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This 4-part series, “The BIOSECURE Act and Biotech’s AI Awakening,” traces 
biotech’s high-stakes shift: away from a brittle model built on outsourced, low-cost 
capacity—and toward domestic, trusted data and compounding, AI-enabled 
growth.  

• Article 1 opens with the reality check: the BIOSECURE Act breaks the 
“comfortable trap” of cheap offshore dependence and forces a rebuild around 
high-quality, trusted datasets at home. 

• Article 2 moves to the next scientific frontier: beyond static protein “snapshots” 
to proteins as dynamic systems over time—more like movies than pictures. 

• Article 3 makes the strategic point: durable advantage won’t come from 
isolated tools, but from vertically integrated, multi-modal platforms that connect 
data, experiments, and decisions end-to-end—cutting the hidden cost of 
handoffs, rework, and stalled learning across fragmented R&D. 

• Article 4 closes with the “Virtual Cell Paradox”: the companies bold enough to 
pursue what looks “impossible”—a working simulation of the cell—are often the 
ones attracting the best talent and compounding value fastest in the emerging 
bio-digital era. 



the loophole letters 

 
 

The series was originally published in January/February 2026 on LinkedIn and 
Medium. Below, we present the four articles in chronological order. 

 

 

Article 1: 

When cheap became costly: The 
BIOSECURE reckoning and Bio-
Tech's AI awakening. 
By Raanan Shenhav and Dr. Daniel M. Böhi. 

 
On December 18, 2025, President Trump signed legislation that could have crippled 
American Bio-Tech. Instead, it might have saved it from a trap the industry had 
been digging deeper for 15 years. 

The BIOSECURE Act, now law as part of the National Defense Authorization Act, 
prohibits federal agencies from contracting with "Bio-Technology Companies of 
Concern", a designation aimed squarely at Chinese contract research and 
manufacturing organizations. For an industry where 79% of US Bio-Tech companies 
contract with Chinese firms, and where giants like WuXi AppTec derive 65% of their 
$26 billion revenue from American clients, this should have been catastrophic. 

The panic was immediate. In February 2024, when the act was first introduced, 
WuXi companies lost $17 billion in market value in a single day. A 2024 L.E.K. 
Consulting survey found that US life sciences companies’ "high confidence" in 
Chinese partners dropped from 60% to 30% over a 12-month period Industry experts 
warned that "moving established workflows could take years". 

But while everyone frantically calculated transition costs, something more profound 
was happening. The crisis revealed that Western Bio-Tech had been optimizing for 
the wrong thing entirely. 

The comfortable trap. 

To understand what BIOSECURE exposed, we need to understand the dependence 
it severed. 

Let's keep with the example above…. WuXi AppTec employed over 20,000 
chemists, more than all major Indian contract manufacturers combined. Clinical 
trials in China cost a fraction of Western prices. The math was simple: why spend 
$10 million on a Phase I trial in the US when you could do it for $2 million in China? 

This created what strategists call a "compounding dependence" loop. Each cycle 
of cost-cutting through outsourcing created more reliance on Chinese services… 
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More reliance meant less investment in domestic capabilities. Less capability meant 
even greater dependence.  

With each turn, the system became more efficient… and more fragile. 

By 2024, 30% of American Bio-Tech companies relied on China-linked firms for 
manufacturing approved medicines. The industry had outsourced not just 
manufacturing, but institutional knowledge. Western companies could design 
drugs, but increasingly couldn't make them without Chinese partners. 

Then came BIOSECURE, and the "efficient" system revealed itself as strategic 
vulnerability. 

The inflection no one saw coming. 

What makes this event different from a typical supply chain disruption is that the 
solution isn't rebuilding the old system in a new location. The solution is not needing 
that system at all. 

Three weeks after BIOSECURE became law, on January 13, 2026, Illumina made an 
announcement that reframed everything. Not a manufacturing facility. Not an 
alternative contractor. A dataset. 

The Illumina Billion Cell Atlas: One Billion individual cells, each responding to CRISPR-
based perturbations (slightly changed) across all 20,000 human genes in over 200 
disease-relevant cell lines. The Atlas will generate 20 petabytes of single-cell data in 
its first year, with a roadmap to 5 billion cells by 2029. 

The founding partners weren't contract manufacturers. They were AstraZeneca, 
Merck, and Eli Lilly…. Demonstrating that the leaders of the industry are betting that 
the future of drug discovery isn't cheaper experiments, but fewer experiments. 

"We believe the cell atlas is a key development that will enable us to significantly 
scale AI for drug discovery," said Illumina's CEO Jacob Thaysen. Notice the 
language: not "manufacturing," not "trials," but "training AI models." 

Merck's VP was even more explicit: "Merck scientists are building AI models 
grounded in real biological variation, not just literature text, and translating those 
insights into novel targets." 

This isn't about replacing Chinese contractors with American contractors. This is 
about replacing the experimental paradigm entirely. 

Three breakthroughs converging. 

While everyone focused on the BIOSECURE crisis, three parallel breakthroughs 
dissolved what seemed like computational biology's insurmountable problem: The 
massive Data Gap. 

1. Physics-Infused Neural Networks 

Instead of learning biology purely from data, researchers hard-coded fundamental 
physical laws directly into neural network architectures. A May 2025 paper 
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demonstrated these "PINNs" successfully modeling tumor growth, gene expression, 
and disease spread using a fraction of traditional data requirements. 

What it means is that the laws of thermodynamics and molecular interactions do 
not need to be learned… they're already known. By embedding these constraints 
into AI architecture, data requirements drop by orders of magnitude. This 
fundamentally changes economics… you need enough data to validate the 
model, not to teach it basic physics. 

2. Self-Supervised Learning on Unlabeled Data 

Geneformer, a transformer model from the Chan Zuckerberg Initiative, treats each 
cell as a "sentence" where genes are "words." The current version (at the time of 
writing this article) was trained on 104 million human single-cell transcriptomes using 
complete self-supervision: mask 15% of genes in each cell and force the model to 
predict what belongs there based on context. 

No labels needed. No manual annotation. Every biological sample ever collected 
becomes training data. The AI learns cellular logic the same way language models 
learn grammar, by observing patterns across billions of examples. 

Nicheformer, published in Nature Methods in October 2025, integrated 110 million 
cells including spatially-resolved data. The breakthrough is economic… self-
supervised learning means every experiment, every dataset, every failed trial 
contributes to collective intelligence. The marginal cost of data drops toward zero 
while value compounds. 

3. The Billion Cell Atlas as Training Infrastructure 

By systematically perturbing all 20,000 genes across hundreds of cell types, Illumina 
is creating a comprehensive cellular response map.  

So, let's follow the math together…  20,000 genes × 2 directions × 250+ cell types = 
over 10 million perturbations. Each measured at single-cell resolution across millions 
of cells. 

This solves computational biology's ground-truth problem. When an AI predicts 
"suppressing Gene X will reduce cancer cell proliferation", the Billion Cell Atlas 
provides validation at scale… the experiment has already been run, systematically 
and comprehensively. 

Merck, AstraZeneca, and Eli Lilly are funding this because training AI models on this 
data is cheaper and faster than running their own experiments for every drug 
candidate. 

The cost curve inversion. 

Here's where economics get interesting… and why we consider BIOSECURE's timing 
might be opportunity, not crisis. 

In 2020, comprehensive cellular experiments for a single drug target cost $5-10 
million and took 18-24 months. Outsourcing to China cut that to $1-2 million and 12-
18 months. 
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The AI approach emerging in 2026: 

• Access to Billion Cell Atlas infrastructure: $100,000-500,000 annually. 

• Computational simulation using trained models: $1,000-10,000 per target 
assessment. 

• Validation experiments (only for top computational candidates): Instead of 
screening 10,000 compounds experimentally, screen computationally and 
validate the top 100. 

• Total: $200,000-1,000,000 per target, with results in weeks to months! 

The cost curve isn't flattening… it's inverting! AI simulation is becoming cheaper 
than physical experimentation, even at Chinese prices. 

And the compounding effect: every successful drug discovery using these AI 
models generates more validation data, which makes models better, which 
makes the next discovery cheaper and faster. Marginal cost drops while speed 
increases. 

Compare that to Chinese outsourcing, where costs were rising 8-12% in 2023-
2024 and timelines weren't compressing.  

The old model hit diminishing returns. The new model is hitting accelerating 
returns. 

What BIOSECURE actually did. 

BIOSECURE didn't create a crisis, it exposed one that was already 
compounding. But let's be brutally honest about what it's forcing. 

Western Bio-Tech spent 15 years optimizing for: 

• Cost per experiment instead of cost per discovery.   
• Manufacturing efficiency instead of design precision.  
• Today's margins instead of tomorrow's capabilities.  
 

The result was a system that appeared efficient on every transaction, but was 
accumulating strategic fragility at the system level. 

Now comes the correction, and it's going to be painful. 

Two massive frictions we figured out that stand between "recognizing the AI 
opportunity" and "successfully executing it": 

The Data Wall: A late 2025 survey found 78% of life sciences leaders failing to 
achieve significant AI ROI despite massive data investments. Having petabytes 
doesn't automatically equal biological insight.  

The Billion Cell Atlas provides infrastructure but turning that data into validated 
predictions is (currently) requires years of iteration, specialized talent, and tolerance 
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for failed models. Many companies will burn tens of millions learning this the hard 
way. 

The Capital Shock: The transition from OpEx-heavy (paying CDMOs per project) to 
CapEx-heavy (building AI infrastructure, hiring $500k/year ML engineers, 
maintaining GPU clusters) is a business model transformation!  

Mid-cap Bio-Tech companies optimizing for quarterly earnings can't afford the 3-5 
year bridge where you're simultaneously paying for experiments AND building 
computational capabilities.  

The companies attempting this transition will see their burn rates double before they 
see returns. 

BIOSECURE forced the correction now, at a moment when the alternative had just 
become technologically viable, but before most companies built the financial 
runway to execute it.  

Five years earlier would have been devastating because no alternative existed. 
Five years later might have been too late because the dependence would have 
been total. But right now? Many companies are caught in the worst possible 
position: forced to transform without the capital reserves to survive the transition. 

These uncomfortable truths that the financial/political side of the industry might be 
avoiding admitting:  

1. The comfort of cheap Chinese services was preventing innovation.  
2. The discomfort of expensive AI transformation will bankrupt many companies 

before they see results. 
 

"Core competency" shifts with technology. In the 1990s, it was medicinal chemistry. 
In the 2000s, clinical trial execution. In the 2010s, financial engineering. The 2020s 
core competency is computational… meaning, build AI models that predict 
biological outcomes before you run experiments. 

BIOSECURE didn't impose a cost on Westerner Bio-Techs. It removed an excuse to 
avoid transformation. But it also created a Darwinian filter. The companies with 
patient capital, technical leadership, and tolerance for 3-5 years of transitional 
losses can make the jump. The rest will be acquired, consolidated, or dissolved. 

A loop reversing. 

The pattern is clear if you're looking for it: 

For 15 years: Outsourcing → dependence → less internal capability → more 
outsourcing. Each cycle made the system more "efficient" and more fragile. 

The reversal: Forced decoupling → investment in AI → better predictions → less 
need for experiments → more resources for computation → better AI. Each cycle 
makes the system more capable and more resilient. 



the loophole letters 

 
 

Western Bio-Tech is at an inflection point. Not because a law passed, but because 
the technologies enabling a fundamentally different approach reached viability at 
the exact moment that dependence on the old approach became untenable. 

That's not a crisis. That's a correction. 

The momentum is shifting.  

The question isn't just "who survives BIOSECURE?" It's "which strategic path matches 
your situation" Companies with $50M+ budgets have different options than 
companies with $5M budgets. Companies with unique experimental capabilities 
have different options than companies with generic pipelines. Companies in rare 
diseases have different options than companies in crowded therapeutic areas. 
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Article 2: 

 

From snapshots to movies: 
Navigating the Dynamics frontier 

By Raanan Shenhav and Dr. Daniel M. Böhi. 

In Article 1, we examined how BIOSECURE exposed Western biotech's 
compounding dependence loop, and how the Billion Cell Atlas and physics-
informed AI are creating a new paradigm. But there's a crucial piece missing: the 
ability to see proteins not just as static structures, but as dynamic machines that 
move through time. 

When AlphaFold 2 stunned the scientific world in 2020 by predicting protein 
structures with near-experimental accuracy, many declared the protein folding 
problem "solved". It was a genuine breakthrough, 50 years of struggle, solved in 
minutes at zero marginal cost. 

But here's what AlphaFold couldn't do: show you what happens next. 

A protein structure is a snapshot. Drug discovery isn't about finding molecules that 
fit a protein structure, it's about finding molecules that influence how proteins move 
between states, how fast they bind and release, which conformations they favor. 
You need to see the movie, not just the photo. 

This "Dynamics Problem" is where the AI revolution in biology is heading next. The 
companies that navigate it successfully will compound exponential advantages. 
But success requires understanding three uncomfortable realities, and choosing the 
right strategy based on where you actually are. 

Three reality checks. 

Reality #1: The Accuracy Gap 

AlphaFold 3: >90% accuracy on static structures for well-studied proteins (TM-score 
~0.91 on standard benchmarks), though accuracy drops to 65-70% on orphan or 
hard targets. Current dynamics models: 40-60% accuracy. You can't replace $100K 
experiments with predictions wrong 40-50% of the time. 

Reality #2: The Data Constraint 

AlphaFold learned from 200,000+ structures. For dynamics: 1,000-2,000 validated 
trajectories—about 0.5-1% of needed data. Building the infrastructure to generate 
this at scale will take 10-15 years. 

Reality #3: Cost & Talent 

Building internal capabilities: $1M-2M annual minimum. Talent pool: <500 people 
globally with the right skills, $300K-500K+ compensation. Not every company should 
build. 
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Six strategic paths (three conventional, three asymmetric). 

The Conventional Paths 

Path 1: Build (For $50M+ R&D budgets, broad pipelines) 

Invest in internal dynamics capabilities now. Accept 50-60% early accuracy, 
compound proprietary data advantage. By 2030-2032, you'll have 5+ years of 
refinement when industry reaches maturity. 

The red flags to notice before Path 1 Becomes a Death Trap: 

Your board/investors demand positive ROI within 24 months, guaranteeing you'll 
get shut down mid-transition before capabilities mature | You can't hire 2-3 
computational biologists within 6 months, meaning capability never materializes 
despite capital burn | Your pipeline has <5 programs, making unit economics fail 
($400K-500K per program vs. $2M annual infrastructure cost) | You have no wet-lab 
validation capacity, meaning models get trained on insufficient or low-quality data 
| You're burning >$1.5M-2M/year but generating zero proprietary datasets 
because experimental validation is bottlenecked. 

Path 2: Partner (For mid-cap with experimental strength) 

Leverage AI platforms, contribute validation data for access. Benefit from rapid 
improvements without full infrastructure cost. 

The red flags to notice before Path 2 Recreates BIOSECURE: 

Platform dependency recreates the exact problem BIOSECURE exposed—you're 
outsourcing core capability and becoming locked in | Your data contributions 
systematically exceed the value you receive, meaning you're subsidizing the 
platform's competitive advantage | Platform contractually allows using your 
proprietary targets to train models accessible to your competitors | Platform gets 
acquired by a competitor in your therapeutic area, giving them access to your 
validation data | Platform raises prices 3-5x after you're dependent, and switching 
costs make you captive. 

Path 3: Wait (For <$10M budgets, narrow pipelines) 

Preserve capital, strengthen experiments, adopt when platforms mature (2028-
2032). Avoid early adopter tax, position as fast follower. 

The red flags to notice before Path 3 Becomes Permanent Obsolescence: 

You wait past 2029-2030 and the talent pool gets absorbed by companies that built 
early, you can't hire when you're ready | Competitors build 5-7 years of proprietary 
dynamics data creating an insurmountable capability gap | You're "preserving 
capital" but still burning cash on inefficient wet-lab experiments, negating the 
savings | Platform consolidation leaves 2-3 dominant players with all pricing power 
before you adopt | Your therapeutic window closes while you wait… competitors 
using dynamics prediction solve your targets first. 
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The Asymmetric Paths (What Most Aren't Considering) 

Path 4: Data Arbitrage (Become What AI Needs) 

Don't build AI models. Build the data that AI builders desperately need—and 
monetize it. 

Who this is for: Companies with specialized experimental capabilities (unique 
assays, rare disease models, difficult-to-study proteins) that platforms can't easily 
access. 

What to do: Partner with AI companies as their data provider, not their customer. 
Negotiate equity stakes, free platform access, or revenue sharing in exchange for 
systematic data generation. Position your experimental capabilities as "training 
data infrastructure". 

Hypothetical example: A small biotech specializing in membrane protein dynamics 
could partner with Isomorphic Labs to generate validated GPCR trajectories. 
Potential exchange: free platform access for their drug targets, plus revenue share 
on any drugs using their training data. Cost: mostly existing experimental work 
they'd do anyway. Value created: defensive moat around their experimental 
expertise. 

The advantage: Your data becomes MORE valuable as AI platforms improve, not 
less. While others wait, you're generating the data that makes platforms mature, 
and capturing value from that position. 

The red flags to notice before Path 4 Becomes Strategic Suicide: 

Partnership terms lack both equity/revenue share AND free platform access, you're 
giving away leverage for nothing | Platform gets exclusive commercial rights to 
your dynamics data, eliminating your ability to monetize elsewhere | Generating 
data for platforms consumes >40% of your experimental resources, starving your 
own drug pipeline | Platform gets acquired by Big Pharma in your exact 
therapeutic area, you've armed your competitor with proprietary data | 5+ other 
Bio-Techs start generating similar data for the same platform, collapsing your 
arbitrage value. 

Path 5: Vertical Niche Strategy (Own What Others Won't Prioritize) 

For niche therapeutic targets, building specialized dynamics models might be 
CHEAPER and FASTER than waiting for general platforms to prioritize your target. 

Who this is for: Rare disease companies with <10,000 patient populations | Bio-
Techs focused on "orphan" proteins that big pharma ignores | Companies with 
deep expertise in one protein family. 

What to do: Calculate the cost of building dynamics models for YOUR specific 
protein family only (not all proteins). Compare to waiting 5-10 years for platforms to 
prioritize your target. Specialized models on limited targets might only cost $500K-
2M, not $10M+. 

Hypothetical example: A rare lysosomal storage disease company could hire two 
computational biologists ($600K/year), partner with one academic lab 
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($200K/year), and build specialized models for their one protein family. Total: $1.5M 
over 2 years. Result: They'd understand their protein's dynamics better than anyone 
in the world. When a pharma partner approaches, they could license their 
dynamics models as part of the drug asset—capturing extra value. 

The advantage: Your "narrow focus" becomes a strength. General platforms 
optimize for breadth. You optimize for depth on the one thing that matters to your 
business. 

The red flags to notice before Path 5 Becomes a Dead-End: 

Clinical trials for your protein target start failing industry-wide, making your 
specialized model a stranded asset worth zero | A general platform suddenly 
prioritizes your "orphan" target (because a big pharma partner needs it), making 
your 2-year investment redundant | You can't retain your 2-3 computational 
biologists because narrow specialization offers no career growth | Your model 
accuracy plateaus at 55% due to insufficient training data diversity, not good 
enough to replace experiments | Zero pharma interest in licensing niche AI 
capabilities separately from drug assets… your monetization thesis fails. 

Path 6: Consortium Play (Collective Infrastructure) 

What if 5-10 mid-sized companies pool resources to build shared dynamics 
infrastructure, compete on therapeutics, collaborate on AI? 

Who this is for: Multiple mid-sized Bio-Techs in the same therapeutic area with 
shared infrastructure needs but non-overlapping drug targets. 

What to do: Form pre-competitive consortium (joint venture or shared non-profit). 
Pool $500K-1M per company for shared dynamics infrastructure. Hire a shared team 
of 3-5 computational biologists. Each company contributes validation data from 
their specific targets. All access shared models; compete on drug discovery, not AI 
infrastructure. 

Hypothetical consortium model: Six Alzheimer's-focused biotechs exploring this 
approach might structure it as follows: Each contributes $800K annually ($4.8M 
total). They hire 4 people, build state-of-the-art dynamics models for all Alzheimer's-
relevant proteins. Cost per company: $800K/year instead of $3M-5M if built alone. 

The advantage: Infrastructure cost per company drops 70-80% while capabilities 
remain cutting-edge. 

The red flags to notice before Path 6 Becomes Coordination Hell: 

2-3 consortium members contribute minimal data but consume maximum 
infrastructure, the free rider problem kills trust and collaboration | One member files 
patent on consortium-generated insights for commercial advantage, triggering an 
IP war that collapses the partnership | Exit clauses trap you, leaving means losing 
all access to models and data you helped fund, creating expensive lock-in | 
Consortium requires unanimous consent for strategic decisions, creating paralysis at 
the speed of the slowest/most conservative member | A member's drug candidate 
shifts into direct competition with another's, breaking the pre-competitive premise | 
Member gets acquired by Big Pharma who demands expanded data access 
rights, creating asymmetric benefit and resentment. 
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Choosing your path: A suggested decision framework 

If you have $50M+ R&D budgets and broad pipelines → Path 1 (Build). 

If you have strong experimental capabilities but limited compute → Path 4 (Data 
Arbitrage). Especially if you have unique assays or hard-to-study targets. 

If you're in a rare disease or niche area → Path 5 (Vertical Niche). Especially if 
general platforms won't prioritize your target for 5+ years. 

If you're mid-sized with focused therapeutic area → Path 2 (Partner) OR Path 6 
(Consortium). Path 2 if you prefer independent positioning; Path 6 if you can 
identify 4-6 peer companies willing to collaborate. 

If you're early-stage with <$10M budgets → Path 3 (Wait) OR Path 4 (Data 
Arbitrage). Path 3 if you are capital-constrained across the board; Path 4 if your 
experimental capabilities are assets, not costs. 

The critical questions to ask: 

1. What unique assets do we have that others need? (Data? Expertise? Patient 

access?) 

2. What's our actual competitive advantage… breadth or depth? 

3. Who could we collaborate with that shares our infrastructure needs but not our 

drug targets? 

4. What's the 10-year cost of waiting vs. building vs. alternative approaches? 

5. What are the specific conditions under which this path would fail, and can we 

monitor for them quarterly? 

6. What's our exit strategy if this path isn't working after 12-24 months? 

What this means for the BIOSECURE transition? 

BIOSECURE forced Western biotech to exit a decaying loop (cheap outsourcing → 
dependence) and enter an accelerating loop (AI investment → better prediction 
→ less experimentation). 

Dynamics prediction is what makes that loop accelerate, but the path forward isn't 
binary. 

The mistake most companies make: Treating this as "build AI capabilities or fall 
behind". That framing creates paralysis for 80% of companies who can't afford to 
build. 

The opportunity strategic leaders see: There are at least six viable paths, three of 
which most companies haven't considered yet. 

• Can't afford to build? → Become what builders need (Path 4: Data Arbitrage). 

• Have a niche focus? → Own your vertical completely (Path 5: Vertical Niche). 
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• Share infrastructure needs with peers? → Pool resources (Path 6: Consortium). 

But here's what matters most: The real competitive advantage isn't choosing the 
"right" path, it's recognizing when you're on the WRONG path and having the 
courage to pivot. Most Bio-Tech failures in the AI transition won't come from 
choosing badly. They'll come from sticking with a failing strategy too long because 
of sunk cost fallacy, board optics, or executive ego. 

The companies that win won't be the ones with the most resources. They'll be the 
ones that see options others missed and know when to pivot before burning too 
much capital on the wrong path. 

The realistic timeline 

Despite current limitations, real progress is happening. AlphaFold 3's architecture 
represents a fundamental shift, it learns an energy landscape, conceptually 
enabling simulation, not just prediction. 

The timeline (industry consensus projections based on CASP trajectory): 

• 2026-2028: Accuracy expected to improve to 65-75% for well-studied protein 
classes 

• 2028-2030: First drugs designed with dynamics assistance enter clinical trials 

• 2030-2035: Dynamics prediction becomes reliable enough (80%+ accuracy) for 
broad adoption 

• 2035+: Mature platforms available at accessible costs 

Companies making smart investments now, whether building, partnering, or 
strategically waiting, position themselves appropriately for each phase. But the 
critical skill is knowing when your chosen path is failing and having the intellectual 
honesty to switch paths before you've burned irreplaceable capital. 

 

Key Sources: 

1. Nature 2024/2025: AlphaFold 3 TM-score benchmarks (~0.91 on standard 
targets, 65-70% on hard targets) 

2. CASP 16 (2025): Dynamics ensemble accuracy 45-55% for AI-MD hybrid models 

3. DeepMind/PDB: ~214,000 training structures for AlphaFold 

4. Path Diffusion (bioRxiv 2026): Dynamics trajectory dataset constraints (1,000-
2,000 validated trajectories) 

5. IntuitionLabs Build vs. Buy Report (Dec 2025): $1.08M-$1.32M average annual 
cost for pilot-scale AI unit 

6. Panda International/Rise AI Salary Report (2026): <500 elite-tier AI researchers 
globally, $300K-500K+ compensation 

7. Isomorphic Labs (Jan 2026): Real partnerships with J&J, Eli Lilly, Novartis  
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Article 3: 

Why most companies are solving 
integration wrong - And the 3 
moves they're missing. 
By Raanan Shenhav and Dr. Daniel M. Böhi. 

Articles 1 and 2 showed how BIOSECURE exposed Bio-Tech's dependence trap and 
how Dynamics Prediction accelerates discovery cycles. But there's a deeper 
problem most companies haven't recognized yet: they're solving integration like it's 
a technical problem when it's actually a strategic choice. And the companies 
making the right choice aren't the ones with the biggest budgets. 

Your cell doesn't process one thing at a time. 

When a drug enters your bloodstream, biology doesn't work sequentially. Protein 
structure changes while gene expression adjusts while metabolic pathways 
reorganize while spatial architecture shifts. It's simultaneous, interconnected, 
cascading. 

But that's not how we've built biological AI. 

AlphaFold predicts structure. Geneformer handles expression. Different tools for 
spatial organization. Each brilliant at its job. Each solving in isolation. 

But this is a problem, we already agreed that biology doesn't work in domains… It 
works in systems. 

This fragmentation creates what I call the sequential failure tax: every handoff 
between models loses information, every isolated prediction misses context, and 
you discover problems one expensive step at a time. 

With single-modality tools, drug development looks like this: 

1. Protein structure → looks perfect. 

2. Test in vitro → binds beautifully. 

3. Test in cells → unexpected toxicity. 

4. Gene expression analysis → compensatory upregulation destroys efficacy. 

5. Back to square one. 

Each step takes weeks to months. Each reveals problems previous steps couldn't 
see.  

Run five sequential 90%-accurate models and your overall accuracy drops to 59%. 
Which is why 90% of drug candidates still fail despite passing early tests. 
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The companies winning aren't just connecting tools better. They're asking a different 
question entirely. 

The mistake everyone's making. 

Here's the conventional thinking: "We need to integrate our AI models so 
predictions are more accurate". 

That frames integration as a technical challenge… just build better APIs, share data 
formats, create translation layers. 

But that misses the strategic question: What if integration isn't about connecting 
existing tools? What if it's about choosing which tools to never build in the first 
place? 

Three asymmetric moves (What most aren't considering). 

Move #1: The vertical domination play. 

The conventional wisdom: "General AI platforms will eventually cover everything, so 
building narrow capabilities is wasteful". 

The asymmetric move: For niche targets, building specialized models is CHEAPER 
and FASTER than waiting for general platforms, and creates a defensive moat 
nobody else can cross. 

Hypothetical example: Consider a company focused on obscure GPCRs with 
<5,000 patient populations globally. AlphaFold covers their structure. But what 
about Dynamics Prediction? Multimodal integration? Not on any roadmap…. 
General platforms optimize for breadth (covering 20,000 proteins superficially) not 
depth (understanding one family completely). 

Building specialized Dynamics Models just for their protein family: conservative 
industry estimate of $1.2M over 18 months for two computational biologists, one 
academic collaboration, focused entirely on 47 related proteins. Waiting for 
general platforms to prioritize these proteins: 7-10 years, then paying premium 
prices for custom work. 

The payoff: They'd understand their protein family's Dynamics better than anyone in 
the world. When a pharma partner approaches about licensing one target, they 
could license their entire computational platform as part of the asset. Their "narrow 
focus" becomes the reason they win the deal. 

Think about it… Vertical depth beats horizontal breadth when you're in a market 
others ignore. Your competitive advantage isn't having broad capabilities… it's 
having capabilities nobody else will bother building. 

The red flags to notice before Move #1 Becomes a Dead End: 

Your niche protein family's clinical trajectory deteriorates (mechanism-of-action 
questions, failed trials), making your specialized model a stranded asset worth zero 
| General platform suddenly prioritizes your target class because a big pharma 
partner needs it, making your 18-month $1.2M investment redundant overnight | 
You can't retain your 2-3 computational biologists because narrow specialization 
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offers no career growth, they leave for companies working on broader problems | 
Academic collaboration falls apart due to Principal Investigator departure or 
funding loss, eliminating your data pipeline | Your specialized models plateau at 
60% accuracy due to insufficient training data diversity across the protein family, 
not good enough to replace experiments | Zero pharma interest in licensing 
narrow AI capabilities separately from drug assets… your monetization thesis 
collapses | Your vertical "moat" turns out to be a neglected backwater nobody 
wants, not a valuable-but-ignored opportunity. 

Early warning signals: Model accuracy hasn't improved in 12+ months despite 
continued data generation efforts | Competitor announces general platform will 
cover your protein class within 24 months | Your academic partner's grad students 
want to work on "more impactful" (broader) problems and the collaboration is at 
risk | Pharma partnership discussions reveal they only want molecules, not 
computational models | Your 2-person computational team gets recruited by 
companies working on "sexier" targets with broader impact. 

 

Move #2: The data cartel strategy. 

The conventional wisdom: "We can't compete with big pharma's AI budgets, so 
we'll wait until platforms mature". 

The asymmetric move: Don't build AI platforms. Form a cartel to monopolize the 
data that AI platforms desperately need, then license that monopoly for platform 
access and revenue share. 

Model for pre-competitive collaboration: Consider five rare disease Bio-Techs 
studying different lysosomal enzymes. General AI platforms won't prioritize any 
single obscure enzyme for 5-10 years—too small a market, too specialized. 

Instead of waiting or building alone, they could form a "Data Cartel" structure. Each 
contributes $400K annually to fund systematic perturbation experiments across all 
five enzyme families. Together they generate the highest-quality dynamics data for 
these proteins, because nobody else cares enough to generate it systematically. 

They license this dataset to three AI platforms under terms that include: free 
platform access for drug discovery on their specific targets, plus revenue share on 
any drugs using their training data. 

The economics: Cost per company: $400K/year. Value created: computational 
tools comparable to companies spending $5M+ on internal AI. Plus revenue share 
every time someone uses models trained on their data. 

Think about it… Proprietary data in neglected areas becomes MORE valuable as AI 
platforms improve, not less. While others wait, you're generating the data that 
makes platforms mature, and capturing value from that position. 

The red flags to notice before Move #2 Becomes a Trap: 

Platform licenses your data to your direct competitors without restrictions, 
eliminating your competitive advantage | Cartel members start withholding their 
best experimental data because trust has collapsed over perceived inequities | 
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One member's target fails clinically and drags the entire dataset's perceived quality 
down—platforms devalue the whole package | AI platforms develop alternative 
data sources for your protein families, eliminating your monopoly value overnight | 
The cartel can't agree on pricing terms with platforms, creating decision paralysis 
that prevents any deals from closing | One member gets acquired by Big Pharma 
who demands exclusive access to the shared data, breaking the cartel structure | 
Platform offers cash payment for data but refuses equity or revenue share terms, 
you're trading irreplaceable assets for one-time payments instead of ongoing value 
capture. 

Early warning signals: Platform won't commit to revenue share terms in writing, only 
offering service fees | 2+ cartel members miss data contribution deadlines, 
signaling commitment issues | Platform signs partnership with a competing data 
provider in adjacent protein families | Your data uniqueness window shrinks from 
projected 7 years to 3 years due to faster platform development | Cartel meetings 
devolve into pricing disputes and allocation fights rather than scientific 
collaboration | Member acquisition discussions include "cartel data rights" as a 
deal term, signaling impending disruption. 

 

Move #3: The pre-competitive consortium. 

The conventional wisdom: "We need to out-compete everyone on AI 
infrastructure." 

The asymmetric move: What if six companies pool resources to build shared 
infrastructure, compete on therapeutics, but collaborate on the computational 
tools? 

Hypothetical consortium model: Six Alzheimer's-focused biotechs (each with $15M-
40M annual R&D budgets) are all independently trying to model amyloid and tau 
protein dynamics. Each spending $2M-3M annually, getting mediocre results 
because none has sufficient scale. 

They could form a "Consortium" structure, a legal joint venture with clear IP 
boundaries. Each contributes $750K/year ($4.5M total). They hire a shared team of 
five computational biologists. The consortium builds state-of-the-art dynamics 
models for all Alzheimer's-relevant proteins. Each company gets access. They 
compete on drug discovery, not on reinventing the same computational 
infrastructure. 

The economics: Cost per company: $750K instead of $3M (75% reduction). 
Capability gained: better than what any could build alone with pooled $4.5M. Time 
saved: 18 months (starting with collective best practices instead of individual trial-
and-error). 

Think about it… The "build vs. buy" decision becomes "co-build" when you find peers 
with aligned infrastructure needs but non-competing drug targets. Most companies 
don't see this option because pre-competitive collaboration feels risky. But for the 
right group, it's the only way to afford frontier capabilities. 

The red flags to notice before Move #3 Becomes Coordination Hell: 
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2-3 consortium members become net consumers contributing minimal data but 
consuming maximum infrastructure, the free rider problem erodes trust and 
collaboration quality | One member files patent on consortium-generated insights 
for commercial advantage, triggering an IP war that threatens to collapse the 
entire partnership | Member pipelines shift into direct competition on the same 
targets, destroying the pre-competitive premise the consortium was built on | 
Consortium governance requires unanimous votes for strategic decisions, creating 
paralysis at the speed of the slowest or most risk-averse member | Member gets 
acquired by Big Pharma who demands expanded data access rights beyond 
original terms, creating asymmetric benefits and resentment | Exit clauses trap you, 
leaving means losing all access to models and data you helped fund over multiple 
years, creating expensive lock-in | Legal and governance disputes consume >30% 
of consortium meeting time, shifting focus from science to politics and process. 

Early warning signals: First IP disagreement takes >4 months to resolve, revealing 
governance structure is inadequate | Data contribution metrics show 40%+ 
imbalance across members, with some contributing far less than consuming | 
Decision timelines for routine technical approvals extend from 2 weeks to 3+ 
months due to coordination overhead | Member's acquisition discussions explicitly 
include "consortium data access" as a deal term | Technical roadmap debates 
become proxy battles for individual company interests rather than collective 
capability building | A founding member threatens to leave within the first 18 
months, signaling fundamental misalignment. 

The critical distinction: In Move #2 (Data Cartel), you're selling your monopoly data 
TO external platforms, you're the supplier, they build the models. This is different 
from Move #3 (Consortium) where you pool resources to BUILD your own shared 
platform.  

Data Cartel = "We'll generate the data, YOU (external platforms) build the models, 
we get paid."  

Consortium = "We'll pool money to build OUR OWN models together." 

The integration landscape that's emerging. 

In late 2025, while everyone focused on BIOSECURE vendor transitions, CZI and 
NVIDIA announced something that reframes integration entirely. Not a single 
model. An ecosystem. 

On October 28, 2025, the Chan Zuckerberg Initiative and NVIDIA announced an 
expanded partnership to build Virtual Cell Models, launching the Virtual Cells 
Platform (VCP). The platform integrates specialized models: rBio (reasoning), 
TranscriptFormer (expression), GREmLIN (gene networks), MONAI (imaging), 
CodonFM (RNA optimization). Each specialized. The platform integrates them. 

What makes this different? The models were trained to talk to each other from the 
beginning. They don't speak different languages requiring lossy translation. They 
share representations natively. 

Nicheformer demonstrated this integration approach. Published in Nature Methods 
on October 30, 2025 by researchers at Helmholtz Munich, it was trained on 110 
million cells (the SpatialCorpus-110M dataset) with both spatial and expression data 
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simultaneously. It didn't learn "where" and "what" as separate tasks, it learned 
cellular organization as one unified phenomenon. 

This is the template for true multimodal integration: not connecting tools after the 
fact, but building tools that understand biology the way biology actually works… as 
integrated systems. 

And here's what nobody's saying loudly enough… Building native integration now, 
while it's still immature, positions you 3-5 years ahead of companies that wait for 
"mature" platforms. 

What does this mean for the BIOSECURE transition? 

Remember Article 1's thesis: BIOSECURE forced an exit from a decay loop 
(outsourcing → dependence → capability erosion) into an acceleration loop (AI 
investment → better prediction → less experimentation). 

Multimodal integration is what makes that loop self-sustaining. 

Without it, you still miss system-level effects. You still fail in late-stage trials when 
context matters. The loop stalls. 

With it, you catch problems computationally that would only show up in $50M 
Phase II trials. Every successful prediction strengthens every related model. 
Knowledge compounds across the entire system. 

The Chinese outsourcing model could run experiments in parallel but couldn't 
integrate results computationally. Each experiment was isolated. 

The multimodal AI approach integrates automatically. Every validation experiment 
trains multiple models simultaneously. The system gets smarter about biology 
holistically. 

That's the difference between incremental improvement and exponential 
compounding. 

The question nobody's asking… 

Companies still asking "which Indian CDMO replaces our Chinese CDMO?" are 
solving for the wrong constraint. 

The constraint isn't "where do we run experiments?" The constraint is "how do we 
integrate biological understanding, so we need fewer experiments?" 

That requires different capabilities… not vendor management, but model 
integration. Not process optimization, but system simulation. Not data collection, 
but data synthesis across modalities. 

And it requires recognizing that there isn't one path forward. There are at least 
three viable strategies, and the "best" one depends on your positioning, not your 
resources. 

• Have a niche focus? → Own your vertical completely (Move #1: Vertical 

Domination). 
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• Can't compete on budget? → Monopolize data others need (Move #2: Data 

Cartel). 

• Share infrastructure needs with peers? → Pool resources (Move #3: Consortium). 

And again we are coming back to what matters most… The real competitive 
advantage isn't choosing the "right" move, it's recognizing when your chosen move 
is failing and having the intellectual honesty to pivot before you've burned 
irreplaceable capital or destroyed critical partnerships. 

 

The critical questions to ask… 

Before committing to any of these three moves: 

1. For Move #1 (Vertical Domination): Is our niche valuable-but-neglected or low-
probability-and-rightfully-ignored? Can we retain a 2-3 person specialized team 
long-term? What's the realistic timeline for general platforms to cover our targets—
and can we maintain advantage until then? 

2. For Move #2 (Data Cartel): Do we have genuinely unique experimental 
capabilities that platforms can't easily replicate? Can we sustain cartel trust and 
coordination for 5+ years? What's our data uniqueness half-life—how long before 
our monopoly erodes? 

3. For Move #3 (Consortium): Do we have zero target overlap with potential 
partners for 3-5 years? Can we get clean IP and exit terms in writing upfront? Is 
governance structured for speed and decisiveness, not consensus paralysis? 

4. For ALL moves: What are the specific conditions under which this move would 
fail, and can we monitor for them quarterly with clear metrics? What's our pivot 
strategy if we hit failure conditions in 12-24 months, and do we have the capital 
reserves to execute that pivot? 

The companies asking "which conventional path do we take?" will follow others… 
The companies asking "what unconventional path could we create, and when do 
we know it's not working?" will lead. 

What comes next 

Multimodal integration enables system-level simulation. But there's still a bigger 
question… how close are we to a true "virtual cell" that can predict any biological 
intervention? 

That's the objective. And understanding why we're not there yet reveals exactly 
where strategic value compounds fastest. 

Article 4 examines the path toward complete virtual cell simulation, the technical 
hurdles that remain, who's credibly making progress, and why building toward an 
aspirational goal compounds value even before you reach it. And, critically, the 
specific failure modes that will kill companies who chase the wrong version of the 
virtual cell vision. 
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Key Sources: 

1. Sequential model error propagation: Mathematical demonstration (0.9^5 ≈ 
0.59) 

2. Drug Target Review/GlobalData (Dec 2025): 90% clinical trial failure rate 

3. Industry cost estimates: $1.2M over 18 months for specialized vertical models 
(conservative benchmark) 

4. CZI and NVIDIA (October 28, 2025): Virtual Cells Platform partnership 
announcement 

5. Nature Methods (October 30, 2025): Nicheformer trained on SpatialCorpus-
110M (110 million cells) 
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Article 4: 

Why building toward impossible 
goals compounds faster than 
optimizing current constraints 
By Raanan Shenhav and Dr. Daniel M. Böhi. 

Articles 1-3 traced how BIOSECURE forced Bio-Tech from dependence loops into 
acceleration loops, through systematic data infrastructure, dynamics prediction, 
and multimodal integration. But there's an aspirational endpoint that reveals 
something counterintuitive about strategy… sometimes the companies building 
toward goals they'll never reach create more value than companies optimizing for 
goals they can achieve. This is the virtual cell paradox. 

The objective nobody has (And why that matters). 

In June 2025, Nature published an article by Ewen Callaway asking a question that 
five years ago would have seemed absurd: "Can AI build a virtual cell?" The article 
examined the shift from protein folding (AlphaFold) to modeling entire cellular 
systems, exploring whether computational models could simulate any biological 
intervention with experimental accuracy. 

The question itself is significant. Not "will AI help with cell modeling?" but "build a 
virtual cell"… a computational model that simulates any biological intervention with 
experimental accuracy. 

The Chan Zuckerberg Initiative calls it "building a complete virtual cell". Illumina 
frames their Billion Cell Atlas as infrastructure "to build virtual cell models for drug 
discovery". 

Everyone wants to build it. Nobody has built it. And the gap between aspiration and 
reality defines where the next decade of competitive advantage gets created. 

Here's what I've noticed while researching companies navigating this transition… 
the ones building toward the virtual cell (knowing they won't reach it for years) are 
compounding capabilities faster than companies optimizing their current 
experimental workflows. 

This isn't obvious. Building toward distant goals looks inefficient. Why invest in 
something you can't use today? 

But there's a strategic principle most companies miss… the trajectory you're on 
matters more than your current position. 

What would a virtual cell actually do? 

Let's be precise about the aspiration. 
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A complete virtual cell would computationally model any intervention (drug, 
genetic modification, environmental change) and accurately predict: molecular 
responses, cellular reorganization, population dynamics, temporal trajectories, and 
context sensitivity across cell types and disease states. 

Reliably enough that "test it in silico" becomes as trusted as "test it in vitro." 

If this existed, we wouldn't just reduce experimentation, we would eliminate it for 
early-stage discovery. Every successful prediction would train the model. Every 
trained model would enable harder predictions. Biology's equivalent of 
computational fluid dynamics in aerospace: design, test, and optimize entirely in 
simulation. 

We're not there. Not close. 

But the attempt to get there is where value compounds fastest. 

Four barriers nobody's solved. 

Through research for this series about teams and companies attempting this, four 
fundamental technical hurdles emerged: 

1. The Timescale Problem 

Biological processes span 18 orders of magnitude. Femtoseconds (molecular 
vibrations) to years (disease progression). No single simulation handles all scales. 
Molecular dynamics works for microseconds but becomes computationally 
intractable beyond that. Biology doesn't stop between scales. They're all 
happening simultaneously. 

2. The Validation Paradox 

To validate that a virtual cell predicts correctly, you need experimental data. But if 
you need experiments to validate every prediction, the virtual cell hasn't reduced 
experimentation—it's just added a computational step. You must invest heavily in 
experiments before you can stop investing in experiments. 

3. The Complexity Ceiling 

A human cell contains ~20,000 genes, 100,000+ protein species, millions of 
metabolites, trillions of atoms, with spatial organization and stochastic processes at 
every scale. The combinatorial explosion is staggering. Current models solve this 
through radical simplification—each simplification makes the problem tractable 
but loses biology. 

4. The Integration Challenge 

Even with perfect models for each scale, integrating them isn't trivial. Different 
representations, assumptions, temporal resolutions. Current approach: piecemeal 
integration (rBio + TranscriptFormer + GREmLIN). No unified framework connecting 
structure → dynamics → expression → metabolism → spatial organization. 

Nobody has solved these problems. Most won't be solved for years. Some might be 
fundamentally unsolvable at current technology levels. 
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So why are the smartest teams still building toward this? 

What exists today: Strategic fragments. 

Let's be clear, no complete virtual cell exists anywhere. Several groups have 
fragments: 

CZI's Virtual Cells Platform: rBio, TranscriptFormer, and GREmLIN each cover 
"different facets of cellular activity." The platform is infrastructure for integration, not 
an integrated model yet. 

Illumina's Vision: "Build virtual cell models" using the Billion Cell Atlas. The data exists. 
The models are in development. 

Academic Efforts: Whole-cell models like Karr Lab's Mycoplasma genitalium 
(2012)—a bacterium with 525 genes total (482 protein-coding). Human cells have 
approximately 40× more genes (~20,000 protein-coding genes). Scaling from 
bacteria to human cells is non-obvious. 

Fragmentary progress everywhere. Complete solution nowhere. 

Which means… we're in the phase where capability-building compounds fastest. 

The strategic principle most companies miss… 

Here's the pattern I've seen: 

Companies optimizing for current constraints ask: "What's the best experimental 
workflow we can afford right now?" 

They improve incrementally. 5% efficiency gain here, 10% cost reduction there. 
Respectable progress on a flattening curve. 

Companies building toward aspirational goals ask: "What capabilities would we 
need for the world we want to exist in five years?" 

They look inefficient initially. High investment, limited immediate return. But 
something else is happening that doesn't show up in quarterly metrics: 

• They're attracting talent who want to work on frontier problems, not vendor 
management. 

• They're building organizational capabilities that compound (computational 
biology + ML + experimental validation). 

• They're generating proprietary data that becomes more valuable as AI 
platforms improve. 

• They're learning faster because their feedback loops are accelerating, not 
optimizing. 

After three years, the companies on these different trajectories aren't competing in 
the same industry anymore. 
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Two strategic paths (And their trapdoors)… 

Path A: Build toward the virtual cell (Aspirational) 

Who this is for: Companies with $20M+ annual R&D budgets, patient capital, 5-7 
year investment horizon, tolerance for high failure rates in early years. 

What you're building: Computational biology capabilities, proprietary validation 
datasets, organizational learning systems, positioning on exponentially steeper 
capability curve. 

The compound advantage: By the time technology matures (2033-2035), you're 5-7 
years ahead on the learning curve. That gap doesn't close. 

The red flags to notice before Path A Becomes Strategic Suicide: 

Board/investors demand positive ROI within 24-36 months, guaranteeing you'll get 
shut down mid-transition before capabilities mature | You can't hire or retain 
computational biologists at the $400K-500K total compensation level (base $180K-
250K plus equity/bonuses), meaning capability never materializes despite capital 
burn | Your experimental validation capacity is <50% of what you need, meaning 
models get trained on insufficient data producing garbage predictions | Early 
models stay stuck at 40% accuracy for 18+ months with no improvement trajectory, 
signaling your learning rate is too slow | You're burning >$3M/year on compute 
infrastructure and talent but generating zero proprietary datasets because 
validation is bottlenecked | Your organizational culture fundamentally rejects 
"models that are wrong 50% of the time," creating adoption failure where scientists 
won't use the predictions | Competitors achieve similar capabilities via platform 
partnerships (SaaS model) at 1/5th your cost, making your vertical integration 
economically irrational | Your therapeutic area's drug development timelines 
move slower than AI capabilities mature, meaning you've over-invested relative to 
actual market need. 

Early warning signals: Computational biology team turnover exceeds 40% within 
first 24 months | Experimental validation backlog is growing faster than model 
development capacity | Scientists aren't using model predictions for actual 
decision-making (<20% adoption rate in eligible programs) | Proprietary dataset 
generation is 6+ months behind internal plan | Board starts questioning "where's the 
ROI?" at 18-month mark when you're still in capability-building phase | Key 
platforms (CZI, Illumina) announce capabilities that overlap with 60%+ of what 
you're building internally, threatening your differentiation. 

 

Path B: Optimize current workflows + fast follow (Pragmatic) 

Who this is for: Companies with <$20M R&D budgets, capital-constrained, need 
positive cash flow within 24 months, can't sustain 3-5 year negative ROI periods. 

What you're building: Efficient experimental workflows, strong CDMO relationships, 
internal expertise to evaluate and adopt mature platforms when ready (2030-2033). 

The pragmatic advantage: Preserve capital, survive to adopt mature technology, 
avoid early adopter tax and transition failures. 
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The red flags to notice before Path B Becomes Permanent Obsolescence: 

You wait past 2031-2032 and miss the window to build internal evaluation expertise, 
when platforms mature you lack the people who can assess and implement them 
| Competitors building toward virtual cell create 5-7 year capability gap you can't 
close because they've accumulated proprietary datasets and organizational 
learning | You're "optimizing experimental workflows" while unit economics are 
fundamentally shifting underneath you, throwing good money after bad in a 
paradigm that's decaying | Key talent leaves because they want to work on 
computational biology and frontier problems, not vendor management and 
incremental optimization | Platform consolidation leaves 2-3 dominant players 
before you're ready to adopt, shifting all pricing power away from you (you 
become price-takers) | Your CDMO investments ($2M-5M in new relationships and 
facility qualifications) become stranded assets when simulation replaces 
experimentation faster than expected | Your "fast follow" strategy fails because 
frontier capabilities require years of organizational learning you didn't build—you 
can't just buy expertise that takes 3-5 years to develop internally. 

Early warning signals: 3+ direct competitors announce virtual cell initiatives in your 
therapeutic area | Platform pricing for mature capabilities reaches $1M+/year for 
enterprise integration, destroying your "wait for commoditization" thesis | 
Computational biology talent you try to hire in 2030-2032 commands $600K-800K 
total compensation due to scarcity premium | Your drug discovery cycle times are 
2-3x slower than virtual-cell-enabled competitors | Board/investors start questioning 
"why didn't we invest in AI capabilities earlier?" | Acquisition conversations reveal 
you're being valued as "legacy company with good molecules" not "platform 
company with compounding capabilities". 

 

The uncomfortable middle ground (What most companies are actually doing). 

Most companies aren't choosing Path A or Path B explicitly. They're trying to do 
both, "invest in AI capabilities while maintaining current workflows", and burning 
capital on both without committing to either. 

This is the worst strategy. You're not building deep enough capabilities to 
compound advantage (Path A) AND not preserving enough capital to fast-follow 
successfully (Path B). 

The trapdoor: Mediocre execution of ambitious strategy creates same outcome as 
doing nothing, but costs 3x more. 

Critical decision leaders should consider… Picking Path A or Path B explicitly. 
Resource them fully. Don't half-commit to both. 

The 10-year timeline (industry consensus projection). 

Let's be realistic about timelines based on current trajectories in biological 
compute: 

2026-2028: Fragmentary integration. Multiple specialized models with basic 
connections. Validated predictions for simple systems. Drug discovery showing ROI 
for specific applications. 
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2029-2032: System-level simulation. Multimodal models covering major cellular 
processes. Validated predictions for mammalian cells. Drug discovery relying 
heavily on simulation for lead optimization. 

2033-2035: The Holy Grail era. Mature virtual cell platforms with broad validation. 
Most drug discovery computational. Experiments primarily for final validation. 

The strategic question isn't "will virtual cells work?" It's "do we want to be building 
capability in 2026-2028 or buying it in 2033-2035?" 

The first option compounds organizational capability, learning rate, and strategic 
positioning. 

The second option pays premium prices for mature technology with no 
differentiation. 

The BIOSECURE connection… 

BIOSECURE didn't just disrupt vendor relationships. It revealed which companies 
were building for 2035 and which were optimizing for the 2020-era experimental 
paradigm. 

Companies optimizing for 2020-era paradigm: Finding alternative CDMOs, 
rebuilding experimental capabilities domestically, maintaining the same discovery 
model with different vendors. And the result… they've solved the immediate 
problem while reinforcing a paradigm that's decaying. 

Companies building for 2035: Investing in computational biology talent, building 
data infrastructure, developing proprietary integration capabilities, treating every 
experiment as training data. And the result… they're solving for a different 
constraint entirely. 

The gap compounds yearly. By 2030, they'll be operating in different industries. 

Some companies that "successfully" navigated BIOSECURE by transitioning to Indian 
CDMOs might have made a strategic error disguised as operational success. They 
bought 3-5 more years of the old model. The companies building computational 
capabilities bought positioning for the new model. 

Sometimes survival isn't success. Sometimes survival is just slower failure. 

Five questions to ask. 

If you're evaluating whether to build toward aspirational goals or optimize current 
constraints: 

1. What's the trajectory, not the position? 

Are your strategic options expanding or contracting? Companies optimizing for 
current constraints progressively limit what they can do. Companies building for 
aspirational goals expand their option space. 

2. What capabilities are you building that compound? 
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Vendor relationships don't compound, they're transactional. Computational 
capabilities compound, each successful model makes the next model easier. What 
are you building that gets easier over time, not harder? 

3. Where does the talent want to be in five years? 

The best computational biologists don't want to optimize CDMO workflows. They 
want to build virtual cells. The companies attracting frontier talent are signaling 
where the industry is going. 

4. Can you survive 3-5 years of negative ROI before capabilities pay off? 

This is the brutal honesty question. If the answer is no, because of board pressure, 
capital constraints, or organizational culture, then Path A will kill you. Choose Path B 
explicitly and execute it well. 

5. What are the specific conditions under which your chosen path would fail, and 
can you monitor for them quarterly? 

Path A fails when: talent churns, adoption stalls, datasets don't materialize, board 
loses patience. 

Path B fails when: you wait too long, platforms consolidate, talent gap becomes 
insurmountable, competitors build unassailable leads. 

Set up monitoring. Define pivot triggers. Don't let sunk cost fallacy kill you. 

The pattern beyond Bio-Tech… 

This series examined one industry's inflection point, but the pattern is universal. 

The lesson isn't: 

• "Avoid 'eastly geopolitical shaken' partnerships". 

• "Invest in AI". 

• "Build virtual cells". 

The lesson is: 

• Systems compound in whichever direction they're moving. 

• Decay loops feel like efficiency until they break. 

• Acceleration loops feel like risk until they compound. 

• The companies that see compounding patterns early position on exponentially 

better trajectories. 

• Loop reversals are uncomfortable but often necessary. 

• Sometimes survival isn't success—sometimes it's just slower failure. 

Every industry has its decay loops disguised as efficiency. Every industry has 
acceleration loops disguised as expensive risk. 
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The companies that develop the capability to see which is which, before external 
shocks force the issue, compound value. The companies that can't see the 
difference compound vulnerability. 

Your BIOSECURE moment. 

BIOSECURE forced Bio-Tech to reckon with a loop it had been stuck in for 15 years. 

Your industry might not get a forcing function. You might have to see the loop 
yourself and choose to exit it before conditions force you. 

That's the harder path. It's also the path that compounds the most value. 

Ask yourself: 

What would be different about your business if you could see three years into the 
future and knew which of your current "efficient" decisions were actually 
compounding fragility? 

You can't see the future. But you can identify which loops are accelerating and 
which are decaying. You can recognize when comfortable efficiency is 
accumulating risk. You can measure whether your strategic options are expanding 
or contracting. 

The question is: will you act on what you see, or wait until the market forces the 
correction? 

What this series revealed? 

Across four articles, we traced Bio-Tech's AI transition through a specific analytical 
lens, identifying decay loops versus acceleration loops, measuring which strategic 
paths compound capability versus accumulate fragility. 

Article 1 showed how BIOSECURE exposed a 15-year dependence loop, and how 
the Billion Cell Atlas + NVIDIA partnership creates an acceleration loop alternative. 

Article 2 revealed six strategic paths for dynamics prediction (three conventional, 
three asymmetric), with red flags showing when each path fails and when to pivot. 

Article 3 identified three asymmetric collaboration moves for multimodal 
integration, Data Cartels, Vertical Domination, Consortia, with trapdoors showing 
how collaboration compounds differently than solo strategies. 

Article 4 forced the binary choice between building toward impossible goals versus 
optimizing current constraints, revealing that both paths work if you have the right 
pre-conditions, but half-committing to both is the most expensive failure mode. 

The through-line of the series is that in every case, the companies winning aren't the 
ones with the most resources, they're the ones seeing which loops compound 
capability versus accumulate fragility, and choosing trajectories deliberately. 

The analytical approach in this series, identifying compounding patterns, 
recognizing decay loops before they break, choosing trajectories that expand 
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rather than contract strategic options, applies wherever compounding dynamics 
shape strategic outcomes. 

Which is everywhere that matters. 

The work ahead. 

If you're navigating your own transition, trying to see whether you're in a decay 
loop or acceleration loop, evaluating which strategic path matches your 
constraints, identifying when to force reversals before external shocks do the 
forcing for you, that's the terrain we navigate at Pond29. 

Not as consultants applying standard frameworks… but as strategic partners 
helping you see your business clearly enough to choose which loops to reinforce 
and which to exit, before the choice gets made for you. 

The companies that navigate transitions successfully aren't the ones with the most 
resources. They're the ones that see the loops early and choose their trajectory 
deliberately. 

BIOSECURE forced that in Bio-Tech. Yet the principle applies everywhere. 

If you're mapping your own loops, or navigating terrain where the map is unclear, 
let's talk. 

Key Sources: 

1. Nature Vol 643 (June 27, 2025): "Can AI build a virtual cell?" by Ewen 
Callaway—examining the shift from protein folding to whole-cell modeling 

2. Cell (Karr et al., 2012): "A Whole-Cell Computational Model Predicts Phenotype 
from Genotype"—M. genitalium with 525 genes (482 protein-coding) 

3. Bioinformatics Salary Guide 2026: Senior computational biologists $180K-250K 
base, $400K-500K total compensation for elite talent 

4. Industry benchmarks: Enterprise AI platform pricing typically $1M+/year for full-
stack biological modeling integration 

5. Timeline projections: Industry consensus based on biological compute CAGR 
and current model development trajectories 

 

About the Author Raanan Shanhav: 

These observations come from strategic advisory work with life sciences companies 
navigating technological transitions. The analysis draws on pattern-recognition 
developed through analysis process that identify where apparent efficiency masks 
systemic fragility, and where uncomfortable transitions unlock compounding 
growth. Views expressed are personal perspectives on an industry at an inflection 
point. 
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What we do: Our solutions / The instruments 

We are not just writers. We are mechanics. We are operators. 

For select organisations, we intervene manually to break the chain of decay. We identify the decisive 
loops suffocating under bureaucracy and inject the readiness to restart them. But manual 
intervention is surgery. To survive in a non-ergodic world, you do not need a surgeon on retainer; you 
need a new nervous system. 

That is why we are building The CompounderOS. 

This is not a consulting tool. It is an automated, always-on sensor array that ingests the raw physics of 
your business. It connects to your digital exhaust, your email, Slack, calendar, and ERP, and fuses it 
with external market volatility signals. 

It ignores your KPIs. Instead, it hunts for State Changes. 

It triangulates the million-dollar signal that no human eye can catch: the exact moment a specific 
loop shifts from "Ordinary" to "Decisive." It detects external tremors (a competitor moves, a rate hike) 
and cross-references them with your internal friction (a spike in meeting density, a lag in decision 
speed). 

It gives you the one capability that separates the dead from the living: Pre-Cognition. 

It tells you: "The pricing loop is heating up. External volatility is high. Internal latency is spiking. This is a 
Decisive Loop. Intervene now." 

We are moving the discipline of renewal from an art form to a physical instrument. We are building 
the seismograph for the corporate soul. 

The era of managing by blind averages is over. We are engineering the sight to replace it. 
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In ~10 days, we can identify your 3–5 decisive loops, baseline internal delay and time-to-adoption, and show precisely 
where “lost weeks” are leaking from enterprise value in a board-ready action map. 

To find out more about “The Compounder’s Law”: Böhi, Daniel and Shenhav, Raanan (2025): Compounder’s Law: 
Engineering Competitive Advantage with Endogenous Loops and Psychological Capital; 
https://www.researchgate.net/publication/395442105_Practitioner_Manuscript. 

 

 

 

 

 

 

 

 

 

 

 

 

Get in touch! 
To sign up for the “Loophole Letters” or if you would like to discuss a specific topic in 

greater depth, please get in touch with Dr. Daniel M. Böhi or Raanan Shenhav: 
info@pond29.com 

 

 
Disclaimer: Text edited and corrected by ChatGPT. Image generated by ChatGPT. 


