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YOUR GUT BACTERIA CAN SILENTLY INACTIVATE YOUR
MEDICATION

Clinical Reality: 30-60% of patients fail to respond to standard drug therapies
Hidden Culprit: Gut microbiome metabolizes drugs before they reach therapeutic targets
Real Examples:

Digoxin (heart failure Levodopa
drug) (Parkinson’s drug)
Eggerthella lenta Irinotecan Gut bacteria degrade Pembrolizumab
inactivates it leading to (ch 56% before reaching the
, chemotherapy : (cancer
treatment failure [1] drug) brain [4][5] immunotherapy
drug)

Clostridium perfringens
reactivates it leading to
severe toxicity [2][3]

Absence of Akkermansia
muciniphila in the gut
leads to primary
resistance [6][7]

The Disconnect: Precision medicine ignores the 100 trillion microbes in your gut



DRUG-MICROBE RESEARCH IS TRAPPED IN A REPRODUCIBILI
CRISIS

The Current State:

e Fragmented Tools: Researchers chain 8-12 different tools manually
e No Standards: Every lab has custom scripts which is irreproducible across institutions
e Data Black Holes: No provenance tracking means we can't validate predictions
e Clinical Translation Bottleneck: Takes 5+ years from microbiome discovery to a clinical tool
The Numbers:
9/10 2.6-6B Zero
[
Cohorts failed to replicate Cost to bring a single drug to market - End-to-end frameworks
a key microbiome finding yet microbiome interactions are ignore exist for
when the same methods in trial design despite PK failures pharmacomicrobics
were applied to accounting for 10% of all trial failures
independent datasets [8] [9][10]
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Built on T

R e p rOd u Ci b i I ity Environment Drift Ilzgﬁzzrtggrstainers with version
-First Design
Principles

Parameter Archaeology Nextflow DSL2 with embedded
parameter tracking

Data Provenance Mystery JSON-LD provenance graph
auto-generated for every run

Standards Compliance:
Cross-platform Failure Tested on HPC and local

. FAIR data principles (Findable, Accessible, machines

Interoperable, Reusable)

« nf-core best practices, CI/CD, version control,
automated testing)

o Containerized at every step




What Clinicians See

RxBiome — Patient Drug-Microbiome Risk Report
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Cohort Heatmap

e  Population-level risk patterns
e Drug-prioritization by mean risk
e  Clinical decision support at scale

*Mockups generated using Nano Banana 2



Every Prediction is
Traceable Key Clinical Insights

RRREE = RN EApra g e TR -  Drug-specific risk stratification
€ Not generic “microbiome health
‘ scores”

e

Input hash: md5:3bc?7..

Timestamp: 2026-03-09 01:14 UTC . . . .

- = =>  Mechanistic attribution
B fastp v0.23.4

FASTQ_001.02 |

KneadData v0.12

oy -  Actionable dosing guidance
€  Quantitative PK impact predictions

=== €  Which bugs? Which enzymes? Why?

@ Input file
@ Processing tool
@ Interaction engine

= -  Exportable for EHR integration
€  Structures JSON-LD outputs

Provenance Graph

e  Full computational lineage
e  FAIR-compliant audit trail
e  Reproducible in any lab

*Mockups generated using Nano Banana 2



The Value Proposition

For Research Labs: For Pharma: For Precision Medicine:
- Cut analysis time from 3 weeks to hours - De-risk clinical trials by stratifying patients - Enable true personalized dosing (not just
- Guarantee cross-cohort reproducibility by microbiome drug metabolism genetics - microbiomics)
- Auto-generate publication-ready figures - Reduce adverse event rates (irinotecan - Bridge the 5-year gap between
toxicity hospitalizes 1 in 3 patients at $8,200 microbiome research to clinical translation
per admission) [18-20] - Support regulatory-grade decision making

- Accelerate pharmacomicrobiome biomarker
discovery
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