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ABSTRACT 
 

Computational bioinformatics and natural product chemistry are converging in ways that are reshaping how new drugs get discovered. 

Molecular docking, virtual screening, and ADMET prediction now let researchers explore the chemistry of plants, fungi, marine 

organisms, and microbes with the precision no wet lab could match on its own. With antimicrobial resistance (AMR) killing millions 

each year, these in silico methods offer something the field badly needs: a faster, cheaper route from natural compound to drug candidate. 

This article walks through that integrated computational–experimental pipeline, points to real applications already underway in oncology, 

metabolic disease, and antimicrobial research, and argues that the approach holds particular promise for researchers working in 

biodiversity-rich but resource-limited regions. 

Keywords: Computational Bioinformatics, Molecular docking, Antimicrobial resistance, virtual screening, and natural product chemistry   

To cite this article: Zafar M, S Ayub, H Ahsan, F Asghar & A Ramzan. Where Nature Meets Bioinformatics: A New Era of Drug Discovery. Biological 

Times. 2026. September 5(9): 16-18. 

Introduction 

Nature has been running the world's longest drug discovery program, long 

before anyone gave it that name. And most of it remains untested. Fewer 
than one-tenth of the planet's biodiversity has ever been formally screened 

for biological activity [1]. Somewhere in that unscreened majority sits the 

next generation of medicines, waiting to be found. 
For most of the twentieth century, that search happened slowly, through 

serendipity, folklore, and years of painstaking bench chemistry. Alexander 

Fleming noticed in 1928 that a stray mold was killing off bacteria in his 
petri dish, and the world got penicillin. Paclitaxel took a similarly winding 

route, from the bark of the Pacific yew to the pharmacy shelf. Then, by the 

1990s, pharmaceutical companies mostly walked away from natural 
products. Combinatorial chemistry was easier to screen at scale, and 

complex natural compounds were, frankly, a hassle [2]. That retreat is 
reversing now. As synthetic pipelines run out of answers against resistant 

pathogens, interest in natural products as drug leads is picking back up [2]. 

It's hard to overstate how urgent this is. Bacterial AMR was linked to more 
than 4.71 million deaths globally in 2021 alone [3], and without effective 

action, that toll could climb to 39 million cumulative deaths by 2050 [3]. 

Meanwhile, the conventional drug pipeline, ten to fifteen years and upwards 
of US$2 billion per approved drug [4], simply wasn't built to move at the 

speed this crisis demands. 

What follows traces how computational tools are helping close that gap, 
from building natural-product chemical libraries, through virtual screening, 

molecular docking, ADMET prediction, and molecular dynamics 

simulation, all the way to experimental validation. And it looks ahead to 
where AI and genome mining are pushing the frontier next. 

Nature's Pharmacy: Ancient Wisdom, Modern Urgency 

None of this is accidental. Millions of years of evolution and ecological 
competition pushed living organisms to develop compounds with 

remarkable chemical diversity and biological specificity. Plants, fungi, 

microorganisms, and marine life all evolved under different pressures, in 
different niches, and their metabolites carry that history, often hitting 

molecular targets that synthetic chemistry has never quite managed to reach. 

The record backs this up. Natural products and their derivatives make up 
over a third of all approved small-molecule drugs,  including roughly a third 

of anticancer medicines [5]. They've also given us many of the major 

antibiotic classes still in clinical use. Paclitaxel from the Pacific yew, aspirin 
from willow-bark salicin, quinine from Cinchona bark: each one made the 

journey from folk remedy to clinical standard, and so did the antifungals, 

antiparasitics, and immunosuppressants that came after. 
Nature was never the bottleneck. Our ability to search it systematically was. 

That's exactly the gap computational bioinformatics is now closing. 

The Crisis Demanding a New Approach: AMR 
Antimicrobial resistance isn't a future warning anymore, it's a present 

emergency. The ESKAPE pathogens (Enterococcus faecium, 

Staphylococcus aureus, Klebsiella pneumoniae, Acinetobacter baumannii, 
Pseudomonas aeruginosa, and Enterobacter species) already account for a 

substantial share of the hardest-to-treat hospital infections worldwide [6]. 

WHO surveillance data put it plainly: roughly one in six laboratory-

confirmed bacterial infections in 2023 involved drug-resistant organisms 

[7]. And that's not the ceiling, it's the current trajectory. 
Conventional drug development can't fix this quickly. The path from 

discovery to an approved antibiotic usually takes ten to fifteen years and 

costs more than US$2 billion [4]. Bacteria don't wait that long, they can pick 
up or spread resistance genes within years, sometimes months. The 

mismatch isn't a small inefficiency; it's structural. Closing it means working 

at a fundamentally different speed. 
Natural products are especially compelling candidates here. Millions of 

years of co-evolution with microbial and fungal adversaries shaped their 

chemical diversity, and that shows up as a wide range of biological 
mechanisms. Some can hit multiple pathways at once, which makes it 

harder for a single resistance mutation to knock them out entirely. Combine 
that multiplicity of action with structural novelty rarely found in synthetic 

libraries, and phytochemicals and microbial metabolites become genuinely 

valuable starting points for antimicrobial drug discovery. Computational 
screening is what lets researchers sort through thousands of such 

compounds and prioritize the most promising ones, before a single 

experiment is even run. 
The Digital Drug Hunter: How the Pipeline Works 

Step 1: Building the Library 

Every computational drug discovery project starts with a chemical library, 
and several open-access databases make building one fairly straightforward. 

COCONUT (Collection of Open Natural Products) is one of the largest open 

repositories for natural product research [8]. ZINC22 gives access to 
billions of commercially available compounds for virtual screening [9], 

while TCM Database@Taiwan catalogs more than 20,000 compounds 

drawn from traditional Chinese medicine [10]. Together, these resources let 
researchers put together focused candidate libraries for a given target fairly 

quickly. 

Step 2: Molecular Docking 
Molecular docking predicts how a small molecule fits into a target protein's 

active site, its pose, its affinity. Software like AutoDock Vina, Glide, and 

the GPU-accelerated Uni-Dock has made this kind of virtual screening 
faster and, importantly, more accessible for researchers working in 

resource-constrained settings [11]. It lets thousands of compounds get 

ranked computationally, something that would be far too slow and 
expensive to attempt at the bench. 

Step 3: ADMET Prediction 

A strong binding score alone isn't enough. A viable drug candidate also 
needs to be absorbed, distributed, metabolized, and excreted safely by the 

human body. That's where ADMET (Absorption, Distribution, Metabolism, 

Excretion, and Toxicity) prediction comes in, it helps flag candidates with 
better pharmacokinetic and safety profiles before anyone commits to 

expensive lab testing. This matters more than it might seem: poor 

pharmacokinetics has historically been one of the biggest causes of late-
stage drug failure [12]. Platforms like SwissADME, pkCSM, and 
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admetSAR 3.0 use machine learning to forecast these properties for every 
compound in the library [13]. 

Step 4: Molecular Dynamics Validation 

Docking only gives a static snapshot of the protein–ligand interaction. 
Molecular dynamics (MD) simulation picks up where that leaves off, 

modeling how the complex behaves over time under conditions that mimic 

the physiological environment. Programs like GROMACS and AMBER 
handle the simulation itself, while post-simulation analyses such as MM-

GBSA calculations sharpen the estimate of binding free energy, helping 

researchers figure out which candidates are actually stable enough to justify 
the cost of experimental testing. 

Step 5: Experimental Validation 

Docking predicts interactions. ADMET estimates drug-like properties. MD 
checks for stability. But none of that answers the real question, whether a 

candidate actually does anything biologically, and only lab experiments can 

settle that. For antimicrobial candidates, that usually means minimum 
inhibitory concentration (MIC) and minimum bactericidal concentration 

(MBC) assays, followed by mechanistic studies confirming the compound 

hits its predicted target. If results hold up, the next steps are animal models 

and, eventually, clinical validation. Computational tools narrow the search. 

Experimental biology answers it. 

 

 
Figure 1: From nature to candidate drug, an integrated computational–

experimental workflow 
From Algorithm to Application 

This framework isn't limited to one disease area. The same basic approach 
adapts to oncology, metabolic disease, and antimicrobial research alike, as 

these examples show. 

In oncology, structure-based virtual screening flagged apigetrin, a flavonoid 
glycoside found in several medicinal plants, as a promising inhibitor of 

PI3Kα, a protein frequently altered in head and neck squamous cell 

carcinoma [14]. It's a good example of computational methods doing double 
duty: explaining the molecular basis of a compound long used in traditional 

medicine, while also assessing its therapeutic potential. 

In diabetes research, de novo in silico screening of more than 24,000 
compounds against human pancreatic α-amylase turned up three candidates 

with stronger predicted binding than the reference drug acarbose [15]. 

Reaching that result through conventional wet-lab screening alone would 
likely have taken years. 

In antimicrobial research, structural bioinformatics has flagged FDA-

approved drugs that could potentially be repurposed against novel targets in 
multidrug-resistant Acinetobacter baumannii [16], a faster, cheaper route to 

new treatments than starting from scratch with novel compounds. 

Case Study: A Computational Route Against MDR Acinetobacter 

baumannii 

Acinetobacter baumannii has earned its reputation as one of the toughest 

hospital pathogens to treat, largely because it can pick up resistance to 
multiple antibiotic classes at once. A 2025 study took a structural 

bioinformatics approach, screening FDA-approved drugs against BaeR, a 

regulatory protein involved in antibiotic resistance signaling in A. 
baumannii [16]. 

The pipeline: FDA-approved drug library → BaeR protein target → 

molecular docking → top hits selected by binding score → ADMET 
filtering → MD simulation for stability → computational hits prioritized for 

experimental follow-up. Starting from already-approved drugs meant the 

study could skip years of safety profiling, a real shortcut for the repurposing 
strategy. The promising hits were identified computationally and put 

forward as candidates for future experimental validation: a complete in 
silico drug repurposing workflow, start to finish. 

Honest Limitations 

Computational drug discovery is powerful, but it has real limits, and they're 
worth stating plainly. Four in particular stand out: 

Docking scores ≠ biological activity. A good docking score doesn't 

guarantee a compound will actually work in a cell or organism. Every 
computational hit still needs experimental validation before anyone draws 

conclusions from it. 

Flexible molecules are difficult to model. Docking algorithms often 
struggle with highly flexible compounds, which can produce false positives, 

and false positives eat up experimental resources that could go elsewhere. 

Database gaps and bias. Natural product databases have grown fast, but 
they still capture only a fraction of Earth's chemical diversity. Marine 

natural products in particular remain underrepresented, and some regions 

and taxonomic groups are simply better cataloged than others. 
Reproducibility. Screening protocols and selection criteria are reported 

inconsistently across studies, which makes comparing findings harder than 

it should be. The field needs more transparency in methods. 

What Comes Next: AI, AlphaFold, and Genome Mining 

Every step of this pipeline is now getting faster thanks to artificial 

intelligence. AlphaFold2 has predicted structures for over 214 million 
proteins with high accuracy [17], which has massively expanded the pool 

of druggable targets available for computational screening. Graph neural 

networks are getting better at predicting protein–ligand binding affinities, 
and generative AI models are starting to propose novel compound structures 

optimized for specific targets. 

Metagenomics and genome mining are opening up another frontier entirely. 
Sequencing advances have uncovered huge reservoirs of biosynthetic gene 

clusters in soil and marine microorganisms, many capable of producing 

natural products no one has ever isolated or characterized. Computational 
tools can now predict the chemical structure of these molecules straight 

from their gene sequences, which means virtual screening can start before 

lab synthesis even begins. 
It's worth being honest about what AI actually does here: it generates 

hypotheses, nothing more. No matter how sophisticated the model, 

prioritizing a compound computationally doesn't tell you whether it works 
in a living system. WHO's 2023 antibacterial pipeline analysis makes that 

distinction feel urgent, it found a critically thin clinical pipeline that 

predictions alone can't fill [18]. Experimental validation still has the final 
word. 

Conclusion 

For researchers in South Asia, Africa, and Latin America, regions rich in 
biodiversity but often short on funding, this convergence matters in a very 

practical way. It levels the playing field. Freely available computational 

tools, growing biological databases, and vast untapped natural resources are 
lowering the barriers to serious drug discovery research in ways that simply 

weren't possible a generation ago. 

The logic underneath all of this is simple, even if the execution isn't. Nature 
supplies the chemical diversity, millions of years of evolutionary pressure 

that no synthetic chemistry program has managed to replicate. 
Bioinformatics lets us search that diversity systematically. AI helps narrow 

down the most promising leads. And experimental biology tells us, finally, 

what actually works. Not one of these pieces is enough on its own. Together, 
though, they're reshaping how the world searches for medicines it urgently 

needs. 
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