these 
capabilities by designing novel chemical structures that satisfy predefined biological and 
physicochemical constraints. These developments suggest that computational drug discovery is 
evolving from a predictive discipline toward an increasingly generative paradigm in which artificial 
intelligence actively contributes to molecular innovation. 
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Importantly, AI-generated molecular candidates should not be interpreted as definitive therapeutic 
solutions. Experimental validation, mechanistic investigations, and clinical evaluation remain 
indispensable for translating computational predictions into safe and effective medical interventions 
[47], [48], [49], [50]. Rather than replacing laboratory science, foundation models substantially 
improve the efficiency with which promising therapeutic hypotheses are identified and prioritized. 
 
3.3 Advancing Digital Forensics in the Era of Synthetic Media 
Digital forensics is undergoing an equally profound transformation as synthetic media generated by 
foundation models become increasingly realistic, scalable, and accessible [51]. The rapid proliferation 
of AI-generated images, videos, speech, and textual content has introduced unprecedented challenges 
for digital evidence authentication, forensic investigation, and judicial processes [52]. Conventional 
forensic techniques based primarily on handcrafted features and deterministic rules often struggle to 
detect sophisticated synthetic content produced by state-of-the-art generative models [53]. 
 
Foundation models simultaneously represent both the source of this challenge and a promising 
component of its solution. Modern forensic AI systems increasingly employ large-scale multimodal 
models capable of integrating visual artifacts, metadata, contextual information, linguistic patterns, 
and behavioral signals to evaluate digital authenticity [54], [55], [56], [57], [58], [59], [60]. Such 
multimodal reasoning enables investigators to move beyond isolated artifact detection toward 
comprehensive evidence assessment that incorporates multiple sources of corroborating information. 
 
Beyond synthetic media detection, foundation models also support malware analysis, cyber threat 
intelligence, forensic timeline reconstruction, automated log interpretation, and digital evidence 
summarization [61], [62]. These capabilities demonstrate that the future of digital forensics will 
increasingly depend upon collaboration between human investigators and AI-assisted analytical 
systems. Nevertheless, explainability, evidential transparency, and legal accountability remain 
essential prerequisites before AI-assisted forensic conclusions can be confidently incorporated into 
judicial decision-making. 
 
3.4 Foundation Models for Health Informatics and Clinical Decision Support 
Healthcare represents another domain experiencing rapid transformation through foundation models. 
Large language models and multimodal clinical AI systems are increasingly capable of synthesizing 
biomedical literature, interpreting electronic health records, supporting differential diagnosis, 
summarizing clinical documentation, and facilitating medical education [63], [64]. Rather than 
replacing healthcare professionals, these systems function as cognitive assistants that reduce 
administrative burdens while expanding clinicians' access to continuously evolving medical knowledge. 
 
Recent developments further demonstrate the potential of integrating multimodal foundation models 
with medical imaging, laboratory findings, genomic profiles, physiological signals, and patient histories 
to support personalized clinical decision-making [65], [66], [67], [68]. Such capabilities are particularly 
relevant for precision medicine, where individualized therapeutic recommendations depend upon the 
integration of highly heterogeneous biomedical data. 
 
However, clinical deployment demands substantially higher standards of reliability than many other 
AI applications. Hallucinated information, demographic bias, insufficient transparency, and inadequate 
external validation remain major barriers to safe implementation, instead using generative-AI 
platforms, such as chatGPT, etc [69]. Consequently, trustworthy clinical AI requires rigorous evaluation 
through prospective validation, multidisciplinary oversight, regulatory compliance, and continuous 
post-deployment monitoring. The future success of foundation models in healthcare will therefore 
depend not only on technological sophistication but also on robust clinical governance and evidence-
based implementation. 
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3.5 Bridging Disciplinary Boundaries Through Foundation Models 
Although these domains differ substantially in their scientific objectives, they increasingly share a 
common computational foundation. Bioinformatics seeks to decode biological complexity [70], [71], 
[72], computational drug discovery aims to accelerate therapeutic innovation [1], [2], [67], digital 
forensics focuses on establishing evidential integrity [73], [74], [75], [76], and health informatics 
supports clinical decision-making [77], [78], [79], [80], [81]. Yet all four disciplines increasingly rely 
upon large-scale representation learning, multimodal data integration, self-supervised learning, and 
transferable knowledge architectures enabled by foundation models. 
 
This convergence illustrates a broader transformation in scientific inquiry: disciplinary boundaries are 
becoming increasingly permeable as common AI infrastructures enable researchers to transfer 
methodologies, representations, and analytical frameworks across previously disconnected fields. The 
future of scientific discovery is therefore unlikely to be defined by isolated technological 
breakthroughs within individual disciplines, but rather by the emergence of interdisciplinary 
computational ecosystems in which foundation models facilitate collaboration, accelerate knowledge 
integration, and generate new opportunities for scientific innovation. 

4. Scientific Integrity, Reproducibility, and Responsible AI in the Foundation Model Era 

The unprecedented capabilities of foundation models have generated considerable optimism 
regarding the future of scientific discovery. Their ability to synthesize vast scientific literature, generate 
hypotheses, analyze multimodal datasets, and assist in scientific communication has fundamentally 
altered the pace and scale of computational research. Nevertheless, the growing integration of 
artificial intelligence into scientific workflows also raises fundamental questions concerning the 
reliability, transparency, and integrity of AI-assisted research. As computational systems increasingly 
influence scientific reasoning, maintaining trust in the scientific process becomes as important as 
achieving technological advancement itself [82]. 
 
One of the most significant concerns is the tendency of foundation models to generate outputs that 
appear scientifically plausible but are factually incorrect, unsupported by evidence, or inconsistent 
with established knowledge. Commonly referred to as hallucinations, these outputs present a unique 
challenge because they are often linguistically coherent and technically convincing. In scientific 
contexts, even subtle inaccuracies in experimental design, literature interpretation, statistical 
reasoning, or citation generation may propagate misinformation and compromise research quality if 
they remain undetected. Consequently, AI-generated content should never be regarded as 
authoritative evidence but rather as preliminary computational assistance that requires rigorous 
human verification [69], [83], [84], [85]. 
 
Beyond factual accuracy, the widespread adoption of foundation models has intensified concerns 
regarding scientific reproducibility. Reproducibility has long been regarded as one of the fundamental 
principles of scientific inquiry, ensuring that independent researchers can validate published findings 
through transparent methodologies and accessible data. However, AI-assisted research introduces 
additional complexities, including continuously updated model parameters, proprietary training 
datasets, stochastic model behavior, prompt sensitivity, and limited transparency regarding internal 
reasoning processes. Without adequate documentation of prompts, model versions, computational 
environments, and validation procedures, reproducing AI-assisted scientific results becomes 
substantially more difficult than reproducing conventional computational analyses [86]. 
 
The growing complexity of foundation models also challenges traditional notions of scientific 
explainability. Many state-of-the-art models achieve remarkable predictive performance while 
operating as highly complex, high-dimensional neural systems whose internal decision-making 
processes remain only partially understood. In scientific research, prediction alone is rarely sufficient; 
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researchers seek mechanistic understanding, causal explanations, and theoretical insight. 
Consequently, explainability should not be viewed merely as a desirable feature of AI systems but as 
an essential scientific requirement that enables researchers to evaluate, interpret, and critically assess 
computational evidence before integrating it into scientific conclusions [82]. 
 
Responsible scientific use of foundation models therefore requires governance frameworks that 
extend beyond technical performance metrics. Issues such as algorithmic bias, data provenance, 
intellectual property, privacy protection, authorship transparency, and accountability increasingly 
influence both the credibility and societal acceptance of AI-assisted research. Scientific journals, 
funding agencies, universities, and professional organizations have begun establishing reporting 
standards that encourage transparent disclosure of AI-assisted methodologies while reaffirming that 
responsibility for the accuracy, originality, and integrity of scientific publications ultimately remains 
with human authors [87]. Such governance mechanisms are essential for preserving public trust as 
artificial intelligence becomes progressively embedded within scientific practice. 
 
Equally important is the evolving role of peer review in the Foundation Model Era. While AI systems 
can assist researchers in organizing information, improving language quality, identifying relevant 
literature, and even suggesting methodological refinements, they cannot replace the independent 
scientific judgment exercised through rigorous peer review. The evaluation of novelty, methodological 
validity, theoretical contribution, ethical compliance, and practical significance requires disciplinary 
expertise, contextual understanding, and critical reasoning that extend beyond statistical pattern 
recognition [88]. Independent peer review therefore remains the cornerstone of scientific quality 
assurance, ensuring that technological innovation does not compromise scholarly standards. 
 
For journals operating at the intersection of artificial intelligence, bioinformatics, digital forensics, and 
computational health sciences, these considerations carry particular significance. Editorial policies 
should encourage innovation while simultaneously requiring transparent methodological reporting, 
reproducible computational workflows, responsible disclosure of AI assistance, open scientific 
practices whenever feasible, and adherence to internationally recognized principles of research 
integrity [6]. Such expectations do not inhibit scientific creativity; rather, they establish the conditions 
under which computational discoveries become reliable, interpretable, and worthy of long-term 
scientific trust. 
 
Ultimately, the future relationship between foundation models and scientific discovery should be 
understood as a partnership rather than a substitution. Artificial intelligence possesses extraordinary 
capabilities for accelerating knowledge generation, but scientific progress continues to depend upon 
human curiosity, critical thinking, methodological discipline, ethical responsibility, and collaborative 
evaluation. The greatest scientific advances of the coming decades are therefore unlikely to arise from 
increasingly sophisticated algorithms alone, but from thoughtfully integrating computational 
intelligence with the enduring principles that have long defined rigorous scientific inquiry. Let’s see in 
Fig. 2 for the illustration. 
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Fig. 2. Principles of Trustworthy AI-Enabled Scientific Discovery in the Foundation Model Era.  

5. A Research Agenda for the Foundation Model Era 

5.1 Beyond Larger Models: Toward Scientific Intelligence 
As foundation models continue to evolve, future progress should not be measured solely by increasing 
model size, computational capacity, or benchmark performance. Although scaling laws have driven 
remarkable advances in artificial intelligence, scientific discovery ultimately depends upon the 
generation of reliable knowledge rather than computational capability alone. The next generation of 
AI systems must therefore move beyond pattern recognition toward forms of scientific intelligence 
capable of supporting causal reasoning, mechanistic understanding, hypothesis refinement, 
uncertainty quantification, and evidence-based decision-making [89], [90]. Such capabilities would 
enable AI systems not merely to predict outcomes, but to contribute meaningfully to scientific 
explanation and theory development. 
 
This transition also requires redefining the relationship between artificial intelligence and scientific 
inquiry. Instead of viewing foundation models as autonomous problem solvers, future research should 
position them as collaborative cognitive systems that augment human expertise while preserving 
scientific judgment and accountability [65]. Advances in neuro-symbolic reasoning, causal machine 
learning, scientific knowledge graphs, and agentic AI may provide important foundations for 
developing computational systems capable of reasoning across disciplines while maintaining 
interpretability and methodological transparency [91]. 
 
5.2 Grand Challenges for AI-Enabled Scientific Discovery 
Despite rapid technological progress, several fundamental challenges continue to limit the broader 
adoption of foundation models within scientific research. One of the foremost priorities is the 
development of trustworthy scientific AI capable of producing reproducible, explainable, and verifiable 
outputs [82], [86]. Future models should provide explicit representations of uncertainty, disclose 
evidential sources supporting generated conclusions, and facilitate independent verification of 
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computational reasoning. Such capabilities are essential if AI-generated knowledge is to become an 
integral component of scientific decision-making. 
 
Equally important is the emergence of multimodal scientific foundation models capable of integrating 
heterogeneous sources of evidence, including genomic sequences, molecular structures, biomedical 
images, clinical records, environmental observations, digital forensic artifacts, sensor data, and 
scientific literature. Scientific discovery increasingly depends upon synthesizing knowledge across 
multiple modalities rather than analyzing individual datasets in isolation [2]. Consequently, future 
research should prioritize architectures that enable comprehensive knowledge integration while 
preserving data provenance, semantic consistency, and interpretability. 
 
Another critical frontier concerns the development of AI systems for autonomous scientific reasoning. 
Rather than merely accelerating data analysis, future computational frameworks may actively support 
the complete research lifecycle through automated literature synthesis, research gap identification, 
experimental planning, computational simulation, and iterative hypothesis refinement [92]. Such 
systems have the potential to transform scientific productivity, yet they simultaneously raise 
important methodological and ethical questions regarding validation, accountability, and the 
appropriate boundaries of AI-assisted scientific autonomy. 
 
5.3 Interdisciplinary Collaboration as the New Scientific Paradigm 
The increasing convergence of artificial intelligence with the life sciences, medicine, digital forensics, 
engineering, and computational social sciences suggests that future scientific breakthroughs will 
emerge less frequently from isolated disciplines than from sustained interdisciplinary collaboration. 
Foundation models provide a common computational language through which researchers from 
diverse domains can exchange methodologies, integrate heterogeneous datasets, and develop shared 
conceptual frameworks [2]. This convergence is reshaping the structure of scientific inquiry by 
encouraging collaborative ecosystems rather than discipline-specific research silos. 
 
Realizing this vision requires stronger partnerships among computer scientists, biologists, clinicians, 
chemists, forensic practitioners, legal scholars, ethicists, statisticians, and domain specialists. Such 
collaboration is essential not only for improving AI algorithms but also for ensuring that technological 
innovations address meaningful scientific questions, satisfy domain-specific requirements, and 
generate socially responsible outcomes [93]. As scientific problems become increasingly complex, 
interdisciplinary cooperation will become a defining characteristic of successful research environments 
[94]. 
 
5.4 The Role of Scholarly Publishing in the Foundation Model Era 
The rapid integration of foundation models into scientific workflows also necessitates a transformation 
in scholarly publishing. Scientific journals can no longer function solely as repositories of completed 
research; they must increasingly serve as guardians of research integrity, facilitators of methodological 
transparency, and catalysts for interdisciplinary collaboration [95]. Editorial policies should evolve to 
encourage comprehensive reporting of AI-assisted methodologies, computational reproducibility, 
transparent disclosure of model usage, open science practices, and rigorous validation of AI-generated 
findings. 
 
Peer review likewise assumes renewed importance in this evolving landscape [96]. Although 
foundation models may substantially improve manuscript preparation, literature synthesis, language 
quality, and computational analysis, they cannot substitute for independent scientific evaluation. 
Assessing originality, methodological rigor, theoretical significance, ethical compliance, and societal 
impact remains fundamentally dependent upon expert human judgment. Accordingly, the future of 
scholarly communication should be characterized not by competition between artificial intelligence 
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and peer review, but by their complementary roles in strengthening scientific quality and credibility 
[96], [97]. 
 
5.5 JBDFI's Vision for the Next Decade 
Within this rapidly evolving scientific ecosystem, the Journal of Bio-Digital and Forensic Informatics 
(JBDFI) seeks to contribute as an interdisciplinary platform dedicated to advancing trustworthy AI-
enabled scientific discovery. The journal welcomes research that integrates methodological innovation 
with rigorous validation across bioinformatics, computational biology, digital forensics, computational 
drug discovery, health informatics, biomedical artificial intelligence, and related computational 
sciences. Particular emphasis is placed on studies that demonstrate reproducibility, explainability, 
transparency, interdisciplinary collaboration, and meaningful scientific contribution. 
 
Looking ahead, JBDFI aims to promote research that not only develops increasingly sophisticated 
computational models but also advances scientific understanding through responsible and evidence-
based innovation. As foundation models continue to reshape the practice of research, the journal 
aspires to support a scientific community in which artificial intelligence serves not as a replacement 
for scientific reasoning but as a catalyst for deeper discovery, stronger collaboration, and more 
trustworthy knowledge generation. By fostering dialogue across disciplinary boundaries and 
encouraging rigorous computational research, JBDFI seeks to contribute to the development of a 
scientific ecosystem in which technological progress and scientific integrity advance together. 

Conclusion  

The emergence of foundation models marks a defining moment in the evolution of modern scientific 
inquiry. Beyond representing another technological advancement in artificial intelligence, these 
models are reshaping the conceptual and methodological foundations through which scientific 
knowledge is generated, interpreted, and communicated. By enabling large-scale knowledge 
integration, multimodal reasoning, computational hypothesis generation, and increasingly 
sophisticated scientific workflows, foundation models have become indispensable components of 
contemporary research across bioinformatics, computational drug discovery, health informatics, 
digital forensics, and numerous other computational disciplines. Their influence extends well beyond 
automation, fundamentally redefining the relationship between data, computation, and scientific 
discovery. 
 
At the same time, the growing reliance on AI-assisted research underscores the continuing importance 
of the fundamental principles that have historically sustained scientific progress. Reproducibility, 
methodological transparency, explainability, research integrity, ethical governance, and rigorous 
independent peer review remain essential safeguards for ensuring that computational advances 
translate into trustworthy scientific knowledge. The future success of foundation models should 
therefore be evaluated not solely by improvements in predictive performance or computational 
efficiency, but by their capacity to strengthen scientific understanding, support responsible innovation, 
and enhance public trust in scientific research. 
 
Looking ahead, the Foundation Model Era presents an unprecedented opportunity to foster 
interdisciplinary collaboration across the computational, biological, medical, forensic, engineering, and 
social sciences. As foundation models continue to evolve toward increasingly capable scientific 
partners, their greatest contribution will not be replacing human researchers, but augmenting human 
creativity, accelerating evidence synthesis, and enabling new forms of scientific reasoning that 
transcend traditional disciplinary boundaries. The next generation of scientific breakthroughs will likely 
emerge from collaborative ecosystems in which domain expertise, computational intelligence, and 
rigorous scientific methodology operate in close partnership. 
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Within this rapidly evolving landscape, the Journal of Bio-Digital and Forensic Informatics (JBDFI) 
aspires to contribute by providing an interdisciplinary scholarly platform dedicated to trustworthy AI-
enabled scientific discovery. The journal welcomes research that combines methodological innovation 
with scientific rigor, reproducibility, explainability, and meaningful real-world impact across 
bioinformatics, computational biology, digital forensics, health informatics, computational drug 
discovery, and related fields. By promoting transparent, responsible, and evidence-based 
computational research, JBDFI seeks to support a scientific community capable of harnessing the 
transformative potential of foundation models while preserving the enduring values that define 
excellence in scientific inquiry. 
 
Ultimately, scientific discovery has never been driven solely by more powerful instruments, larger 
datasets, or faster computational systems. Its enduring progress has always depended upon curiosity, 
critical thinking, rigorous methodology, and collaborative evaluation. Foundation models represent a 
remarkable new instrument for scientific exploration, but their greatest value will be realized only 
when integrated with these enduring principles. The future of science will therefore belong not to 
artificial intelligence alone, nor to human expertise in isolation, but to their responsible and synergistic 
partnership in advancing trustworthy knowledge for the benefit of society. 
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